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Abstract

Background & Objectives: Quantitative ultrasound (QUS) radiomics extracts microstructure-
sensitive spectral features from radiofrequency data and may provide contrast-free, early
indicators of neoadjuvant chemotherapy (NAC) response in breast cancer. This review syn-
thesized open access human studies evaluating QUS radiomics for a priori prediction and
early on-treatment monitoring. Methods: Following PRISMA-2020, we included English,
free full-text clinical studies of biopsy-proven breast cancer receiving NAC that reported
QUS spectral parameters (mid-band fit, spectral slope/intercept) & textures/derivatives
and machine learning models against clinical/pathologic response. Data on design, RF
acquisition/normalization, features, validation, and performance (area under the curve
(AUC), accuracy, sensitivity /specificity, balanced accuracy) were extracted. Results: Twelve
cohorts were included. A priori baseline models achieved accuracies of 76-88% with AUCs
0.68-0.90; examples include 87% accuracy in a multi-institutional study, 82% accuracy/AUC
0.86 using texture-derivatives, 86% balanced accuracy with transfer learning, 88% accu-
racy/AUC 0.86 with deep learning, and AUC 0.90 in a hybrid QUS and molecular-subtype
model. Early monitoring improved discrimination: week-1 results ranged from AUC 0.81
to 1.00 and accuracy 70 to 100%, noting that the upper bound was reported in a small
cohort using combined QUS and diffuse optical spectroscopy features, while week 4 typi-
cally peaked (AUC 0.87-0.91; accuracy 80-86% in observational cohorts), and one series
reported week-8 accuracy of 93%. Across reporting cohorts, mean AUC increased with
a 0.05 absolute gain. A randomized feasibility study reported prospective week-4 model
accuracy of 98% and demonstrated decision impact. Conclusions: QUS radiomics provides
informative a priori prediction and strengthens by weeks 1-4 of NAC, supporting adaptive
treatment windows without contrast or radiation. Standardized radiofrequency (RF) access,
normalization, region of interest (ROI)/margin definitions, and external validation are
priorities for clinical translation.

Keywords: breast neoplasms; neoadjuvant therapy; ultrasonography; radiomics;
machine learning
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1. Introduction

Neoadjuvant systemic therapy (NAC) is now standard for many patients with locally
advanced or biologically aggressive breast cancers because it can downstage disease,
expand breast-conserving options, and provide an in vivo readout of chemosensitivity that
informs adjuvant decisions [1,2]. Pathologic complete response (pCR) after NAC correlates
with improved long-term outcomes across several subtypes, although its strength as a
surrogate endpoint varies by biology and trial context [3,4]. In routine care, early response
is usually judged through clinical exam and size changes on imaging—most often DCE-
MRI—supplemented variably by ultrasound or FDG-PET; however, these macroscopic
or perfusion-weighted signals can lag microstructural change, require contrast or expose
patients to ionizing radiation, and may be costly or less accessible [1,2,5]. Consequently,
there is a clear need for rapid, contrast-free biomarkers that can predict response before
treatment or identify ineffective therapy within the first 1-4 weeks, enabling escalation,
de-escalation, or switching strategies that could improve pCR rates and downstream
outcomes [1-5].

Quantitative ultrasound (QUS) leverages raw radiofrequency (RF) data—rather than
only envelope-detected B-mode—to estimate calibrated spectral parameters linked to
tissue microstructure, including mid-band fit (MBF), spectral slope (SS), spectral inter-
cept (SI), average scatterer size, and acoustic concentration [6-8]. These features, and
textures computed from their parametric maps, probe intratumoral heterogeneity and peri-
tumoral margins in a manner that is operator- and system-independent after appropriate
normalization [6-8]. Preclinical and translational studies demonstrate that treatment-
induced apoptosis, edema, and stromal remodeling measurably alter RF backscatter statis-
tics and spectra within days of effective therapy, supporting QUS as a biologically plausible
early-response marker [9,10]. Clinically, QUS-based radiomics (feature vectors from core
and margin maps, coupled with machine learning classifiers) has shown strong perfor-
mance for breast lesion characterization and for modeling heterogeneity with gray-level
co-occurrence, run-length, and size-zone matrices [11]. Related ultrasound radiomics work
underscores the added value of peritumoral features, aligning with QUS’ emphasis on
core-rim interactions [12]. Because QUS is portable, contrast-free, and compatible with
repeated bedside measurements, it is well suited to dense longitudinal sampling across
NAC cycles at relatively low cost [6-8,11].

Multiple syntheses now appraise MRI (including DCE and diffusion) for NAC
response and highlight subtype-dependent accuracy and operational constraints; like-
wise, ultrasound elastography has matured, with encouraging pooled diagnostic perfor-
mance [13,14]. In contrast, the specific niche of QUS radiomics—defined here as RF-based
spectral parameters and their textures/derivatives computed from normalized QUS para-
metric maps—has advanced rapidly yet remains relatively under-synthesized compared
with MRI, PET, or strain/shear-wave elastography. Several practical factors likely con-
tributed to this relative under-exploration. Unlike conventional B-mode radiomics, QUS
radiomics typically requires access to raw RF data and standardized phantom-based nor-
malization, which are not universally available on all clinical platforms. Cross-vendor
harmonization is also more demanding because acquisition settings, center frequency,
sampling, and attenuation correction can materially affect spectral estimates. Finally, multi-
center RF-enabled datasets remain comparatively limited, constraining external validation
and delaying the accumulation of sufficiently homogeneous evidence to support frequent
meta-analytic synthesis.

Cytotoxic therapy triggers cellular and stromal processes (apoptosis/necrosis, edema,
collagen remodeling) that modulate acoustic scatterer size, concentration, and organization.
Controlled in vitro and small-animal studies show reproducible increases in integrated
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backscatter and characteristic changes in spectral slope/intercept within 24-72 h of effective
therapy, with effects attributable in part to increased cellular size variance during cell
death [9,10]. These microstructural perturbations are spatially heterogeneous across the
tumor and its rim, providing a rationale for texture analyses on QUS parametric maps
and for explicit peritumoral sampling in models. The complementary functional optics
literature demonstrates that physiology-sensitive optical biomarkers can capture early
therapy effects within days—evidence that functional signals may precede macroscopic
shrinkage, further supporting early timepoint imaging strategies [15]. Together, these data
explain why QUS radiomics can discriminate responders early and motivate integrated
models that incorporate histomolecular subtype (ER/PR/HER2/Ki-67) and margin biology
to boost a priori prediction.

Across imaging, performance varies by subtype, field strength, and metric selection;
MRI meta-analyses illustrate subtype-dependent sensitivity /specificity, and elastography
meta-analyses report favorable pooled AUCs yet acknowledge heterogeneity in protocols
and endpoints [13,14]. QUS radiomics adds a microstructure-centric, contrast-free op-
tion that is naturally suited to frequent monitoring, but key translational gaps remain:
(i) harmonized acquisition with RF access and system-independent normalization;
(ii) ROI and margin-band standardization; (iii) reference phantoms and cross-site calibra-
tion; (iv) standardized endpoints (pCR vs. composite response) and consistent timepoints
(baseline, weeks 1/2/4, mid-therapy); and (v) prospective, decision-impact studies that
link QUS-guided adaptations to event-free and overall survival. Addressing these will
facilitate multi-site generalization, enable robust meta-analysis, and clarify the incremental
value of QUS radiomics relative to (or in combination with) MRI and elastography in
NAC pathways.

In patients with biopsy-proven breast cancer receiving neoadjuvant chemotherapy,
can RF-based quantitative ultrasound (QUS) radiomics (spectral parameters and their
textures/derivatives) provide accurate pre-treatment prediction or early on-treatment
monitoring of response within an actionable window (weeks 1-4) to support adaptive
therapy decisions?

We systematically synthesize open access clinical cohort studies that report QUS
radiomics features derived from normalized RF data and evaluate model performance
against clinical /pathologic response endpoints.

Unlike previous reviews that combine many different types of ultrasound radiomics
(such as features from standard grayscale ultrasound, elastography, or contrast-enhanced
ultrasound), we focus only on quantitative ultrasound radiomics derived from the raw
ultrasound signal. This narrower scope allows for a more consistent comparison across
studies, including how scans were acquired and standardized, how the tumor and sur-
rounding margin were defined for analysis, which quantitative ultrasound spectral features
and texture-based features were used, how models were validated, and how early dur-
ing treatment clinically meaningful separation between responders and non-responders
was achieved.

2. Materials and Methods
2.1. Protocol and Registration

We adhered to PRISMA-2020 guidance for systematic reviews of diagnostic/prognostic
tests [16]. The protocol, including eligibility criteria, search strategy, outcomes, and ex-
traction fields, was defined a priori and is provided in Supplementary Table S1. Because
this project emphasizes transparency and reuse, we restricted inclusion to open access full
texts (publisher OA or PubMed Central) so that readers can independently verify feature
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engineering and model validation. We registered this study on Open Science Framework
(OSF) with the registration code osf.io/8dn4p.

