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Quantitative ultrasound imaging for
predicting response and guiding
personalized neoadjuvant chemotherapy
in breast cancer: randomized phase 2
clinical trial results
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Quantitative ultrasound (QUS) detects early tumor microstructural changes during neoadjuvant
chemotherapy (NAC), enabling personalized treatment adaptation. This study assessed the accuracy
of machine learning models using serial QUS data to predict treatment response and evaluated their
feasibility for guiding treatment personalization. This single-center, phase 2 randomized controlled
trial (clinicaltrials.govNCT04050228, Dec/2019) enrolled stage II–III breast cancer patients planned for
standard NAC. QUS imaging was performed at baseline and week 4, with the latter used for response
prediction. Patients were randomized 1:1 to standard or experimental arms, stratified by hormone
receptor status. In the standard arm, oncologistswereblinded toQUS results. In the experimental arm,
predictions were disclosed to allow treatment modification at week 4. Final response was determined
histopathologically (>30% tumor reduction or <5% cellularity). Between June 2018 and September
2023, 146 patients were enrolled, and 120 randomized (standard: 57, experimental: 63). Response
rates were 93.0% (standard) and 96.8% (experimental). The model achieved 92% accuracy, 83%
sensitivity, 93% specificity, and 99% positive predictive value. In the experimental arm, 8/63 patients
were predicted non-responders, with 4 undergoing treatment modification. QUS-based machine
learning enables accurate early response prediction and supports adaptive treatment strategies in
future trials.

Neoadjuvant chemotherapy is the standard treatment approach for patients
with locally advanced and inoperable breast cancer and is the preferred
option for those with human epidermal growth factor receptor 2 (HER2)
positive or ‘triple negative’ operable breast cancer, as they are known to have
an increased risk of distant recurrence1–3. One benefit of neoadjuvant
treatment is tumour down-staging, which can improve operability, facilitate

breast conservation, and allows for the de-intensification of axillary treat-
ment in cases where there is a response in involved lymph nodes. In addi-
tion, neoadjuvant chemotherapy allows for the in vivo assessment of
treatment response, enabling the identificationof patientswhohave residual
disease after systemic therapy, which guides further adjuvant treatment
decisions. This is particularly important, as randomized controlled trials
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have demonstrated that intensified adjuvant systemic therapy in patients
with residual disease significantly reduces the risk of relapse and improves
survival, especially in those with triple-negative breast cancer (TNBC) or
HER2-positive breast cancer4,5.

While neoadjuvant treatment provides valuable prognostic informa-
tion at the individual patient level, it may take multiple treatment cycles to
identify patients who are not responding to chemotherapy, and decisions
regarding treatment intensification are typically deferred until after che-
motherapy completion and tumour resection. Currently, no clinical, radi-
ological, or pathological test can reliably predict the response of an
individual specific tumour before or shortly after treatment begins. How-
ever, a test capable of predicting response very early in treatment course
could enable personalized adjustments, such as sparing patients from
ineffective therapy and facilitating a timely switch to more effective
treatment.

Serial quantitative ultrasound (QUS) imaging emerges as an
appealing modality for monitoring tumour response due to its ability
to non-invasively detect early changes in tissue microstructural
properties (such as arrangement, density, and elasticity) following
chemotherapy administration6–13. These changes can serve as early
indicators of response or resistance to therapy. Previously, a pro-
spective study was conducted in which up to 200 breast cancer patients
undergoing neoadjuvant treatment were scanned with serial ultra-
sound imaging before and during chemotherapy6,7. Utilizing QUS
texture analysis features extracted from ultrasound image radio-
frequency (RF) data of the primary tumour, machine learning algo-
rithms were developed that predicted the response to treatment within
the first month of neoadjuvant chemotherapy with 90% accuracy6,7.

In the current phase 2 clinical trial, these machine learning
algorithms were used to predict tumour response at the 4th week of
neoadjuvant treatment14. Patients were randomized to have their
response prediction results disclosed (experimental arm) or not dis-
closed (observational arm) to the treating medical oncologist, with
modification of neoadjuvant treatment allowed in the experimental
arm at the medical oncologist’s discretion. The aim of this study was to
assess the accuracy of the prediction model and the feasibility of using

these machine learning models in clinical practice to adapt treatment
management early in the treatment course.

Results
Studied population and response rate
A total of 188 patients were screened for study eligibility, with 146 patients
ultimately enrolled in the study and randomized evenly into two arms, with
73patients in each, between June2018 andSeptember 2023. Sixteenpatients
in the observational arm and ten in the experimental arm were excluded,
primarily due to the unavailability of complete image data, leaving 57
patients in the observational arm and 63 patients in the experimental arm
for analysis. Patients were followed until February 2024. The CONSORT
diagram is shown in Fig. 1.

Baseline characteristics were similar in both arms (Table 1, Supple-
mentaryTables 1 and2). Themedian age in both armswas 50 years (24–80).
The median primary tumour size was 3.7 cm (1.7–12.0 cm) in the obser-
vational arm and 4.7 cm (1.8–11.2 cm) in the experimental arm. The most
common molecular subtype was estrogen receptor (ER)-positive, proges-
terone receptor (PR)-positive, and HER2-negative, representing 56.1% of
the patients in the observational arm and 46% in the experimental arm. The
most common neoadjuvant treatment regimen among all patients analysed
was dose-dense AC-T (±H) (63%), followed by FEC-D (±H) (28%) and
KEYNOTE 522 (6%). The response rate was 93% in the observational arm
and 97% in the experimental arm. When the response was assessed
according to RECIST 1.1 criteria, the rates of complete response, partial
response, stable disease, and progressive disease were 30%, 49%, 14%, and
7% in theobservational armand27%, 57%, 13%, and3% in the experimental
arm, respectively.

