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Breast cancer remains one of the most heterogeneous malignancies, with marked variabil-
ity in biology, therapeutic sensitivity, and clinical outcomes. As treatment strategies evolve
toward individualized approaches, early and accurate assessment of response has become
critical for optimizing outcomes and minimizing toxicity. Recent Findings: '*F-FDG PET/CT
provides a biologically grounded, non-invasive measure of tumour metabolism, heterogene-
ity, and early treatment adaptation. Baseline metrics such as SUVmax, metabolic tumour
volume (MTV), and total lesion glycolysis (TLG)—reflect proliferative drive and aggres-
siveness, while early changes (ASUV, AMTV/TLG after 1—2 cycles) predict pathological
complete response (pCR) with high negative predictive value. PET-derived nomograms inte-
grating clinical, molecular, and metabolic data outperform clinicopathologic models alone.
Radiomic and artificial-intelligence (AD analyses further refine prediction by quantifying
spatial heterogeneity and enabling subtype-specific modelling. Joint EANM/SNMMI guide-
lines and NCCN recommendations increasingly endorse '®F-FDG PET/CT for staging and
response monitoring in high-risk or locally advanced disease. '8F-FDG PET/CT has transi-
tioned from staging to precision-response prediction, particularly in HER2-positive and tri-
ple-negative breast cancer. Integration into Al driven nomograms supports adaptive,
patient-tailored decisions that minimize toxicity and cost while maximizing benefit. Prospec-
tive multicentre validation aligned with EANM/SNMMI/NCCN guidance will consolidate
PET’s role in adaptive oncology.

Semin Nucl Med 56:86-96 © 2025 The Author(s). Published by Elsevier Inc. This is an open
access article under the CC BY-NC license
(http://creativecommons.org/licenses/by-nc/4.0/)

Introduction ineffective therapy exposes patients to avoidable toxicity,

erodes their quality of life, delays access to more effective

B reast cancer remains one of the foremost causes of can- alternatives, and inflates both direct (drug, infusion, hospital-

cer-related morbidity and mortality worldwide, exerting ization) and indirect (productivity, caregiving) costs-without

a profound clinical and economic toll on patients and health conferring clinical benefit. Optimizing early treatment

systems alike.' Despite substantial advances in surgical tech- response prediction is therefore not only a scientific pursuit
niques, systemic therapies, and radiation strategies, outcomes but also a clinical, ethical, and economic imperative.”

remain heterogeneous, reflecting the biological complexity of The intrinsic heterogeneity of breast cancer biology

the disease.” In this setting, the decision to initiate or con- underpins much of the observed variability in therapeutic

tinue cytotoxic chemotherapy carries weighty implications as response. Molecular attributes such as estrogen and pro-

gesterone receptor expression, HER2 amplification, Ki-67
proliferation index, and intrinsic subtype (Luminal A/B,
HER2-enriched, or triple-negative) govern tumor metabo-
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tomography (PET) captures them in real time, offering a
more direct window into tumor biology.”

'E_FDG PET/CT is uniquely suited for this purpose. By
quantifying glucose metabolism, which is a hallmark of
aggressive phenotypes driven by GLUT-1 upregulation,
hexokinase activity, and HIF-1e signalling, it provides a sen-
sitive functional assessment of tumor viability and therapeu-
tic response. Baseline parameters such as SUVmax, metabolic
tumor volume (MTV), and total lesion glycolysis (TLG), as
well as early on-treatment changes (ASUV, AMTV/TLG after
one or two cycles of chemotherapy), serve as surrogates for
proliferation and hypoxia, correlating strongly with patho-
logical complete response (pCR), progression-free survival,
and overall survival across molecular subtypes.”

Beyond conventional semi-quantitative indices, texture
and radiomic features derived from FDG PET reveal spatial
heterogeneity, thereby capturing clonal diversity and micro-
environmental complexity which may discriminate respond-
ers from non-responders more precisely. This is particularly
relevant in HER2-positive and triple-negative disease, where
early metabolic adaptation often precedes morphological
change. Reliance on anatomical tumor shrinkage alone is
therefor increasingly inadequate. Metabolic alterations occur
earlier and should inform therapy decisions such as escala-
tion, de-escalation, or regimen switching before irreversible
resistance develops.’

To operationalize these multifactorial insights, predictive
nomograms and machine-learning models provide a practical
translational bridge. By integrating clinicopathologic varia-
bles (e.g., patient age, disease stage, tumor subtype, Ki-67),
treatment characteristics, and PET-derived biomarkers (base-
line MTV/TLG, early ASUV, heterogeneity indices), such
models can generate individualized probabilities of pCR or
therapeutic failure (Fig. 1). These tools refine patient coun-
selling, minimize futile toxicity, optimize resource allocation,
and enable biomarker-driven trial design. Importantly,
nomograms incorporating early metabolic treatment
response parameters outperform those that are based on clin-
ical variables alone. '’

Current SNMMI, EANM, and NCCN guidelines increas-
ingly converge in recognizing '®F-FDG PET/CT as integral to
staging and treatment response assessment in locally
advanced or biologically aggressive breast cancers—particu-
larly from stage 1IB up, in HER2-positive, and triple-negative
subtypes. The 2024 EANM/SNMMI joint position statement
highlights early metabolic assessment as a critical tool for
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adaptive therapy, while the NCCN supports its selective use
in high-risk or equivocal cases where imaging results may
alter management.' "'

Against this background, the current overview examines
the role of '®F-FDG PET in predicting treatment response in
breast cancer, emphasizing how PET-augmented nomograms
and Al-driven frameworks may advance precision oncology
by improving outcomes while reducing the human and eco-
nomic cost of ineffective chemotherapy.