The PICO statement for this study is as follows: patients with biopsy-proven breast
cancer receiving NAC; intervention/index: QUS radiomics or spectroscopy (RF-based spec-
tral features & textures/derivatives, including deep/transfer learning on QUS parametric
maps); comparator: clinicopathologic ground truth (pCR, Miller-Payne/RECIST-based
responder categories) or standard imaging; outcomes: predictive/monitoring performance
(AUC, accuracy, sensitivity, specificity, balanced accuracy); secondarily: survival associ-
ations, external /multi-site validation, and decision impact (randomized feasibility). We
anticipated heterogeneity in scanners, frequencies, ROIs (core vs. margin), timepoints
(baseline, weeks 1/4/8), ML algorithms, and endpoints; thus, a quantitative meta-analysis
was not pre-committed. Instead, we planned structured tables and narrative synthesis,
emphasizing earliest usable timepoint for clinical decision making and a priori predic-
tion capabilities.

2.2. Eligibility Criteria

Inclusion: (1) Human clinical studies of breast cancer patients receiving NAC. (2) QUS
radiomics/spectroscopy using RF-derived spectral parameters (MBF, SS, SI, AAC/ACE,
ASD/SAS) and/or textures/texture derivatives computed from QUS parametric maps.
(3) Predictive or monitoring analyses for NAC response (pre-treatment and/or on treat-
ment). (4) Prespecified or clearly defined response outcomes (pCR, clinical/pathologic
responder vs. non-responder, or standardized categories). (5) Free full-text availability
(publisher OA or PMC) in English. Exclusion: non-NAC populations; purely technical
QUS without response labels; animal /phantom studies; non-QUS ultrasound (elastography
alone, CEUS without spectral QUS); reviews/editorials; abstracts only; paywalled articles
lacking full text. If mixed-modality papers included QUS but no separable QUS analysis,
we excluded them. For methodologically overlapping serial publications from the same
cohort, we included each study if it addressed distinct questions (a priori prediction vs.
early monitoring; classical radiomics vs. deep learning). When multiple metrics were
reported, we prioritized the following: (i) earliest actionable timepoint (baseline or week
1/4); (ii) validation set performance; (iii) balanced accuracy/AUC when accuracy alone
could be class-imbalance-sensitive. Missing data were reported as not reported (NR).

2.3. Information Sources and Search Strategies

We searched PubMed/MEDLINE, Scopus, and Web of Science from inception
to 13 September 2025 using combinations of terms covering (i) quantitative ultra-
sound/radiofrequency spectral features (e.g., mid-band fit, spectral slope/intercept,
backscatter), (ii) radiomics/machine learning (textures, parametric maps, deep learning),
and (iii) breast cancer neoadjuvant chemotherapy response/monitoring. Filters were ap-
plied for English language, human studies, and free full text/open access. Reference lists of
included studies were also screened.

2.4. Selection Process

Two reviewers independently screened titles/abstracts, retrieved full texts for candi-
dates, and applied eligibility criteria. Disagreements were resolved through consensus.
For each included study, we extracted the following: authors/year; country/setting; N
and design (a priori vs. on-treatment monitoring); timepoints (baseline; weeks 1/4/8;
pre-op); QUS features (MBF, SS, SI, AAC/ACE, ASD/SAS, textures, texture derivatives);
ROI strategy (core, margin, combined); ML method (SVM/KNN/FLD, DL/transfer learn-
ing); validation approach (train/test split, cross-validation, external /multi-site); primary
endpoints (pCR, responder class); and performance metrics (AUC, accuracy, sensitivity,
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specificity, balanced accuracy). We also recorded translational endpoints (recurrence-free
survival stratification, randomized decision impact) when provided. Where numerical
details were not explicitly reported in the OA text or figures, we labeled them NR. To
prioritize clinical utility, we identified for each study the earliest-reported timepoint achiev-
ing discrimination (baseline or week 1), as well as the best on-treatment performance
(commonly week 4).

The PRISMA flowchart shows that 829 records were identified across databases—
PubMed/MEDLINE (n = 316), Scopus (n = 264), and Embase (1 = 249). After removing
duplicates (1 = 35), 794 records remained for title/abstract screening, of which 758 were
excluded (692 not relevant to the research question and 66 ineligible article types). Thirty-
six full texts were assessed for eligibility. After full-text review, 24 reports were excluded
(7 lacking extractable outcome/performance data and 17 not meeting inclusion criteria),
resulting in 12 studies included in the final systematic review (Figure 1).

S
Records excluded before
c Records identified from screening based on title and
2 electronic databases: abstract:
3 PubMed/MEDLINE (n = 316) »| - Title not relev_ant to the
= Scopus (n = 264) reseqrch question (n = §92)
s Embase (n = 249) - Reviews, Meta-analysis,
° TOTAL (n = 829) editorials, opinion letters, short
communications (n = 66)
TOTAL (n=758)
)
Records screened Duplicate records excluded:
(n=71) (n=35
o
c
=
3
2
3]
(7]
Records assessed for eligibility o gifcr)gt:d?xcluded throughful
(n=36 "] -No available data (n=7)
- Not matching inclusion criteria
(n=17)
TOTAL (n = 24)
—
\4
3
= Studies included in the review
S (n=12)
c

Figure 1. PRISMA flowchart diagram.

2.5. Risk of Bias

Given heterogeneity in imaging systems, RF access, ROI definitions, class balance,
and endpoints, we conducted a structured narrative synthesis without meta-analysis. Risk-
of-bias domains adapted from QUADAS-2/PROBAST included the following: patient
selection (consecutive vs. convenience), index test (feature leakage prevention, blinding to
outcome), reference standard (uniform response definition), flow/timing (intervals and
attrition), and analysis (cross-validation leakage, class imbalance handling, calibration,
external validation). This study evaluated whether models were trained and evaluated on
separate sets, used nested CV, or reported external /multi-site validation. The study flagged
potential optimism from feature selection conducted before splitting, absence of calibration
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or decision-curve analyses, and limited reporting of confidence intervals. The following
results were synthesized by (i) a priori prediction vs. early monitoring, (ii) classical ML
vs. DL/transfer learning, and (iii) translational anchors (survival, randomized feasibility).
Because all included articles were open access, readers can inspect pipelines directly via the
linked full texts. Risk-of-bias assessment was performed independently by two reviewers
using the prespecified QUADAS-2/PROBAST-adapted domains. Disagreements were
resolved through discussion and consensus; if needed, a third author adjudicated.

3. Results

Table 1 summarizes the clinical cohorts included in this review and highlights how
quantitative ultrasound (QUS) was implemented across studies to predict and/or monitor
neoadjuvant chemotherapy response in breast cancer. Most cohorts were located in Canada
(with several multi-institutional datasets), with sample sizes ranging from a small pilot
(10 patients /13 tumors) to larger series exceeding 200 participants. The pipelines commonly
combined spectral QUS features and/or QUS parametric maps with radiomics/texture
features extracted from the tumor core and, in many studies, the peritumoral margin.
Designs varied between baseline-only (a priori) prediction and longitudinal monitoring
with repeated acquisitions at baseline and early treatment timepoints (typically week
1, week 4, and sometimes week 8 or pre-operative). Across studies, machine learning
approaches predominated, most frequently support vector machines, k-nearest neighbors,
and discriminant/logistic models.

Table 1. Study characteristics and QUS pipelines.

Study

Country/

Design and

Qus

# (Year) Setting N Timepoints Features/ROI Model Endpoint
Monitoring: SI, SS, . Clinical/
p  Tranetal, oo da 2 BL, W1, W4, MBE+DOS;  Discriminant/ o logic
2016 [17] logistic
WS, pre-op tumor core response
Tadayyon Baseline + MBF, 5,51 + Responder vs
2 etal., Canada 58 y textures; core + SVM/FLD/KNN P )
2016 [18] changes: BL, margin non-responder
W1, W4, W8
Sadeghi- Monitoring ?r[éls Eir}a:;i:)l_c Response vs
3 Nainietal, Canada 100 heterogene- P i ML (NR) P :
2017 [19] ity (serial) geneity /textures; non-response
ROI NR
Sannachi Monitoring:  QUS + texture +
4 etal., Canada 96 BL, W1, W4, molecular; SVM (RBF) Response class
2018 [20] W8 core & margin
PiCenzo  yryti- Apriorl - Gyg adiomics;  KNN/SVM
5 etal, institutional 82 (pre- ROINR (best reported) Response class
2020 [21] treatment) p
6 Qelil;lo it Multi- 59 Monitoring:  QUS radiomics; SVM- Response class
’ institutional BL, W1, W4 ROI NR RBF/FLD/KNN P
2020 [22]
Dasgupta A priori QUS;?;E;SS -
7 etal, Canada 100 (pre- . SVM/KNN/FLD Response class
derivatives; core
2020 [23] treatment) .
+ margin
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Table 1. Cont.
Study Country/ Design and Qus .
# (Year) Setting N Timepoints Features/ROI Model Endpoint
Dobruch- Integrated
Sobczak 10 pts/ Monitoring backscat- . Pathology-
8 etal, Poland 13 tumors (pilot) ter/scattering ROC analysis based response
2019 [24] coeff.; ROI NR
Qs e
9 etal, Canada 208 A priori ML ensemble  Response class
subtype;
2023 [25] .
core & margin
Falou et al., o QUS parametric Tran'sfer
10 Canada 174 A priori maps learning + Response class
2024 [26] . s
(core & margin) classifier
Dasgupta 60 Rand.om}zed Week-4 QUS Pragmatic Dec151on
accrued/ feasibility L impact +
11 etal., Canada radiomics (model-
2024 [27] 56 ana- (BL, W1, decision support guided) week-4
lyzed W4) prediction
Taleghamar
12 etal, Canada 181 A priori DL features from  CNN/ResNet- Response class
2022 [28] QUS maps type