Representative QUS results are presented in Fig. 2. The figure
demonstrates typical changes in select QUS parameters colour-coded
and overlaid on B-mode ultrasound images for a responding patient
and a typical non-responding patient. Results presented include those
from before treatment and at 4 weeks after the start of treatment. As is
visually evident, there were obvious changes in the parametric images
for the responding patient, whereas the non-responding patient results
were invariant. Supplementary Figs. 1 and 2 present a gallery of

Fig. 1 | Trial consort diagram.
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additional patient data for additional representative responding and
non-responding patients.

Response prediction
Figure 3 presents classification results for all patients showing their Class
Score, representing their response-prediction score and the associated
hyperplane distance. The hyperplane distance is the distance from a
patient’s score and the mean of the associated training data for a responder
or non-responder. Figure 3 highlights with colour-coding those patients
who had a “weak” clinical tumour response—in which either there was a
diminishment in tumour size but not necessarily cellularity or, more
commonly, there was a diminishment in cellularity to less than 10% but not
necessarily a response-related (>30%) diminishment in tumour size. Many
of these patients have class scores close to an indeterminate score—the
threshold at which responders cannot be well differentiated from non-
responders (Fig. 3).

A breakdown of response predictions by patient group and study arm
is presented inTable 2. Theperformancemetrics of thepredictionmodel are
summarized in Table 3, with an accuracy of 92%, sensitivity of 93%, spe-
cificity of 83%, positive predictive value of 99%, and negative predictive
value of 38% in all but switched patients or performancemetrics of accuracy
of 93%, sensitivity of 93%, specificity of 100%, positive predictive value
of 100%, and negative predictive value of 50% (Supplementary Fig. 3,
Tables 2 and 3). Figure 4 delineates the anticipated and actual reactions of
each patient, categorized by study arm and therapy modification, while

Table 4 offers descriptions of the misclassified individuals. Simplified ver-
sions showing class scores and Sankey figures using only two patient classes
are presented in Supplementary Figs. 4 and 5.

Misclassified patients
Data indicated thatmostmisclassified patients hadunusual tumour features
such as tumour necrosis (1 patient), mucinous features (2) patients, or were
patients who demonstrated a weak tumour response to treatment (5
patients). Figure 4 also presents the associated histopathology for patients
and there did not appear to be any correlation between misclassification of
results and histological subtype.

Treatment modification
Eightpatients in the experimental armwerepredicted tobenon-responders,
and ultimately, 4 (50%) had their treatment modified during the course of
neoadjuvant chemotherapy. One patient prematurely switched fromAC to
T after 2 cycles and then underwent surgery after completing all 4 cycles of
biweekly paclitaxel; another switched from AC to T after 2 cycles and
subsequently underwent surgical resection after a single cycle of biweekly
paclitaxel; and the third switched fromAC toT after 3 cycles andunderwent
surgical resection after 11 cycles of weekly paclitaxel. On the final specimen,
they were found to have a tumour response. In addition, one patient in the
experimental arm was predicted to be a responder (but close to being
indeterminate near the threshold for discriminating response and non-
response), however, the medical oncologist decided to stop FEC-D pre-
maturely based on the class score being close to indeterminate and proceed
with early resection, and the patient achieved a response as previously
predicted. The details are provided in Fig. 5 and Supplementary Table 3. In
the observational arm, 7 patients were predicted to be non-responders. Of
these, 4 were actual non-responders, and 3 were “weak” responders. In the
experimental adapted arm, 3 patients that were predicted to be non-
responders had their treatment modified, and either tumours responded
(n = 3) or, in the case of a responder predicted to be near borderline inde-
terminate, had their tumour removed surgically early (n = 1) despite
responding, with that patient then undergoing different adjuvant therapy
afterwards. In the Experimental non-adapted arm, there were 5 patients
predicted to be non-responders. One (n = 1) remained a non-responder,
one (n = 1) was an actual “weak” responder. Three (n = 3) were actual
responders, but their response prediction classification as non-responders
was borderline.

Prediction class scores versus size changes
A comparison was made between class scores for patients and early size
changes (assessed at week 4) of chemotherapy contrasting sizes at that point
with those immediately preceding the initiation of chemotherapy. That data
suggested that responders (both complete responders and partial respon-
ders) generally exhibited a reduction in the tumour size as well as a pre-
dictive class score. Most non-responders demonstrated an initial
diminishment in tumour size similar to responders (Fig. 6). The latter
changed during therapy, as indicated by comparing tumour size changes
many months later with sizes immediately before surgery compared to
tumour sizes measured immediately before starting chemotherapy (Sup-
plementary Fig. 6). Tumour size changes were mostly significant between
different groups pre-operatively and amongst fewer groups at week 4 after
starting chemotherapy (data provided in Tables 5 and 6 and Supplementary
Tables 4 and 5). At 4 weeks after starting chemotherapy the Spearman
correlation coefficient was 0.17, indicating a weak correlation between
tumour size change and the computed class score but was not significant
with a p-value of 0.07. After chemotherapy, a Spearman correlation coef-
ficient for the relationship between tumour size change and quantitative
ultrasound class score was 0.07 with a p-value of 0.48. In order to better
compareQUSversus size changes alone in termsof predictive correlations, a
group-wise analysis was conducted. At week 4 no size changes for different
response groups (Table 5, supplementary table 4) were statistically sig-
nificant. However, for QUS predictors class scores for certain comparisons