Pathophysiology of breast
cancer: visualizing heterogeneity
and metabolic reprogramming
with "F-FDG PET for predicting
therapeutic response

Breast cancer represents a biologically diverse disease encom-
passing wide variation at the molecular, histopathological
and metabolic levels. Clinically, it is stratified according to
estrogen and progesterone receptor expression (ER/PR),
HER2 amplification, and the proliferation index (Ki-67).
Luminal A tumors (ER/PR-positive, HER2-negative and low
Ki-67) typically exhibit slower growth with a more favour-
able prognosis. Luminal B cancers retain ER positivity but
often lose PR expression, may express HER2, and demon-
strate high Ki-67, reflecting greater proliferative drive and
higher treatment resistance. HER2-enriched and triple-nega-
tive breast cancers (TNBC), (defined by the absence of ER,
PR, and HER2) represent the most aggressive phenotypes,
characterized by rapid proliferation, limited therapeutic
options, and poorer outcomes.'” '’

This biological diversity translates into complex patho-
physiology driven by dysregulated signalling networks. Aber-
rant  steroid hormone  pathways, = HER2-mediated
proliferation, cyclin-dependent kinase activation (e.g., CDK9
in luminal B/HER2+), and upregulation of inflammatory
mediators such as COX-2 and prostaglandins also contribute
to tumor progression.' '® Metabolic reprogramming (most
prominently a shift toward aerobic glycolysis) further facili-
tates uncontrolled proliferation, invasion, and therapeutic
resistance. Enhanced glycolysis in breast cancer is sustained
through upregulation of glucose transporter-1 (GLUT-1),
increased hexokinase 11 activity, and stabilization of HIF-1a
under hypoxia. Activation of PI3K/AKT/mTOR and MYC
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Fig. 1 Process and determinants in response prediction and risk stratification.
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signalling consolidates this glycolytic phenotype, leading to
increased lactate production and acidic microenvironments
that favour invasion and immune evasion.'’~'” Lipid and
amino acid metabolic rewiring complements these processes,
maintaining energy balance and biosynthetic flux during
treatment-induced stress. Collectively, these pathways
explain the marked '®F-FDG avidity observed in HER2-posi-
tive and triple-negative tumors, in contrast to the lower meta-
bolic activity typlcally seen in better differentiated (e.g.
luminal A) disease.'

Baseline PET parameters, such as SUVmax '
tumor volume (MTV)'? and total lesion glycolysis (TLG)
correlate strongly with adverse biological and clinicopatho-
logic features. This includes high Ki-67, hormone receptor
negativity, nodal involvement, and larger primary tumour
size. In early HER2-positive disease, higher SUVmax corre-
sponds to increased HER2 expression, larger tumors, and
nodal positivity, while FDG-negative tumours often corre-
spond to smaller, lower-grade lesions with favourable gene-
expression profiles (e.g., low PAMS50 recurrence risk).”'**

Importantly, FDG avidity reflects more than just tumour
cell metabolism. It also captures host—tumour interactions,
immune activation, and stromal remodelling within the
tumor microenvironment (TME).”” Uptake heterogeneity
therefor mirrors spatial variations in hypoxia, angiogenesis,
and inflammatory infiltration.

Stromal COX-2/prostaglandin'® signalling and cytokine-
mediated feedback loops amplify metabolic flux, contribut-
ing to treatment resistance and recurrence. Radiomic and tex-
ture analyses of FDG uptake patterns have thus emerged as
non-invasive markers of clonal diversity and microenviron-
mental reactivity.””

At the cellular level, therapy itself drives metabolic adapta-
tion. Exposure to chemotherapy, radiation, or targeted agents
induces stress responses that are characterized by increased
glycolysis, mitochondrial reactivation, and lipid metabolism
shifts. Under these conditions, polyploid giant cancer cells
(PGCCs) may emerge. These are large, multinucleated, ther-
apy-resistant entities that enter transient senescence to later
produce diploid, stem-like progeny that repopulates the
tumor. Their survival is critically dependent on HIF-le-
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driven glycolysis, making persistent post-therapy metabolic
activity on FDG PET a potential signature of resistant clones
rather than residual bulk disease.””