Abbreviations: BL baseline; W1/W4/W8 week-1/4/8 after NAC start; QUS, quantitative ultrasound; SS/MBF/SI
spectral slope/mid-band-fit/intercept; SVM, support vector machine; KNN, k-nearest neighbors; FLD, Fisher’s
linear discriminant; NR, not reported.

Pre-treatment models already showed meaningful discrimination, with accuracy / AUC
reported at 87% (AUC NR) in a multi-institutional baseline study [21], 76% and AUC 0.68
in a separate cohort [22], 82%/0.86 with texture derivatives [23], 0.90 AUC with a hybrid
QUS+subtype approach [25], 86% balanced accuracy using transfer learning [26], and 88%
accuracy with AUC 0.86 for a CNN baseline predictor [28]. Early monitoring generally
improved performance: week-1 results included perfect discrimination when pairing SI
with DOSI (AUC 1.00; 100%/100% sensitivity /specificity) in a 22-patient series [17], AUC
0.81 and 76% accuracy in heterogeneity-based monitoring [19], and 78% accuracy in a
three-class framework [20], while week 4 commonly peaked (e.g., AUC 0.91 and 86%
accuracy [19]; 86% accuracy [20]; 81% accuracy and AUC 0.87 in a multi-site cohort [22]).
One monitoring study reported later W8 accuracy of 93% (AUC NR) following baseline
anchoring [18]. Pooled across reporting cohorts, mean AUC increased from ~0.87 at week 1
to ~0.92 at week 4, indicating a ~0.05 absolute gain and supporting actionable adaptation
by week 4 [19,20,22], as presented in Table 2.

Pooling the early-monitoring cohorts that report ROC statistics shows a consistent per-
formance lift from very early to early interim assessment: week-1 mean AUC = 0.87 & 0.06
(studies reporting 0.90, 0.81, 0.90) and week-4 mean AUC = 0.92 £ 0.02 (0.93, 0.91). The
bar chart overlays the mean with 95% Cls (normal approximation) and annotates values
in boxed labels. This quantifies an absolute AUC gain of ~0.05 from week 1 to week 4,
indicating that QUS models are already informative at week 1 and typically strengthen by
week 4, an actionable window for adapting NAC (Figure 2).
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Table 2. Predictive performance at pre-treatment and earliest on treatment.
ROI Used for Features in Pre- Earliest
Study (Year) N Feature Final Model Treatment on-Treatment Notes
Extraction (Reported) Performance Performance
Combined
Tran W1 — AUC 1.00; .
2016 [17] 22 Tumor core NR NR Sens,/Spec 100,100 QUfS + optical
eatures
W1 (with BL) —
E%izy[}{g? 58 Core + margin NR NR Acc 70%; W4 (with Beiclfge;(,/WS
BL) — Acc 80% ?
Sadeghi- W1 — AUC 0.81, Heterogenei
Naini 100 ROI NR NR NR Ace 76%; W — - CIeToBene ty
2017 [19] AUC 0.91, Acc 86% &
Sannachi Core + mar- W1 — Acc 78%; Multiclass
2018 [20] % gin NR NR W4 — 86% setting
DiCenzo Acc 87%; Sens
82 ROINR NR 91%; Spec — Baseline only
2020 [21] 839,

Quiaoit Acc 76%; W4 — Acc 81%; Multi-
2020 [22] 59 ROINR NR AUC 0.68 AUC 0.87 institutional
Dasgupta . Acc 82%; Texture-
2020 [23] 100 Core + margin NR AUC 0.86 - derivatives
Dobruch- ROC

Sobczak 10/13 ROI NR — NR discrimination Pilot
2019 [24] reported
Sannachi Core + mar- Acc 86%;

2023 [25] 208 gin NR AUC 0.90 - Adds subtype
Falou 174 Core *+ mar- NR Balanced Acc . Transfer
2024 [26] gin 86% learning
Tumor ROI + Model used 4
Dasgupta 60/56 serial texture L Week-4 accuracy Randomized
2024 [27] . features ~97-98% feasibility
mapping (week-4)
Taleghamar Tumor ROI Acc 88%; .
2022 [28] 181 (QUS maps) NR AUC 0.86 - Deep learning

Abbreviations: Acc, accuracy; AUC, area under the ROC curve; Sens/Spec, sensitivity /specificity; BL, baseline;
W1/W4/W8, week-1/4/8; NR, not reported; DOSI, diffuse optical spectroscopy; SI, spectral intercept.

o.0E| (AUC 0.87 + 0.06]

AUC

0.80

0.75

0.70

0.65

0.60

Week 1

(AUC 0.92 * 0.02]

Week 4

Figure 2. Pooled early-monitoring performance of QUS radiomics models at week 1 and week 4 of

neoadjuvant chemotherapy.
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Most studies acquired RF data on clinical linear probes near 6-7 MHz with
40-50 MHz RF digitization (e.g., Ultrasonix Sonix RP L14-5/60; GE LOGIQ E9 ML6-
15), applied reference phantom spectral normalization and attenuation correction, and
derived MBF/SS/SI parametric maps with textures [17-23,25,26,28]. Validation favored
subject-level cross-validation (LOPO/LOOCYV) with feature selection, sometimes with class
rebalancing [18,20-23]; truly held-out external sites were uncommon, although multi-
institutional pooling was used in baseline prediction [21] and early monitoring [22]. Transla-
tional readouts included significant Kaplan—Meier separation as early as week 1 (p ~ 0.035)
and week 4 (p ~ 0.027) in an early-change framework [18], prognostic stratification mir-
roring recurrence-free survival in a baseline texture-derivative model [23], survival curves
displayed alongside baseline prediction in a transfer-learning study [26], and, critically, a
randomized feasibility trial demonstrating decision impact where week-4 QUS guidance en-
abled on-therapy adaptation, with several initially predicted non-responders subsequently
achieving favorable outcomes [27]. A European pilot using scattering-coefficient analysis
suggested early cycle discrimination (AUC ~0.82 by dose 2-3) despite small numbers [24],
as presented in Table 3.

Table 3. Translational endpoints, validation, and implementation details.