Table 1 | Patient, disease, and treatment characteristics for
patients in observational and experimental arms

Characteristic Observational
arm (n = 57)

Experimental
arm (n = 63)

Total
(n = 120)

Age (years)

Median (Range) 51 (29–73) 50 (24–80) 50 (24–80)

Side

Right 31 (54.4%) 31 (49.2%) 62 (51.7%)

Left 25 (43.9%) 32 (50.8%) 57 (47.5%)

Bilateral 1 (1.8%) 0 (0.0%) 1 (0.8%)

Initial tumour size (cm)

Median (Range) 3.7 (1.7–12.0) 4.7 (1.8–11.2) 4.0 (1.7–12.0)

Molecular markers

ER/PR+HER- 32 (56.1%) 29 (46.0%) 61 (50.8%)

ER/PR+HER+ 6 (10.5%) 7 (11.1%) 13 (10.8%)

ER/PR- HER+ 8 (14.0%) 9 (14.3%) 17 (14.2%)

ER/PR/HER - 11 (19.3%) 18 (28.6%) 29 (24.2%)

Histological type

IDC 50 (87.7%) 58 (92.1%) 108 (90.0%)

ILC 3 (5.3%) 1 (1.6%) 4 (3.3%)

Other 4 (7.0%) 4 (6.3%) 8 (6.7%)

Chemotherapy

AC-T 26 (45.6%) 31 (49.2%) 57 (47.5%)

AC-TH 9 (15.8%) 9 (14.3%) 18 (15.0%)

FEC-D 10 (17.5%) 13 (20.6%) 23 (19.2%)

FEC-DH 4 (7.0%) 6 (9.5%) 10 (8.3%)

KEYNOTE-522 4 (7.0%) 3 (4.8%) 7 (5.8%)

Other 4 (7.0%) 1 (1.6%) 5 (4.2%)

Treatment response

Responder 53 (93.0%) 61 (96.8%) 114 (95.0%)

Non-Responder 4 (7.0%) 2 (3.2%) 6 (5.0%)
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were statistically significantly different, indicating quantitative ultrasound-
based class score were predictive of response, not size changes. Only pre-
operatively, manymonths later, did size changes becomemore evident and
were statistically significantly different in several comparisons between
response groups (Table 6, Supplementary Table 5).

Discussion
This phase 2 randomized controlled trial demonstrated the feasibility of
using QUS-guided radiomics to predict breast cancer response to neoad-
juvant chemotherapy. Our machine-learning algorithms were highly
accurate (92%), sensitive (93%), and specific (83%).Thesefindings indicated
that serial QUS, combined with radiomic-based machine learning, can be
used as a valuable non-invasive tool formonitoring therapeutic effects early
during treatment and predicting at the start of neoadjuvant chemotherapy
course which patients will respond to treatment.

Over the past decade, the field of radiomics, which involves the
quantitative analysis of medical images, has shown great promise in
developing biomarkers for prognosis andprediction inoncology. This study
utilized a response-monitoring model based on a Support Vector Machine

with a Radial Basis Function (SVM-RBF) algorithm to monitor early
response and predict ultimate treatment responses. The classifier was built
using four texture features from QUS parametric images acquired four
weeks after the start of 4–5 months of neoadjuvant chemotherapy from a
separate cohort of up to 200 patients, separate from the patients enrolled in
this study7,15,16. This algorithm had previously demonstrated a cross-
validated accuracy of 90%7, and the performance using the entirely inde-
pendent separate dataset in the work here achieved an accuracy of 92%.

This study is the first to investigate using a QUS radiomics-guided
approach in a relatively large cohort of patients for personalizing neoad-
juvant treatment. Traditionally, metabolic imaging techniques like positron
emission tomography (PET) have been used to predict early responses to
neoadjuvant chemotherapy. For instance, in the AVATAXHER phase 2
randomized trial, fluorodeoxyglucose (FDG) scans were conducted before
the second cycle of neoadjuvant chemotherapy in patients with HER2-
positive breast cancer17. PET-identified non-responders were then ran-
domly assigned to either intensify therapywith the addition of bevacizumab
or to continue with the existing docetaxel and trastuzumab regimen. The
addition of bevacizumab led to higher pathological complete response rates

Fig. 2 | B-mode imaging and corresponding QUS-parametric maps (colour
coded) at different experimental times (pre-treatment or week 0 (W0), and week
4 of neoadjuvant chemotherapy (w4)) for one representative patient from
responder (R) and non-responder (NR) groups. The scale bar represents a length
of 2 cm. The colour bar indicates the range of parametric colour overlay: MBF range

was from −9.6 dB to 34.0 dB, SS range was from −5.7 dB/MHz to 1.6 dB/MHz, SI
range from −7.3 dB to 49.0 dB, AAC range was from 20.2 db/cm3 to 81.6 db/cm3,
ASD range was from 40 to 171 μm. MBF mid-band fit, SS spectral slope, SI spectral
intercept, AAC average acoustic concentration, ASD average spectral diameter.
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(44% versus 24%), highlighting the potential for personalized early treat-
ment intensification. Compared to PET, QUS offers the benefits of being a
lower-cost, faster, and portable imaging modality with fewer technical
challenges, making it a promising option for implementation in clinical
practice.However, PETcanbemore readily used forwhole-body imagingof
responses to treatment. Othermodalities, including CT andMRI, have also
been investigated for therapy response prediction and monitoring18.