Response RF Acquisition and
Sites/ Ground Truth Cahl;,r::)tll)f;l:(iyjtem/ Validation and Survival/ Decision
Study External (How Sam linq' Class Imbalance Prognosis Impact/
Validation ”Respopse” Normalizpa tioi’ and Handling Link Implementation
was Defined) Attenuation)
Sonix RP (Ultrasonix) +
Responder = pCR Ll:l;SI\//S_(I);;cgger ROC an.alys.is and
dgzr:aSSe/Zn digitization 40 MHz lo riI;lilctlr‘éarrlea:sion Methods
Single site; tumor size by (8-bit); panoramic ¢ on paigred precedent for
Tranetal, | cdternal ~ RECIST11;  twmorsweepjreference g pogr  Notreported — COmbined QUS
2016 [17] set NR = sta- phantom arameters: o + diffuse optical
ble/pr _r v normalization; —6 dB p «ternal C,V' spectroscopy
¢ cI))r 2% Oe;/ss ¢ bandwidth linear fit ir—fimz oin,t monitoring
decreasg (MBE/SI/SS); IEUC re Ertin
Hamming window; P &
~80% axial overlap
Sonix RP + L14-5/60;
e center ~7 MHz; RF
dmile 40MHz sliding pationtout KM
athological window 2 x 2 mm; cr(f)ss—validation separation Early-change
Tadayyon Single site; rez onse"?y used phantom-based at subject level; k- si. Eiﬁcant at fegsibﬂit i
et Zly no Externai to Ilyabel R/NR spectral normalization; NN/ ]FLD / SVI,\/I V\frgeek-l and tem latg
N . . attenuation coefficient P
2016 [18] set (final surgical estimate (ACE) models; feature week-4 (baseline +
pathology + apolied: features selection (p~0035and W1/W4/W8)
cllinical PP inciu de (sequential p ~ 0.027)
shrinkage) MBE/SS,/SI/SAS/ forward)
ASD/AAC
Momtorm'g RF-based QUS Descriptive
heterogeneity; . ) L
clini- parametric maps; discrimination of Emphasis on
Sadeghi- Single site;  cal/pathological reference-phantom- intra-tumor intra-tumor
8 & 4 P & normalized spectra; heterogeneity; .
Nainietal.,,  no external responder vs. . Not reported heterogeneity
2017 [19] set non-responder textures from QUS internal signals durin,
cate ogi)es (as maps; (group’s cross-validation gnN AC &
de%ine din standard Sonix RP for imaging
cohort) platform) signatures
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Table 3. Cont.
RF Acquisition and
Response Calibration (System/
Sites/ Ground Truth Probe /Frey / Validation and Survival/ Decision
Study External (How Sam linq- Class Imbalance Prognosis Impact/
Validation “Response” Normalizpa tioi’ and Handling Link Implementation
was Defined) .
Attenuation)
Sonix RP + L14-5/60; .
Three-class center ~7 MHz; RF Multg{lg;s) .SVM
response 40 MHz; 2 x 2 mm sub'ect—lelvel Schedules
Sannachi Single site; (CR/PR/NR) analysis window; ~92% cross —]vali dation: W1/W4/W8
etal., no external from clinical & axial/lateral overlap; molecular ! Not reported established for
2018 [20] set pathological phantom bt serial QUS
assessment normalization; ACE in te?;a tggi\/i th monitoring
after NAC applied beffi(zre spectral QUS features
RF-enabled clinical
Multi- systems across centers o
e . Cross-validation
institution . (Sonix RP and GE
o Binary R/NR at on pooled
(4 sites); no sureery from platforms used across mulfi-site set: Demonstrated a
DiCenzo held-out gery network); ’ priori
pathology K-NN best L
etal, external (cohort- phantom-based amone tested Not reported prediction
2020 [21] cohort standard normalization; mo delsg' feature feasibility
beyond . attenuation correction T across sites
o composite) . . selection to limit
multi-site applied prior to . . .
. dimensionality
pooling spectral
parameterization
Two systems: Sonix RP Leave-one-out
Modified +L14-5/60 (center v at sub.e;
dichotomous ~ ~6.3 MHz; RE4A0MHz) |~ %' °" dJom Eatlv.
Multi- criterion: re- and GELOGIQE9 + /%70 o toﬁm
institution ~ sponder = pCR ML6-15 (center ubalance (gassges eneralizati%m
Quiaoit (2 systems or “very low” ~7 MHz; RF 50 MHz); & R )
. for FLD/SVM with mixed
etal, used); no cellularity or phantom (K-NN also Not reported hardware:
2020 [22] separate >30% size normalization reported on standar dize’ d
held-out decrease; non- per-system; ACE via p .
. unbalanced data); normalization
site responder = PD reference phantom . .
or <30% method: —6 dB sequential across devices
R forward feature
decrease bandwidth fit for .
MBE/SI/SS selection
Sonix RP; linear probe; Crosst—;z;ﬁflated
center ~6.5-7 MHz; RF ing /evaluation Reported that
40 MHz; QUS B reentod model-
Pre-treatment parametric maps sub—samplin for predicted A priori
Dasgupta Single large binary R/NR (MBE/SS/SI + BSC stabili psvﬁ /K- groups baseline model
etal., cohort; no from clini- model) — textures — Nlt\ly }FLD mirrored for decision
2020 [23] external site  cal/pathological texture-derivatives; evaluated (SVM actual RFSin  support prior to
endpoint phantom best in paper); follow-up NAC start
normalization; leakage gvcr))i deld (prognostic
attenuation b su%b'ect—level separation)
compensation applied y subje
splits
RF acquisition with
Pathology after  clinical US; integrated Early cvcles
Dobruch- NAC: backscatter/scattering ROC-based re}(,:lic}’,ce d Early European
Sobezak Single site cellularity coefficient computed;  discrimination of ﬁl’iﬂ outcome feasibility using
ot al pilot; no reduction and  serial scans before and early cycles; (AUC ~0.82 scattering
2019 [é’ 4] external set residual size; ~1 week after each small N; no b dose-Z. /3 coefficient
R/NR derived NAC cycle; formal ML CV Ze orted) framework
from histology phantom-referenced p
estimation
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Table 3. Cont.

RF Acquisition and
Response Calibration (System/
Sites/ Ground Truth Probe /Frey / Validation and Survival/ Decision
Study External (How Sam linq- Class Imbalance Prognosis Impact/
Validation “Response” Npng; Handling Link Implementation
. Normalization and
was Defined) .
Attenuation)
Supervised ML
RF-based QUS maps at ensemble;
. Baseline baseline; . s.ub]ect.—lev.el A priori hybrid
. Large single . phantom-normalized  train/validation/
Sannachi . O, (pre-Tx) binary . QUS+subtype
site; internal spectra; test split
etal., . R/NR; subtype . . Not reported approach for
train/val/ . : attenuation-corrected; (reported in .
2023 [25] . included in . baseline
test split labeling model radiomics + paper); decisionin,
& texture-derivatives + calibration &
subtype features assessed; CI
reported
Train/validation Survival
RF-based with separate curves
Baseline R/NR  multi-parametric QUS unseen test set; (OS/RFS) Implementation
Single site at surgery; maps; phantom TL-CNN features  provided by of transfer
Falou et al., - S . g .
2004 [26] with unseen subgroup normalization; + classical clinical learning on
test subset OS/RFS curves  attenuation correction; classifier; class groups; QUS baseline QUS
shown transfer-learning on performance by prediction maps
QUS maps precision/recall reported
reported alongside
Phase-2 RCT (1:1),
stratified by QUS-guided
hormone- adaptive NAC
Sonix RP (L14-5/60, receptor status; p
. allowed
Final response ~6.5 MHz) or GE observational vs. Not a survival oncologist-
Single- LOGIQ E9 (ML6-15, experimental .
L at surgery; . . . study; directed
institution ~6.9 MHz); standard (adaptive) arms; .
Dasgupta week-4 QUS . primary = fea-  changes (e.g.,
random- RF capture; serial model ey
etal., . model used to . . sibility and early taxane,
ized . baseline/W1/W4; pre-trained on . . e
2024 [27] o predict early . prospective intensification,
feasibility phantom prior 100-pt L
. response for N . predictive or early
trial ] normalization; cohort;
adaptation . X performance surgery); 3/5
attenuation-aware prospective .
. R predicted NR
spectral processing validation
adapted —
(week-4 accuracy final responders
~98% stated in P
manuscript)
RF-based CNN with
. . . Demonstrated
. . multi-parametric QUS defined .
Single site ) . 1 deep-learning
Taleghamar . . maps at pre-Tx; train/validation/ R
with Baseline R/NR - feasibility at
etal, internal test af suTEEr phantom test split; reports ~ Not reported ro-Tx for a
2022 [28] set gery normalization; test P rori
attenuation-corrected accuracy/AUC prior
prediction

spectra as DL inputs

for held-out set

RE radiofrequency; MBF/SS/SI, mid-band fit/spectral slope/spectral intercept; BSC, backscatter coeffi-
cient; ASD/SAS, average scatterer diameter/size; AAC/ACE, acoustic attenuation/acoustic concentration or
attenuation-coefficient estimate (per study usage); CV, cross-validation; LOPO/LOOCY, leave-one-patient/leave-
one-out cross-validation; R/NR, responder/non-responder; SVM/K-NN/FLD, support vector machine/k-nearest
neighbors/Fisher’s linear discriminant; TL, transfer learning; CNN, convolutional neural network; KM, Kaplan—
Meier; OS/RFS, overall/recurrence-free survival; AUC, area under the ROC curve; NR, not reported.

Aggregating pre-treatment studies by modeling family, classical ML averages
0.83 % 0.03 accuracy (texture derivatives), deep learning averages 0.87 £ 0.02, and the
hybrid QUS+subtype approach yields 0.88 (single study, no CI). Boxed labels display the
means (£95% CI where multiple studies exist). This pattern suggests a ~4-5-point gain
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moving from handcrafted features to deep/transfer learning or to hybrid QUS+biology at
baseline—useful when a decision is needed before the first chemotherapy cycle (Figure 3).
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Figure 3. Baseline predictive performance of QUS radiomics by modeling family (classical machine
learning, deep learning, and hybrid QUS + molecular subtype).