The results observed in this trial reflectQUS’s capability to identify and
quantify early microscopic changes in tissue microstructural properties
following chemotherapy administration6–13. Most patients in the develop-
ment cohort7 and this clinical trial responded to chemotherapy, allowingour
models to be extensively trained to identify responders, for the continuance
of chemotherapy. As a consequence, the model correctly identified 102 of
the 103 patients predicted to be responders in this trial, demonstrating that
the methodology rarely misclassifies responders as non-responders. How-
ever, due to the small number of non-responders in both cohorts, themodel
was less effective at identifying non-responders. Consequently, the current
study correctly identified only 5 of the 13 patients predicted to be non-
responders, yielding a negative predictive value of 38%. The majority of
misclassifiednon-responderswere “weak” responderswithapredictive class
score close to indeterminate. In addition, the predictions were based on
ultrasound data obtained during the first phase of chemotherapy. Most
patients who responded during their first phase of chemotherapy (anthra-
cycline-based) continued to respond during their second phase (taxane-
based). There, however, may be a subset of non-responders who do not
respondduring theirfirst phase butdo soduring their secondchemotherapy
phase. This may be responsible for the negative-predictive value results and
highlights the limitations of binary classificationmodels in complex clinical
scenarios, where some patients show mixed or incomplete responses to
therapy.

Additional research conducted outside this trial has enabled the dif-
ferentiation of patients exhibiting a partial response from those with a
complete response at 4 weeks after the start of therapy. It may be possible,

Fig. 3 | Detailed class score plot. Individual patient
predictions based on predictor class scores at week 4
for patient response. R indicates the zone (negative
class score) for predicted response, andNR indicates
the zone (+ve class score) for non-response.
Responder, complete responder and non-responder
are defined as per RECIST criteria.Weak responders
were borderline in regards to size changes (±5%) or
had significantly diminished cellularity (5% or less)
but did not meet size criteria.

Table 2 | Patient predicted and actual responses to neoadjuvant chemotherapy

Response Study arm

Predicted Actual Observational Experimental—non-adapted Experimental—adapted

Non-Responder Non-Responder 4 1 0

Non-Responder Responder 4 4 3

Responder Responder 49 53 1

Responder Non-Responder 0 1 0

True Positives: 102; False Negatives: 8; True Negatives: 5; False Positives: 1.

Table 3 | Classifier performance of QUS-radiomics model at
week 4 of neoadjuvant chemotherapy for observational
patients only (n = 56) and for entire population except
switched patients (N = 116)

Parameter Observational
patients (N = 56)

Entire population
except switched
patients (N = 116)

Value 95% CI Value 95% CI

Sensitivity 0.93 (0.81, 0.97) 0.83 (0.42, 0.98)

Specificity 1.00 (0.40, 1.00) 0.93 (0.86, 0.96)

Positive predictive value 1.00 (0.93, 1.00) 0.99 (0.94, 1.00)

Negative predictive value 0.50 (0.28, 0.72) 0.38 (0.18, 0.64)

Accuracy 0.93 (0.83, 0.98) 0.92 (0.86, 0.96)

Confidence intervals were calculated using the Agresti-Coull interval.
CI Confidence interval.
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with continued researchand scanning of additional patients,may enable the
differentiation between responders from those exhibiting a poor or delayed
response to neoadjuvant chemotherapy.

In the experimental arm of this study, clinicians had the discretion to
adapt treatment based on the prediction results. Among the 8 predicted
non-responders in the experimental arm, only 4 patients (50%) had their
treatment modified based on the prediction, while the other 4 continued
with the original chemotherapy regimen.Of those 4non-adapted patients, 3

were found to have a tumour response on the final specimen. Treatment
modifications primarily included premature interruption of chemotherapy
and early surgical resection rather than treatment intensification with
additional chemotherapy drugs or a change to a different regimen. Due to
the small number of patients who had their treatment adapted based on the
prediction, and also the fact that 3 out of 4 non-adapted patients ultimately
responded to treatment, the study here did not focus nor could determine
whether modifying the chemotherapy regimen guided by the prediction

Fig. 4 | Trial Sankey diagram. Sankey diagram for
predicted response at week 4 using QUS-radiomics
model with the final response on an individual
patient basis. Individual tiles indicate response type
(actual (A) or predicted (P)) and tumour histo-
pathological type. In the experimental arm, 59/63
patients were not adapted based on information
provided to their oncologist, whereas 4/63 were
adapted. Colour tiles in the first two columns indi-
cate complete responders, responders, and non-
responders as per RECIST. Weak responders were
borderline in regards to size changes (±5%) or had
significantly diminished cellularity (5% or less) but
did notmeet size criteria. The third column indicates
tumour histopathological type (invasive ductal car-
cinoma, mucinous type, invasive lobular carcinoma,
ductal carcinoma in situ in over 50% of tumour
volume, micropapillary type and other).

Table 4 | Summary of misclassified patients(a)

Patient number Arm W4 Prediction Response Notes

O-47 O NR R Complete response. Prediction accuracy 54.5%, prediction class score close to zero.

O-48 O NR R Size reduction 26%, post-treatment cellularity 16%. Weak response.

O-53 O NR R Sized reduction 42%, post-treatment cellularity 70%. Weak response. Post-operative note indicated residual
intraductal extension.

O-55 O NR R Size reduction 20%, post-treatment cellularity 15%. Weak response.

EAN-8 E NR R Complete response.

EAN-39 E NR R Size reduction 32%, post-treatment cellularity 23.3%. Weak response.

EAN-43 E NR R Prediction accuracy 81.8%. Extensive tumour necrosis.

EAN-47 E NR R Mucinous. Large initial size (4.9 cm). Size reduction 35%, post-treatment cellularity 11.8%. Weak response.

EAN-56 E R NR Large initial size (5.5 cm). Size reduction 22%, post-treatment cellularity 8.5%. Weak response. Mixed ductal
and lobular carcinoma. Examination of images suggests that ductal regions had a greater response than
lobular regions.

EAA-57 E R R* Mucinous. Prediction accuracy 83%, prediction class score close to zero.
aTogenerate robustpredictions, elevenmodelswere trainedusingbalancedsubsetsof the trainingdataset. For each independentpatient, treatment responsewaspredictedusingamajority votingstrategy
across the outputs of the eleven models. Therefore, the individual prediction accuracy was determined by the proportion of models (out of eleven) that agreed with the majority-predicted response.
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model could improve clinical outcomes (i.e., disease-free survival, overall
survival). Nevertheless, the delivery of chemotherapy that has cytotoxic
efficacy is the fundamental tenet on which success in medical oncology is
based. That stated, for the 4 patients 3 are alive with survivals of 4.5, 6, and 6
years. One patient did succumb to widespread metastasis after 2 years. Due
to the lack of direct comparison of outcomes between patients predicted to
be non-responders who underwent treatment modification versus those
who did not, the actual causal benefit of QUS-guided treatment modifica-
tion on long-term patient outcomes (e.g., disease-free survival, overall
survival) cannot be clearly quantified at this time.

In the GeparTrio trial19, patients whose tumours showed less than 50%
shrinkage by conventional B-mode ultrasound after two cycles of neoad-
juvant chemotherapy (docetaxel, doxorubicin, and cyclophosphamide)
were randomized to either continue the same treatment or switch to an
alternative regimen with vinorelbine and capecitabine. While this adaptive

strategy did not lead to higher pathological complete response rates, the
negative resultsmay be attributed to uncertainties regarding the best timing
for assessing response, the most appropriate imaging technique, and the
optimal intensification regimen. Despite this, early treatment adaptation
remains a promising concept that deserves further exploration. Therefore,
future QUS-guided adapted studies could focus on pre-specifying an
intensified chemotherapy regimen (duration or dose) for those predicted to
be non-responders rather than leaving treatment modifications at the
physician’s discretion.This approachwouldbe important for comparing the
impact of QUS-guided treatment changes, assessing success in converting
non-responders into responders, and determining whether it provides
disease-free survival benefits with the intensified regimen.

The study here also indicated that quantitative-ultrasound-based
measures of response occur in advance of any size-based changes which
become evident mostly pre-operatively after the completion of

Fig. 5 | Clinical histories of adapted patients. A Schematic diagram for the
administration of standardAC-T chemotherapy.Weeks are shown from left to right.
Typical durations are illustrated. B–E The four patients in the Experimental Arm
thatwere adapted (EAA-26, EAA-27, EAA-28, andEAA-57) in Fig. 4. In (B), ACwas

shortened to move to T; in (C), the AC and T were shortened to move to surgery; in
(D), AC was shortened and T was intensified; and in (E), FEC-D was stopped early
due to prediction and full clinical response.

Fig. 6 | ROI size change, (W4 – W0)/W0, versus
W4 Prediction Class Score. Size changes at Week 4
versus Ultrasound Class Score. This plot presents
tumour size change between week 4 and week 0 per
tumour versus predictive class score for response.
Responder, complete responder and non-responder
are defined as per RECIST criteria.Weak responders
were borderline in regards to size changes (±5%) or
had significantly diminished cellularity (5% or less)
but did not meet size criteria.
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chemotherapy. The GeparTrio trial19 did demonstrate that after two cycles
of chemotherapy (8 weeks for patients here) a prediction of
complete response by simplemeasurement of size reduction by ultrasound.
In the work here, class scores were predictive for responders and
complete responders compared to non-responders at 4 weeks into several
months of chemotherapy, whereas size-based measures were not. Specifi-
cally, at week 4 results indicated a statistically significant concordance with
QUS class score and response (forNR vs R, andNR vsCR, R vs S, andCR vs
S), but no concordance was observed with size change that was
statistically significant for all groups. Comparison of data (Fig. 6 versus
Supplementary Fig. 6) indicates how size changes compared betweenweeks
4 and after chemotherapy versus class score. Size changes at later
times during chemotherapy from the study here are part of a separate
analysis for the future. We anticipate that size changes will become more
prominent and predictive beyond 1 cycle of chemotherapy as per the
GeparTrio study19.

We have examined the training data used for the model7 with regards
to HER2 status. For HER2+ patients, the overall model performance
accuracy was 97% whereas in HER2- patients it was 87% (likely due to
response to Herceptin in HER2+ anthracycline-taxane non-responding
patients). In HER2+ patients, the sensitivity and specificity were 100% and
96%, respectively. InHER2-patients, the sensitivity and specificitywere86%
and87%, respectively. Thatwas based on31HER2+patients and 60HER2-
patients in the development cohort unadjusted for data balancing.