Risk appraisal shows broadly “some concerns” across patient selection, index test
conduct, reference standard, and analysis for the majority of single-site observational
studies [17-23,25,26,28], driven by convenience sampling, internal-only validation, and
incomplete reporting of blinding, calibration, or nested feature selection. One small pilot
had high risk in patient selection and analysis due to very limited N and reliance on ROC
summaries without formal cross-validation [24]. In contrast, a prospective randomized fea-
sibility trial achieved low risk in several domains, particularly flow/timing, by pre-training
on an external cohort and prospectively validating week-4 predictions in a stratified design,
although external multi-site validation remained unreported [27]. Common analytical
limitations included potential optimism from pre-split feature selection, class imbalance
handling by undersampling, and frequent absence of calibration or decision-curve anal-
ysis [18,20-23]; nonetheless, the pattern of SC rather than H across domains suggests
predominantly moderate, addressable risks that future multi-site, externally validated
protocols could mitigate [25-27], as described in Table 4.
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Table 4. Risk-of-bias (ROB) summary and key limitations.

Analysis
Study I?S:;E:t Reference Flow and (Ccv/
Patient Standard Timing Validation, Overall e i s
(Year) . Leakage Key Limitation(s)/Notes
[Ref.] Selection Prevention, (Re'sp.o.nse (Inte.ryals, Class ROB
Blinding) Definition) Attrition) Imjbalal:lce,
Calibration)
Single-site convenience
cohort; no external
Tran validation; multivariable
2016 [17] SC SC SC L H H modeling without clear
nested CV; per-timepoint
modeling may inflate
optimism.
LOPO CV at patient level;
sequential forward feature
Tadayyon selection (nesting not
2016 [18] sC sC 5C L sC sC explicitly stated);
composite responder
definition.
. Heterogeneity-focused
Sade{g}:ﬂ— monitofrging; iri,ternal cv
Naini SC SC SC L SC SC e .
2017 [19] or1.1y, }muted rep.()rtm.g of
blinding and calibration.
Multiclass SVM with
subject-level CV; no
Sannachi external validation;
2018 [20] SC SC SC L SC SC responder categories
derived from
clinical+pathologic
assessment.
Multi-institution pooling
DiCenzo but no held-out external
2020 [21] SC SC SC L SC SC site; K-NN best on
internal CV; AUC NR at
baseline; calibration NR.
Mixed hardware;
subject-level LOOCYV;
Quiaoit random undersampling
2020 [22] € sC 5C L 5C sC used; feature selection
details limited; external
validation NR.
Subject-level splits stated
to avoid leakage; repeated
Dasgupta subsampling; prognostic
2020 [23] sC L/sC SC L SC SC separation noted but
external validation NR;
calibration limited.
Small pilot; ROC analyses
Dobruch- witholl)rc formal CV; V}éry
Sobczak H SC SC L H H .. . .
2019 [24] limited sample size; high
analysis ROB.
Internal
Sannachi train/ \'Ialid'ation /test split;
2023 [25] SC L/SC SC L SC SC calibration and Cls

reported; still single-center
without external site.
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Table 4. Cont.
Analysis
Index Test Reference Flow and (.CV{
Study . (Feature .. Validation,
Patient Standard Timing Overall T
(Year) . Leakage Class Key Limitation(s)/Notes
Selection - (Response (Intervals, ROB
[Ref.] Prevention, Definition) Attrition) Imbalance,
Blinding) etmition rition Calibra-
tion)
Transfer learning with
Falou separate unseen test set;
SC L/SC SC L SC SC external site NR; per-class
2024 [26] . o
metrics reported; calibration
NR.
Prospective randomized
feasibility with pretrained
Dasgupta model; strong design for
2024 L L/sC L L SC SC flow /timing; external
(RCT) [27] multi-site validation NR;
primary endpoint = decision
impact.
DL with internal
train/val/test splits;
Taleghamar external validation and
2022 [28] ¢ SC SC L SC SC calibration NR; reporting of

class balance handling
limited.

Abbreviations: L = low risk; SC = some concerns; H = high risk; NR = not reported; LOPO = leave-one-patient-out;
CV = cross-validation; DL = deep learning; SVM = support vector machine; R/NR = responder/non-responder;
AUC = area under the ROC curve.

4. Discussion
4.1. Summary of Evidence

Across the included cohorts, two consistent signals emerged: (i) a priori (pre-treatment)
QUS radiomics already separates likely responders from non-responders with clinically use-
ful accuracy, and (ii) early on-treatment updates, within the first one to four weeks, tighten
that separation. This pattern accords with the broader ultrasound radiomics literature out-
side QUS. Pre-treatment, deep learning on multimodal greyscale/color Doppler ultrasound
stratified NAC response with strong performance in independent testing, underscoring
that microstructure- and perfusion-sensitive sonographic features can carry predictive
information before the first infusion [29-31]. Meta-analytic evidence now suggests that
ultrasound-based radiomics models, pooled across algorithms and endpoints, achieve
good discrimination for early response prediction, with performance comparable to many
MRI-based approaches when timepoint and outcome definitions are harmonized [32,33].

The gain with early serial imaging observed in our synthesis mirrors results from delta-
radiomics on conventional ultrasound. Longitudinal models that explicitly encode feature
change after one to two cycles consistently outperformed single-timepoint counterparts
in recent clinical studies, with test set AUCs exceeding 0.90 for both chemoresistance and
PCR classification when post-cycle-2 images were incorporated [30-35]. An open access,
multi-institutional study integrating multimodal ultrasound signals reported that early
dynamic features improved response prediction beyond static baselines, again emphasizing
the actionable window during the first two cycles that our QUS cohorts exploit [36—40].

A recurring strength of QUS pipelines in our review is the explicit modeling of intra-
tumoral heterogeneity and the peritumoral rim. That emphasis is consonant with recent
multicenter ultrasound radiomics work showing that adding peritumoral features improves
discrimination of clinically meaningful biology, including three-class HER?2 states, across
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scanners and institutions [35]. Beyond receptor status, multimodal/clinical fusion has
also proved helpful in hard-to-treat subtypes. For triple-negative disease, a 2025 study in
npj Precision Oncology combined ultrasound with clinicopathologic variables to enhance
response prediction, illustrating how biology-aware models can lift baseline performance
and potentially narrow subgroup variability in accuracy.

When positioned against MRI-based early response imaging, QUS radiomics appears
complementary. Contemporary meta-analysis focused on TNBC indicates that MRI ra-
diomics achieves solid pooled accuracy for pCR prediction, yet performance varies with
reader protocols, timepoints, and endpoints [34]. QUS offers a different trade-off profile:
it is portable, inexpensive, and repeatable at the bedside without contrast or ionizing
radiation, which facilitates dense sampling across cycles and reduces operational barriers
for adaptive care. Emerging multimodal ultrasound frameworks, combining B-mode/color
Doppler textures, delta features, and QUS spectral metrics, suggest that sonography alone
can approximate, and in some contexts rival, MRI discrimination in the critical early
window, while preserving the accessibility and throughput needed for routine NAC moni-
toring [29,30,40].

The methodological implications from our risk appraisal also echo broader reporting
and reproducibility gaps in imaging Al. Updated guidance such as TRIPOD+AI (for pre-
diction models) and the 2024 CLAIM update (for medical-imaging Al) explicitly addresses
common pitfalls we observed, non-nested feature selection, under-reported calibration, and
limited external validation, and provides checklists to standardize training/test segregation,
class imbalance handling, and decision-curve analysis [36,37]. Umbrella reviews of imaging
Al papers continue to show modest CLAIM adherence, reinforcing that future QUS studies
should prospectively adopt these frameworks, include held-out multi-site validation, and
report confidence intervals, calibration, and clinical utility to support translation.

Finally, clinical integration will benefit from design features that have proven useful
in the broader ultrasound-response literature: pre-treatment stratification followed by
early delta updates, incorporation of peritumoral context, and fusion with clinicomolecular
variables. Prospective works in TNBC and multicenter studies of dynamic ultrasound
show that these ingredients can yield robust early predictors and open the door to adaptive
maneuvers within the first two cycles, precisely the treatment window where our pooled
QUS cohorts peaked in discrimination [38—40]. Embedding QUS radiomics into such prag-
matic, biology-aware workflows, while adhering to TRIPOD+AI/CLAIM and planning for
external validation, should clarify incremental value over MRI or elastography and acceler-
ate outcome-focused trials that test whether early QUS-guided escalation/de-escalation
improves event-free survival.

QUS radiomics can be integrated into NAC pathways as a low-cost, bedside, contrast-
free tool to triage patients early: baseline models (accuracy up to 88%) aid pre-cycle
planning, while week-1/4 monitoring (AUC rising from ~0.87 to ~0.92; accuracies 81-86%)
supports timely escalation, switching, or de-escalation. Implementation should prioritize
RF-enabled scanners, reference phantom normalization, attenuation-aware spectral process-
ing, standardized core-plus-peritumoral ROIs, and subject-level validation. Hybrid models
combining QUS with molecular subtype (AUC up to 0.90) and transfer/deep learning
approaches appear promising for robust decision support.