In the observational alone data here in theHER2+ patient alones there
was an accuracy of 100% as 14/14 patients were predicted to be responders
and were. In the HER2- patients in the observational arm, the accuracy of
the test performance was 91% (sensitivity 90%, specificity 100%). This bias
towards response in theHER2+was similar to that in the training set (above
and ref. 7) and is likely due to that for these patientsHerceptin is efficacious.

In the study here, there were also differences between responders and
complete responders versus weak responders where size changes or tumour
cellularity changes were close to borderline regarding RECIST-based and
pathological-based response measures. The predictor used here was for
response (R: partial response + complete response) versus non-response
(NR: progressive disease + stable disease). This was selected for study in
order to facilitate the standard of care continuing in responding patients
such that standard of care was not changed in these patients, and to permit
consideration of modifications to chemotherapy in NR patients. Further-
more, this enabled investigation into whether modifying their treatment,
such as accelerating surgery or adding a new agent, would be feasible and
potentially improveoutcomes. In the future, it shouldbe able todiscriminate
usingQUSmethods CR fromPR patients and consider PR patients (weaker
responders) for dose intensification to convert them to PR patients. QUS
Feature sets to differentiate these response types are under development for
such a purpose20.

Ourwork has several strengths, specifically the predictionmodels used
were developed using a large number of prospectively imaged patients with
QUS acquired at pre-established experimental times and a systematic
methodology for acquiring and analysing images, which was consistently
reproduced in this clinical trial7. The limitations of our work include that
most patients were responders (in both development and validation
cohorts), which limits the negative predictive value of our analysis. In
addition, treatment adaptation was not pre-specified but left to the discre-
tion of the medical oncologists. As a result, only one-third of patients pre-
dicted not to respond had their treatmentmodified, primarily involving the
early cessation of chemotherapy rather than treatment intensification.
Futureworkwill involve further improving the currentmodels by increasing
the studied population and refining the model. Weak responders can be
identified in the future for intervention. In addition, we aim to further refine
models that can predict pathological complete response rather than just
tumour reduction, as this has known prognostic value and clinical impli-
cations. And lastly, our data warrants external validation to ensure gen-
eralizability across multiple institutions.

In conclusion, this prospective phase 2 trial suggests that longitudinal
QUS imaging-based radiomics, combined with machine learning, is accu-
rate for predicting early treatment response to neoadjuvant chemotherapy.
This researchopensnewopportunities for future clinical trial design focused
on adapted neoadjuvant treatment courses. Future studies are needed to
assess the generalizability of this data, enhance clinical applicability, and
design the ideal treatment strategy for patients predicted to be non-
responders.

Methods
Study population
This single-center, phase 2 randomized controlled trial included female
patients over 18 years old with biopsy-proven clinical stage II-III breast
cancer (according to the American Joint Committee on Cancer [AJCC] 7th
edition). These patients were referred to the medical oncology team at
Sunnybrook Health Sciences Centre (Toronto, Canada) and deemed sui-
table for neoadjuvant chemotherapy per standard of care. Eligibility criteria
required normal blood counts, creatinine levels, liver function tests, and
cardiac function. Exclusion criteria included inflammatory breast cancer, a
history of connective tissue or dermatologic diseases involving the breast,
and an Eastern Cooperative Oncology Group (ECOG) performance status
of ≥3. This study received approval from the institutional ethics committee
(Sunnybrook Research Institute, SUN 308-2017) and was registered on
clinicaltrials.gov (NCT04050228) in December 2019, where the protocol is
available (https://clinicaltrials.gov/study/NCT04050228). The sample size

Table 5 | Pair-wise statistical tests of differences for size
differences (week 4− pre-treatment), and class score
difference

Groups % Size
change
p-value

Significant
at 95%?

Class
score
p-value

Significant
at 95%?

NR vs R 0.0977 – 0.00425 Yes

NR vs CR 0.0667 – 0.00693 Yes

NR vs WR 0.580 – 0.209 –

NR vs S 0.594 – 0.337 –

R vs CR 0.126 – 0.996 –

R vs WR 0.243 – 0.152 –

R vs S 0.739 – 0.00173 Yes

CR vs WR 0.056 – 0.271 –

CR vs S 0.371 – 0.00733 Yes

WR vs S 0.744 – 0.327 –

Table 6 | Pair-wise statistical tests of differences for size
differences (post-treatment− pre-treatment) and class score
difference

Groups % Size
change
p-value

Significant
at 95%?

Class
score
p-value

Significant
at 95%?

NR vs R 7.31E-4 Yes 0.00425 Yes

NR vs CR 8.98E-6 Yes 0.00693 Yes

NR vs WR 0.0104 Yes 0.209 –

NR vs S 0.110 – 0.337 –

R vs CR 3.17E-10 Yes 0.996 –

R vs WR 0.249 – 0.152 –

R vs S 0.456 – 0.00173 Yes

CR vs WR 7.31E-7 Yes 0.271 –

CR vs S 3.87E-5 Yes 0.00733 Yes

WR vs S 0.948 – 0.327 –
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of 120 patients was based on convenience. All participants provided written
informed consent, and the study adhered to the Declaration of Helsinki.
This study is reported as per theConsolidated Standards of Reporting Trials
(CONSORT) statement.

Procedures and randomization
Participants were randomly assigned to either the observational or experi-
mental arm before neoadjuvant treatment initiation using a 1:1 permuted
block randomization method21, with hormone receptor status as a stratifi-
cation factor. Patients were stratified with block sizes of 4, 6, or 8 pre-
generated using custom MATLAB code. The random allocation sequence
was stored in a password-protected Excel spreadsheet on a secure server,
accessible only to one research teammember, while patients were assigned
sequentially in strict recruitment order by the designated researcher.
Patients and investigators were unblinded.

All patients were initially planned to receive a standard neoadju-
vant chemotherapy regimen as deemed appropriate by the treating
medical oncologist and underwent QUS imaging at four time points:
within 7 days before neoadjuvant chemothearpy (baseline) and at the
first, fourth, and eighth week during neoadjuvant chemotherapy. QUS
response prediction techniques using ultrasound images acquired at
week 4 of neoadjuvant chemotherapy were used to predict response or
non-response to systemic therapy (as further detailed below). In the
observational arm, medical oncologists remained blind to prediction
results. In contrast, in the experimental arm, they received reports
summarizing the week 4 prediction results, allowing for timely perso-
nalization of treatment based on clinical judgement. Treatment per-
sonalization was not predefined but left to the physician’s discretion.
This could include continuing chemotherapy where a response was
indicated, modifying the regimen where a lack of response was
observed, or discontinuing systemic therapy in favour of early surgical
resection. Treatment changes were decided by the oncologist within
7 days of week 4 QUS data acquisition. Cases being considered for
chemotherapy modification were discussed as indicated at an inter-
disciplinary tumour board with the whole medical oncology group in
breast cancer. This trials defined no stopping rules.

The neoadjuvant chemotherapy regimens typically consisted of dose-
dense AC-T (±H), FEC-D (±H), or the KEYNOTE 52222 regimens as
decided by their treating medical oncologist. Specifically, dose-dense AC-T
chemotherapy typically consisted of doxorubicin 60mg/m² and cyclopho-
sphamide 600mg/m² (AC) every two weeks for 4 cycles, followed by
paclitaxel 175mg/m² every two weeks (T) for 4 cycles. FEC-D included
5-FU 500mg/m², epirubicin 100mg/m², and cyclophosphamide 500mg/
m² (FEC) every 3weeks for 3 cycles, followed by docetaxel 100mg/m² every
3 weeks for 3 cycles. Patients with HER2+ tumours had trastuzumab
administered concurrently with the first dose of taxane (paclitaxel for those
receiving AC-TH or docetaxel for those undergoing FEC-DH) at an initial
dose of 8mg/kg IV and continued every threeweekswith a subsequent dose
of 6mg/kg IV with docetaxel and 4mg/kg IV every 2 weeks with paclitaxel.
The KEYNOTE 522 regimen included 12 weeks of pembrolizumab
(200mg) every 3weeks, paclitaxel (80mg/m²) onceweekly, and carboplatin
(AUC 1.5) once weekly, followed by a subsequent phase of 4 cycles of
pembrolizumab (200mg), doxorubicin (60mg/m²) plus cyclophosphamide
(600mg/m²) once every 3 weeks. Blood counts, liver function tests, and
renal function tests were regularly monitored, and growth factor support
was prescribed to aid bone marrow recovery, following standard institu-
tional protocols. Subsequent to neoadjuvant chemotherapy and surgical
resection, adjuvant radiation followed the standard of care. Adjuvant sys-
temic therapy included hormone therapy for hormone receptor-positive
tumours, trastuzumab for HER2+ tumours with complete pathological
response, trastuzumab emtansine (TDM1) for HER2+ tumours without a
pathological complete response, and adjuvant capecitabine for triple-
negative tumours without a complete response, as recommended. Patients
treated with the KEYNOTE 522 regimen underwent 9 cycles of adjuvant
pembrolizumab given every 3 weeks.

Quantitative ultrasound data collection, feature extraction and
response monitoring
Experienced sonographers used a Sonix RP clinical ultrasound system
(Analogic Medical Corp.) with an L14-5W/60 linear array transducer
(centre frequency 6.5MHz, bandwidth range 3–8MHz) to image the pri-
mary tumour volume at evenly spaced 5mm intervals across the tumour
mass. For each tumour, typically between four and six image frames were
selected. For each frame, the sonographers created a region of interest (ROI)
delineating the tumour boundary by hand. The ROI positions were verified
by anexpert breast radiologist and theprincipal investigator. For eachROI, a
slidingwindow techniquewas employed to subdivide the tumour region in a
series of 2mmby 2mmdata blocks overlapped at 94%. The RF scan lines in
each block were truncated using a Hanning window. A fast Fourier trans-
form (FFT) was applied to each RF scan line, and the resulting ultrasound
frequency spectra were averaged within each block. The averaged spectrum
was normalized using a reference phantom technique23.

Five QUS parameters (midband-fit, spectral slope, spectral intercept,
average scatterer diameter, and average acoustic concentration) were then
calculated for each data block and used to create a set of five parametric
maps7,8. A grey-level co-occurrence matrix (GLCM) method24 was used to
extract four texture features (contrast, correlation, energy, and homo-
geneity) from each parametric map, and the set of QUS parameters and
texture features obtained for the image frames selected for the tumour were
then averaged across frames to obtain a set of average QUS features
representative of the tumour.

A QUS classification model based on a support vector machine-radial
basis function (SVM-RBF) algorithm developed from a training set of QUS
features and texture features obtained from a cohort of over 200 breast
tumourswasused to classify patients as responders or non-responders at the
4th week of treatment7. The result was summarised in a response prediction
report, which identified the patient as either a responder or non-responder,
reported prediction accuracy according to majority decision rule, and
included representative multi-feature parametric maps of the tumour QUS
parameters. During the development of the classification model, eleven
models were generated using balanced subsets of the training dataset. To
predict the treatment response for an independent patient, amajority voting
approach was applied across the predictions from these elevenmodels. The
prediction accuracy of the individual patient was calculated based on how
many times the majority response was predicted out of the eleven model
predictions7. This was done here as well for model use and is reported an
average accuracy on a per patient basis.