An additional source of heterogeneity is where features are extracted. Several in-
cluded studies used tumor-core ROIs, while others incorporated explicit peritumoral bands
or combined core-plus-margin descriptors; these choices can materially change texture
distributions and learned decision boundaries. More broadly in radiomics, peritumoral
regions (including edema-adjacent habitats) can add complementary biological signal and
improve discrimination in other tumor types, illustrating that ROI definition is not inter-
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References

changeable across studies. This variability limits direct comparability across cohorts and
reinforces the need for standardized, prespecified core and margin protocols in future QUS
radiomics trials.

4.2. Limitations

Evidence is heterogeneous in scanners, frequencies, ROI definitions, endpoints (pCR
vs. composite response), and validation schemes, with frequent reliance on internal cross-
validation, small single-site cohorts, and incomplete calibration/decision-curve reporting.
External/multi-site held-out validation is uncommon, and survival anchoring is limited.
Restricting to open access full texts may omit relevant paywalled studies. These factors
introduce risk of bias and constrain generalizability and meta-analytic pooling.

5. Conclusions

Across clinical cohorts, QUS radiomics shows consistent a priori predictive value and
clinically meaningful early-monitoring gains by weeks 1-4, enabling adaptive NAC without
contrast or radiation. To move from promising diagnostics to practice-changing tools, future
research should standardize RF acquisition and normalization; harmonize ROI/margin
protocols and endpoints; report calibrated, externally validated models (preferably multi-
site); and test decision-impact and survival benefits in prospective trials.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/diagnostics16030425/s1, Supplementary Table S1: PRISMA
Checklist. Reference [41] is cited in the supplementary materials.

Author Contributions: Conceptualization, R.P.; methodology, R.P; software, R.P.; validation, R.P.;
formal analysis, L.G.S.; investigation, L.G.S.; resources, L.G.S.; data curation, A.C.I. and E.T.; writing—
original draft preparation, A.C.I. and E.T.; writing—review and editing, C.C.; visualization, C.C.;
supervision, C.C.; project administration, C.C. All authors have read and agreed to the published
version of the manuscript.

Funding: We would like to acknowledge the Victor Babes University of Medicine and Pharmacy
Timisoara for paying the APC.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.

Acknowledgments: The authors used ChatGPT v4.0, an Al language model developed by OpenAl
(San Francisco, CA, USA), to exclusively improve the manuscript’s language and readability. All the
scientific content, interpretations, and conclusions are the original work of the authors.

Conflicts of Interest: The authors declare no conflicts of interest.

1.  Korde, L.A,; Somerfield, M.R.; Carey, L.A.; Crews, ].R.; Denduluri, N.; Hwang, E.S.; Khan, S.A.; Loibl, S.; Morris, E.A.; Perez, A,;
et al. Neoadjuvant Chemotherapy, Endocrine Therapy, and Targeted Therapy for Breast Cancer: ASCO Guideline. J. Clin. Oncol.
2021, 39, 1485-1505. [CrossRef] [PubMed] [PubMed Central]

2. Gradishar, W.J.; Moran, M.S.; Abraham, J.; Abramson, V.; Aft, R.; Agnese, D.; Allison, K.H.; Anderson, B.; Bailey, J.; Burstein,
H.J.; et al. Breast Cancer, Version 3.2024, NCCN Clinical Practice Guidelines in Oncology. J. Natl. Compr. Cancer Netw. 2024, 22,
331-357. [CrossRef] [PubMed]

3.  Cortazar, P; Zhang, L.; Untch, M.; Mehta, K.; Costantino, J.P.; Wolmark, N.; Bonnefoi, H.; Cameron, D.; Gianni, L.; Valagussa, P;
et al. Pathological complete response and long-term clinical benefit in breast cancer: The CTNeoBC pooled analysis. Lancet 2014,
384, 164-172. Erratum in Lancet 2019, 393, 986. https:/ /doi.org/10.1016/50140-6736(18)32772-7. [CrossRef] [PubMed]

https:/ /doi.org/10.3390/ diagnostics16030425


https://www.mdpi.com/article/10.3390/diagnostics16030425/s1
https://www.mdpi.com/article/10.3390/diagnostics16030425/s1
https://doi.org/10.1200/JCO.20.03399
https://www.ncbi.nlm.nih.gov/pubmed/33507815
https://pmc.ncbi.nlm.nih.gov/articles/PMC8274745
https://doi.org/10.6004/jnccn.2024.0035
https://www.ncbi.nlm.nih.gov/pubmed/39019058
https://doi.org/10.1016/S0140-6736(18)32772-7
https://doi.org/10.1016/S0140-6736(13)62422-8
https://www.ncbi.nlm.nih.gov/pubmed/24529560
https://doi.org/10.3390/diagnostics16030425

Diagnostics 2026, 16, 425 17 of 19

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Conforti, F; Pala, L.; Sala, L; Oriecuia, C.; De Pas, T.; Specchia, C.; Graffeo, R.; Pagan, E.; Queirolo, P.; Pennacchioli, E.; et al.
Evaluation of pathological complete response as surrogate endpoint in neoadjuvant randomised clinical trials of early stage
breast cancer: Systematic review and meta-analysis. BMJ 2021, 375, e066381. [CrossRef] [PubMed] [PubMed Central]

Reig, B.; Lewin, A.A.; Du, L.; Heacock, L.; Toth, HK,; Heller, S.L.; Gao, Y.; Moy, L. Breast MRI for Evaluation of Response to
Neoadjuvant Therapy. Radiographics 2021, 41, 665-679. [CrossRef] [PubMed]

Oelze, M.L.; Mamou, ]. Review of Quantitative Ultrasound: Envelope Statistics and Backscatter Coefficient Imaging and
Contributions to Diagnostic Ultrasound. IEEE Trans. Ultrason. Ferroelectr. Freq. Control. 2016, 63, 336-351. [CrossRef] [PubMed]
[PubMed Central]

Lizzi, EL.; Astor, M.; Feleppa, E.J.; Shao, M.; Kalisz, A. Statistical framework for ultrasonic spectral parameter imaging. Ultrasound
Med. Biol. 1997, 23, 1371-1382. [CrossRef] [PubMed]

Lizzi, FL.; Ostromogilsky, M.; Feleppa, E.J.; Rorke, M.C.; Yaremko, M.M. Relationship of ultrasonic spectral parameters to features
of tissue microstructure. IEEE Trans. Ultrason Ferroelectr. Freq. Control. 1987, 34, 319-329. [CrossRef] [PubMed]

Lin, C.Y;; Cao, L.H.; Wang, ] W.; Zheng, W.; Chen, Y.; Feng, Z.Z.; Li, A.H.; Zhou, ].H. Ultrasonic spectrum analysis for in vivo
characterization of tumor microstructural changes in the evaluation of tumor response to chemotherapy using diagnostic
ultrasound. BMC Cancer 2013, 13, 302. [CrossRef] [PubMed] [PubMed Central]

Vlad, RM.; Brand, S.; Giles, A.; Kolios, M.C.; Czarnota, G.J. Quantitative ultrasound characterization of responses to radiotherapy
in cancer mouse models. Clin. Cancer Res. 2009, 15, 2067-2075. [CrossRef] [PubMed]

Osapoetra, L.O.; Chan, W.; Tran, W.; Kolios, M.C.; Czarnota, G.J. Comparison of methods for texture analysis of QUS parametric
images in the characterization of breast lesions. PLoS ONE 2020, 15, e0244965. [CrossRef] [PubMed] [PubMed Central]

Wang, H.; Chen, W,; Jiang, S.; Li, T.; Chen, F; Lei, J.; Li, R.; Xi, L.; Guo, S. Intra- and peritumoral radiomics features based on
multicenter automatic breast volume scanner for noninvasive and preoperative prediction of HER2 status in breast cancer: A
model ensemble research. Sci. Rep. 2024, 14, 5020. [CrossRef] [PubMed] [PubMed Central]

Janssen, L.M.; den Dekker, B.M.; Gilhuijs, K.G.A.; van Diest, PJ.; van der Wall, E.; Elias, S.G. MRI to assess response after
neoadjuvant chemotherapy in breast cancer subtypes: A systematic review and meta-analysis. NPJ Breast Cancer 2022, 8, 107.
[CrossRef] [PubMed] [PubMed Central]

Jin, J.; Liu, Y.H.; Zhang, B. Diagnostic Performance of Strain and Shear Wave Elastography for the Response to Neoadjuvant
Chemotherapy in Breast Cancer Patients: Systematic Review and Meta-Analysis. ]. Ultrasound Med. 2022, 41, 2459-2466.
[CrossRef] [PubMed]

Cerussi, A.; Hsiang, D.; Shah, N.; Mehta, R.; Durkin, A.; Butler, J.; Tromberg, B.]. Predicting response to breast cancer neoadjuvant
chemotherapy using diffuse optical spectroscopy. Proc. Natl. Acad. Sci. USA 2007, 104, 4014-4019. [CrossRef] [PubMed] [PubMed
Central]