For model development, the feature selection method and the statis-
tical test results comparing the two response groups were previously
reported in an earlier publication, in which the treatment response pre-
diction model was developed7. For clarity, a sequential feature selection
method was applied to balanced subsets of the training data to identify the
optimal set of features for classifying tumour responses.A total of 31 features
were extracted from ultrasound data and top features when used in com-
bination selected for classification. The features selected during the training
process were ΔSS-con, ΔSI-ene, ΔSI-hom, and ΔASD-cor. Statistical ana-
lyses were performed on the training dataset, and the results were detailed7.
To determine the appropriate statistical test for comparing the groups, we
first assessed the normality of each feature dataset using the Shapiro–Wilk
normality test. For features that followed a normal distribution, an unpaired
t-test was used to compare the groups. For features that did not meet the
normality assumption, a Mann–Whitney U test was employed instead.

The selected features are defined as follows along with their Chi2 score
(as a relative ranking) and were independent parameters:

- ΔSS-con: Contrast texture parameter derived from the spectral slope
map (related to heterogeneity (intensity variation) in scatterer size). Chi2

score 2.07
- ΔASD-cor: Correlation texture parameter derived from the average

scatter diametermap. This quantifies how similar the patterns of brightness
or other characteristics are in neighbouring areas of an image. Chi2

score 1.78
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-ΔSI-ene: Energy texture parameterderived fromthe spectral intercept
map (related to scatterer concentration variation). Chi2 score 0.99

- ΔSI-hom: Homogeneity texture parameter derived from the spectral
intercept map (related to scatter size homogeneity). Chi2 score 0.73

(Here, Δ denotes the change in each parameter, calculated as the dif-
ference between thebaselineultrasound scan (week 0) and the scan acquired
during treatment at week 4.)

Tumour response definition
Magnetic resonance imaging (MRI) was typically carried out as part of
standard patient care before to the initiation of chemotherapy to evaluate
tumour extent and serve as a reference for baseline tumour measurement.
Response was subsequently assessed based on residual tumour size and
cellularity on surgical specimen histopathology following completion of
neoadjuvant treatment. Patients were categorized as responders (R) or non-
responders (NR) using a modified response grading system based on his-
topathological evaluation following surgical resection6,7. The responder
category included patientswhodemonstrated a reduction in the diameter of
tumour by at least 30% from baseline imaging to the surgical specimen
histopathology, or adecrease in cellularity to less than5% in the tumourbed,
or the complete disappearance of all target lesions (further subclassified as
Complete Responder [CR]).

The responder category included patients who demonstrated a
reduction in the diameter of tumour by at least 30% from baseline imaging
to histopathology, or a decrease in cellularity to less than 5% in the tumour
bed, or the complete disappearance of all target lesions (further subclassified
as Complete Responder [CR]).

In cases (infrequent) where there was a diminishment in cellularity to
less than 5%but not adiminishment in>30%of tumour size, responders [R]
were subclassified as Weak Responders [WR]. The non-response category
included patients with a tumour size reduction of less than 30% and cel-
lularity (greater than 5%). This was done specifically to examine QUS class
scores for these patients which often were close to indeterminate. Patients
whowere initially predicted to be non-responders but ultimately responded
to therapy after having their treatment switched (adapted) were sub-
classified as Switched Responders (S).

Study outcomes
The primary endpoint of this phase 2 studywas to assess the efficacyofQUS
in predicting the response to neoadjuvant chemotherapy. The secondary
endpoint was to evaluate the feasibility of using a radiomic-based approach
to personalize systemic treatment adaptation early in the treatment course,
including a qualitative description of how medical oncologists used the
predicted results to personalize treatment.

Statistical analysis
Descriptive analysis was used to examine patient, disease, treatment-related
factors, and response rates. MATLAB R2016a (Mathworks, Natick, MA,
USA) was used for image preprocessing, ROI segmentation, feature
extraction, and radiomics model development. Other statistical tests were
performed using IBM SPSS version 22 (Amonk, NY, USA) with standard
methods for calculating test performance applied to combined group
patients.

Class score and tumour size analysis
Tumour size change was determined based on the size of ultrasound ROIs
used to analyse baseline and week 4 images. Tumour size comparison for
tumours post-treatment pre-operatively was carried out using tumour
dimensions from clinical MRI reports before starting chemotherapy and
upon completion of chemotherapy pre-operatively as that was available as
used for RECIST-based size reporting. Pearson’s coefficient with t-test was
performed to assess the level of correlation for each of the data sets (not
separated by group) of size change and ultrasound class score.

For further analysis, the Shapiro–Wilk normality test was used to
assess whether the samples in each group followed a normal distribution

for both tumour size change and prediction class score. None of the data
was found to be normal, and hence group to group statistical compar-
isons were conducted using non-parametric testing (the Mann–Whitney
test). This test has the null hypothesis that two independent groups of
samples come from populations with the same median. Statistical com-
parison of both size change and prediction class score was conducted for
each pair of groups.

Data availability
Data are stored in an institutional repository and will be made available on
request to the office of the Vice-President, Research and Innovation, Sun-
nybrook Research Institute.
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