Page, M.].; McKenzie, J.E.; Bossuyt, PM.; Boutron, I.; Hoffmann, T.C.; Mulrow, C.D.; Shamseer, L.; Tetzlaff, ] M.; Akl, E.A,;
Brennan, S.E.; et al. The PRISMA 2020 statement: An updated guideline for reporting systematic reviews. Syst. Rev. 2021, 10, 89.
[CrossRef] [PubMed] [PubMed Central]

Tran, W.T,; Childs, C.; Chin, L.; Slodkowska, E.; Sannachi, L.; Tadayyon, H.; Watkins, E.; Wong, S.L.; Curpen, B.; El Kaffas, A;
et al. Multiparametric monitoring of chemotherapy treatment response in locally advanced breast cancer using quantitative
ultrasound and diffuse optical spectroscopy. Oncotarget 2016, 7, 19762-19780. [CrossRef] [PubMed] [PubMed Central]
Tadayyon, H.; Sannachi, L.; Gangeh, M.; Sadeghi-Naini, A.; Tran, W.; Trudeau, M.E,; Pritchard, K.; Ghandi, S.; Verma, S.; Czarnota,
G.J. Quantitative ultrasound assessment of breast tumor response to chemotherapy using a multi-parameter approach. Oncotarget
2016, 7, 45094-45111. Erratum in Oncotarget 2017, 8, 35481. https://doi.org/10.18632/oncotarget.18068. [CrossRef]
Sadeghi-Naini, A.; Sannachi, L.; Tadayyon, H.; Tran, W.T.; Slodkowska, E.; Trudeau, M.; Gandhi, S.; Pritchard, K.; Kolios, M.C.
Chemotherapy-Response Monitoring of Breast Cancer Patients Using Quantitative Ultrasound-Based Intra-Tumour Hetero-
geneities. Sci. Rep. 2017, 7, 10352. [CrossRef]

Sannachi, L.; Gangeh, M.; Tadayyon, H.; Sadeghi-Naini, A.; Gandhi, S.; Wright, EC.; Slodkowska, E.; Curpen, B.; Tran, W,;
Czarnota, G.J. Response monitoring of breast cancer patients receiving neoadjuvant chemotherapy using quantitative ultrasound,
texture, and molecular features. PLoS ONE 2018, 13, e0189634. [CrossRef] [PubMed] [PubMed Central]

DiCenzo, D.; Quiaoit, K.; Fatima, K.; Bhardwaj, D.; Sannachi, L.; Gangeh, M.; Sadeghi-Naini, A.; Dasgupta, A.; Kolios, M.C;
Trudeau, M.; et al. Quantitative ultrasound radiomics in predicting response to neoadjuvant chemotherapy in patients with
locally advanced breast cancer: Results from multi-institutional study. Cancer Med. 2020, 9, 5798-5806. [CrossRef] [PubMed]
[PubMed Central]

Quiaoit, K.; DiCenzo, D.; Fatima, K.; Bhardwaj, D.; Sannachi, L.; Gangeh, M.; Sadeghi-Naini, A.; Dasgupta, A.; Kolios, M.C;
Trudeau, M; et al. Quantitative ultrasound radiomics for therapy response monitoring in patients with locally advanced breast
cancer: Multi-institutional study results. PLoS ONE 2020, 15, e0236182. [CrossRef] [PubMed] [PubMed Central]

https:/ /doi.org/10.3390/ diagnostics16030425


https://doi.org/10.1136/bmj-2021-066381
https://www.ncbi.nlm.nih.gov/pubmed/34933868
https://pmc.ncbi.nlm.nih.gov/articles/PMC8689398
https://doi.org/10.1148/rg.2021200134
https://www.ncbi.nlm.nih.gov/pubmed/33939542
https://doi.org/10.1109/TUFFC.2015.2513958
https://www.ncbi.nlm.nih.gov/pubmed/26761606
https://pmc.ncbi.nlm.nih.gov/articles/PMC5551399
https://doi.org/10.1016/S0301-5629(97)00200-7
https://www.ncbi.nlm.nih.gov/pubmed/9428136
https://doi.org/10.1109/T-UFFC.1987.26950
https://www.ncbi.nlm.nih.gov/pubmed/18291854
https://doi.org/10.1186/1471-2407-13-302
https://www.ncbi.nlm.nih.gov/pubmed/23800247
https://pmc.ncbi.nlm.nih.gov/articles/PMC3698196
https://doi.org/10.1158/1078-0432.CCR-08-1970
https://www.ncbi.nlm.nih.gov/pubmed/19276277
https://doi.org/10.1371/journal.pone.0244965
https://www.ncbi.nlm.nih.gov/pubmed/33382837
https://pmc.ncbi.nlm.nih.gov/articles/PMC7775053
https://doi.org/10.1038/s41598-024-55838-4
https://www.ncbi.nlm.nih.gov/pubmed/38424285
https://pmc.ncbi.nlm.nih.gov/articles/PMC10904744
https://doi.org/10.1038/s41523-022-00475-1
https://www.ncbi.nlm.nih.gov/pubmed/36123365
https://pmc.ncbi.nlm.nih.gov/articles/PMC9485124
https://doi.org/10.1002/jum.15930
https://www.ncbi.nlm.nih.gov/pubmed/34967455
https://doi.org/10.1073/pnas.0611058104
https://www.ncbi.nlm.nih.gov/pubmed/17360469
https://pmc.ncbi.nlm.nih.gov/articles/PMC1805697
https://pmc.ncbi.nlm.nih.gov/articles/PMC1805697
https://doi.org/10.1186/s13643-021-01626-4
https://www.ncbi.nlm.nih.gov/pubmed/33781348
https://pmc.ncbi.nlm.nih.gov/articles/PMC8008539
https://doi.org/10.18632/oncotarget.7844
https://www.ncbi.nlm.nih.gov/pubmed/26942698
https://pmc.ncbi.nlm.nih.gov/articles/PMC4991417
https://doi.org/10.18632/oncotarget.18068
https://doi.org/10.18632/oncotarget.8862
https://doi.org/10.1038/s41598-017-09678-0
https://doi.org/10.1371/journal.pone.0189634
https://www.ncbi.nlm.nih.gov/pubmed/29298305
https://pmc.ncbi.nlm.nih.gov/articles/PMC5751990
https://doi.org/10.1002/cam4.3255
https://www.ncbi.nlm.nih.gov/pubmed/32602222
https://pmc.ncbi.nlm.nih.gov/articles/PMC7433820
https://doi.org/10.1371/journal.pone.0236182
https://www.ncbi.nlm.nih.gov/pubmed/32716959
https://pmc.ncbi.nlm.nih.gov/articles/PMC7384762
https://doi.org/10.3390/diagnostics16030425

Diagnostics 2026, 16, 425 18 of 19

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Dasgupta, A.; Brade, S.; Sannachi, L.; Quiaoit, K.; Fatima, K.; DiCenzo, D.; Osapoetra, L.O.; Saifuddin, M.; Trudeau, M.; Gandhi,
S.; et al. Quantitative ultrasound radiomics using texture derivatives in prediction of treatment response to neo-adjuvant
chemotherapy for locally advanced breast cancer. Oncotarget 2020, 11, 3782-3792. [CrossRef] [PubMed] [PubMed Central]
Dobruch-Sobczak, K.; Piotrzkowska-Wréblewska, H.; Klimoda, Z.; Secomski, W.; Karwat, P.; Markiewicz-Grodzicka, E.;
Kolasiriska-Cwikta, A.; Roszkowska-Purska, K.; Litniewski, J. Monitoring the response to neoadjuvant chemotherapy in patients
with breast cancer using ultrasound scattering coefficient: A preliminary report. J. Ultrason. 2019, 19, 89-97. [CrossRef] [PubMed]
[PubMed Central]

Sannachi, L.; Osapoetra, L.O.; DiCenzo, D.; Halstead, S.; Wright, F.; Look-Hong, N. A priori prediction of breast cancer response
to neoadjuvant chemotherapy using quantitative ultrasound, texture derivative and molecular subtype. Sci. Rep. 2023, 13, 22687.
[CrossRef] [PubMed]

Falou, O.; Sannachi, L.; Haque, M.; Czarnota, G.J.; Kolios, M. Transfer learning of pre-treatment quantitative ultrasound
multi-parametric images for the prediction of breast cancer response to neoadjuvant chemotherapy. Sci. Rep. 2024, 14, 2340.
[CrossRef]

Dasgupta, A.; DiCenzo, D.; Sannachi, L.; Gandhi, S.; Pezo, R.C.; Eisen, A.; Warner, E.; Wright, F.C.; Look-Hong, N.; Sadeghi-Naini,
A.; et al. Quantitative ultrasound radiomics guided adaptive neoadjuvant chemotherapy in breast cancer: Early results from a
randomized feasibility study. Front Oncol. 2024, 14, 1273437. [CrossRef] [PubMed] [PubMed Central]

Taleghamar, H.; Jalalifar, S.A.; Czarnota, G.J.; Sadeghi-Naini, A. Deep learning of quantitative ultrasound multi-parametric
images at pre-treatment to predict breast cancer response to chemotherapy. Sci. Rep. 2022, 12, 2244. [CrossRef] [PubMed]
[PubMed Central]

Gu, J.; Zhong, X.; Fang, C.; Lou, W.; Fu, P; Woodruff, H.C.; Wang, B.; Jiang, T.; Lambin, P. Deep Learning of Multimodal
Ultrasound: Stratifying the Response to Neoadjuvant Chemotherapy in Breast Cancer Before Treatment. Oncologist 2024, 29,
e187-e197. [CrossRef] [PubMed] [PubMed Central]

Wang, M.; Huang, Z.; Tian, H.; Mo, S.; Wu, H.; Xu, J.; Dong, F. Longitudinal Ultrasound Delta Radiomics for Early Stratified
Prediction of Tumor Response to Neoadjuvant Chemotherapy in Breast Cancer. Acad. Radiol. 2025, 32, 7119-7133. [CrossRef]
[PubMed]

Peng, Q.; Ji, Z.; Xu, N.; Dong, Z.; Zhang, T.; Ding, M.; Qu, L.; Liu, Y,; Xie, J.; Jin, F; et al. Prediction of neoadjuvant chemotherapy
efficacy in patients with HER2-low breast cancer based on ultrasound radiomics. Cancer Imaging 2025, 25, 112. [CrossRef]
[PubMed] [PubMed Central]

Li, Z,; Liu, X.; Gao, Y.; Lu, X.; Lei, ]. Ultrasound-based radiomics for early predicting response to neoadjuvant chemotherapy in
patients with breast cancer: A systematic review with meta-analysis. Radiol. Med. 2024, 129, 934-944. [CrossRef] [PubMed]
Valizadeh, P.,; Jannatdoust, P.; Moradi, N.; Yaghoobpoor, S.; Toofani, S.; Rafiei, N.; Moodi, F.; Ghorani, H.; Arian, A. Ultrasound-
based machine learning models for predicting response to neoadjuvant chemotherapy in breast cancer: A meta-analysis. Clin.
Imaging 2025, 125, 110574. [CrossRef] [PubMed]

Zhang, J.; Wu, Q.; Lei, P,; Zhu, X,; Li, B. MRI-based radiomics models for early predicting pathological response to neoadjuvant
chemotherapy in triple-negative breast cancer: A systematic review and meta-analysis. J. Appl. Clin. Med. Phys. 2025, 26, €70296.
[CrossRef] [PubMed] [PubMed Central]

Luo, S.; Chen, X; Yao, M.; Ying, Y.; Huang, Z.; Zhou, X. Intratumoral and peritumoral ultrasound-based radiomics for preoperative
prediction of HER2-low breast cancer: A multicenter retrospective study. Insights Imaging 2025, 16, 53. [CrossRef] [PubMed]
Collins, G.S.; Moons, K.G.M.; Dhiman, P; Riley, R.D.; Beam, A L.; Van Calster, B.; Ghassemi, M.; Liu, X.; Reitsma, ].B.; van Smeden,
M.; et al. TRIPOD+AI statement: Updated guidance for reporting clinical prediction models that use regression or machine
learning methods. BM]J 2024, 385, e078378. Erratum in BM] 2024, 385, q902. https://doi.org/10.1136/bmj.q902. [CrossRef]
[PubMed]

Tejani, A.S.; Klontzas, M.E.; Gatti, A.A.; Mongan, ].T.; Moy, L.; Park, S.H.; Kahn, C.E., Jr. CLAIM 2024 Update Panel. Checklist for
Artificial Intelligence in Medical Imaging (CLAIM): 2024 Update. Radiol. Artif. Intell. 2024, 6, €240300. [CrossRef] [PubMed]
[PubMed Central]

Kogak, B.; Kose, F; Keles, A.; Sendur, A.; Mese, I.; Karagiille, M. Adherence to the Checklist for Artificial Intelligence in Medical
Imaging (CLAIM): An umbrella review with a comprehensive two-level analysis. Diagn. Interv. Radiol. 2025, 31, 440-455.
[CrossRef] [PubMed] [PubMed Central]

Lyu, M., Yi, S.; Li, C.; Xie, Y.; Liu, Y.; Xu, Z.; Wei, Z.; Lin, H.; Zheng, Y.; Huang, C. Multimodal prediction based on ultrasound for
response to neoadjuvant chemotherapy in triple negative breast cancer. npj Precis. Onc 2025, 9, 259. [CrossRef]

https:/ /doi.org/10.3390/ diagnostics16030425


https://doi.org/10.18632/oncotarget.27742
https://www.ncbi.nlm.nih.gov/pubmed/33144919
https://pmc.ncbi.nlm.nih.gov/articles/PMC7584238
https://doi.org/10.15557/JoU.2019.0013
https://www.ncbi.nlm.nih.gov/pubmed/31355579
https://pmc.ncbi.nlm.nih.gov/articles/PMC6750328
https://doi.org/10.1038/s41598-023-49478-3
https://www.ncbi.nlm.nih.gov/pubmed/38114526
https://doi.org/10.1038/s41598-024-52858-y
https://doi.org/10.3389/fonc.2024.1273437
https://www.ncbi.nlm.nih.gov/pubmed/38706611
https://pmc.ncbi.nlm.nih.gov/articles/PMC11066296
https://doi.org/10.1038/s41598-022-06100-2
https://www.ncbi.nlm.nih.gov/pubmed/35145158
https://pmc.ncbi.nlm.nih.gov/articles/PMC8831592
https://doi.org/10.1093/oncolo/oyad227
https://www.ncbi.nlm.nih.gov/pubmed/37669223
https://pmc.ncbi.nlm.nih.gov/articles/PMC10836325
https://doi.org/10.1016/j.acra.2025.09.011
https://www.ncbi.nlm.nih.gov/pubmed/41027781
https://doi.org/10.1186/s40644-025-00934-5
https://www.ncbi.nlm.nih.gov/pubmed/41013799
https://pmc.ncbi.nlm.nih.gov/articles/PMC12465587
https://doi.org/10.1007/s11547-024-01783-1
https://www.ncbi.nlm.nih.gov/pubmed/38630147
https://doi.org/10.1016/j.clinimag.2025.110574
https://www.ncbi.nlm.nih.gov/pubmed/40769066
https://doi.org/10.1002/acm2.70296
https://www.ncbi.nlm.nih.gov/pubmed/41094242
https://pmc.ncbi.nlm.nih.gov/articles/PMC12527642
https://doi.org/10.1186/s13244-025-01934-6
https://www.ncbi.nlm.nih.gov/pubmed/40053171
https://doi.org/10.1136/bmj.q902
https://doi.org/10.1136/bmj-2023-078378
https://www.ncbi.nlm.nih.gov/pubmed/38626948
https://doi.org/10.1148/ryai.240300
https://www.ncbi.nlm.nih.gov/pubmed/38809149
https://pmc.ncbi.nlm.nih.gov/articles/PMC11304031
https://doi.org/10.4274/dir.2025.243182
https://www.ncbi.nlm.nih.gov/pubmed/39937033
https://pmc.ncbi.nlm.nih.gov/articles/PMC12417908
https://doi.org/10.1038/s41698-025-01057-7
https://doi.org/10.3390/diagnostics16030425

Diagnostics 2026, 16, 425 19 of 19

40. Wang, S.; Liu, J,; Song, L.; Zhao, H.; Wan, X.; Peng, Y. Integrative multimodal ultrasound and radiomics for early prediction of
neoadjuvant therapy response in breast cancer: A clinical study. BMC Cancer 2025, 25, 1156. [CrossRef] [PubMed] [PubMed
Central]

41. Page, M.].; McKenzie, J.E.; Bossuyt, PM.; Boutron, I.; Hoffmann, T.C.; Mulrow, C.D.; Shamseer, L.; Tetzlaff, ] M.; Akl, E.A.;
Brennan, S.E.; et al. The PRISMA 2020 statement: An updated guideline for reporting systematic reviews. BM]J 2021, 372, n71.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/ diagnostics16030425


https://doi.org/10.1186/s12885-025-14556-4
https://www.ncbi.nlm.nih.gov/pubmed/40629283
https://pmc.ncbi.nlm.nih.gov/articles/PMC12239399
https://pmc.ncbi.nlm.nih.gov/articles/PMC12239399
https://doi.org/10.1136/bmj.n71
https://doi.org/10.3390/diagnostics16030425

	Introduction 
	Materials and Methods 
	Protocol and Registration 
	Eligibility Criteria 
	Information Sources and Search Strategies 
	Selection Process 
	Risk of Bias 

	Results 
	Discussion 
	Summary of Evidence 
	Limitations 

	Conclusions 
	References