Beyond the tumor, systemic inflammation and host metabo-
lism increasingly influence outcome. Elevated FDG uptake in
the spleen and visceral adipose tissue (VAT) serves as a surro-
gate of immune activation and inflammatory tone. Composite
models that integrate tumor SUV with splenic SUV, VAT
uptake, circulating cytokines, and microbiome signatures out-
perform single-parameter metrics in predicting recurrence and
survival. This underscores the importance of the bidirectional
relationship between tumour and host metabolism.””*

Imaging with '"®F-FDG PET/CT thus enables comprehen-
sive, whole-body, non-invasive visualization of these inter-
twined pathophysiologic processes. It captures the molecular
aggressiveness, adaptive resistance and systemic context that
determine therapeutic outcomes. Among the key semi-quan-
titative parameters, the SUVmax remains the most widely
validated (and used) predictor of treatment response and sur-
vival, anchoring metabolic imaging as a cornerstone in preci-

sion oncology (Fig. 2)."%*’

1SF.FDG PET/CT for prediction of
therapeutic response

'8E.FDG PET/CT (through its quantification of glucose
metabolism) provides a dynamic, biologically grounded win-
dow into tumour aggressiveness and therapeutic sensitivity.
Its avidity mirrors glycolytic reprogramming as a hallmark of
oncogenic signalling and resistance potential. Thus serving as
a powerful surrogate for tumour biology and treatment
response across breast cancer subtypes.”>”’

The SUVmax of the primary tumour correlates with
aggressive features such as size, nodal involvement, hormone
receptor negativity, high Ki-67 index, histologic grade, and
increased HER2 expression to function as an integrated phe-
notypic risk marker. Beyond a pure binary HER2 classifica-
tion (positive vs negative), radiomic signatures from FDG
PET can non-invasively differentiate HER2-overexpression
from HER2-low and HER2-zero phenotypes with externally
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Fig. 2 Aspects of breast cancer pathogenesis that can be imaged with '®F-FDG PET.
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validated performance. This supports PET’s potential role as
a genomic surrogate when biopsy is limited or tumour het-
erogeneity is pronounced. Additionally, it is both impractical
and unethical to biopsy every lesion, highlighting the advan-
tage of whole-body PET imaging for characterization and
mapping of disease heterogeneity.” >’

A 2022 study by Gong et al. included 51 HER2-positive
metastatic breast cancer patients and evaluated the role of
FDG PET during chemotherapy by capturing spatial hetero-
geneity (HI-inter, Hl-intra), to predict pyrotinib response.
Their results revealed that high heterogeneity during treat-
ment response evaluation could indicate evolving resistance,
as baseline high HI predicted significantly shorter PFS (10.6-
11.2vs. 25.3 months). These findings highlight the spatial
'E-FDG uptake as a biomarker for response during targeted
chemotherapy, providing a method to assess intra-tumoural
variability mid-treatment to guide treatment decisions in het-
erogeneous tumors. ' It also suggests the possibility of using
FDG PET as a surrogate predictor of treatment response in
the absence of FES-PET.

Baseline metabolic burden

Quantitative baseline PET semi-quantitative parameters such
as SUVmax, SUV mean, metabolic tumour volume (MTV),
and total lesion glycolysis (TLG) provide important prognos-
tic insights prior to treatment initiation. A high baseline SUV-
max or increased MTV/TLG independently predict a worse
progression-free and overall survival, thus reflecting prolifer-
ative drive, tumour hypoxia, and overall disease burden.>”

In early HER2-positive disease, SUVmax correlates posi-
tively with HER2 expression and Ki-67, confirming that met-
abolic activity parallels oncogenic signalling intensity.
Baseline MTV thresholds have also been shown to identify
patients unlikely to achieve pathological complete response
(pCR) despite standard neoadjuvant chemotherapy (NAC),
aiding risk-adapted therapy selection.” !

A study of 286 Primarily pre-therapeutic patients by Najid
et al., links baseline Total metabolic tumour volume (TMTV)
to response during neoadjuvant chemotherapy (NAC). Their
results indicated that a high TMTV (>9.0 cm?) was associ-
ated with no-pathological Complete Response (pCR)
(OR=2.4, p < 0.01). This implies that interim PET/CT could
monitor TMTV changes during NAC to refine predictions, as
high baseline TMTV also predicted shorter RFS (HR=4.0,
p < 0.01). This suggests a role for serial PET imaging to eval-
uate evolving burden and supports using '®F-FDG PET/CT
during neoadjuvant chemotherapy (NAC) to track metabolic
changes, potentially identifying non-responders early for
intensified or changed therapies.

Early metabolic response assessment represents one of
FDG PET’s most transformative applications. Reductions in
SUVmax or TLG after one or two NAC cycles strongly corre-
late with pCR and survival, which is well before morphologi-
cal changes usually occur.””

Kitajima et al. conducted a prospective study which included
33 patients with recurrent or metastatic breast cancer who

underwent FDG PET/CT imaging both at baseline and after one
cycle of systemic therapy. Early responses were evaluated using
EORTC criteria. Responders (complete/partial metabolic
response) showed a mean SUVmax reduction of 55.8%, while
non-responders had minimal change (+0.47%, p < 0.0001),
consistent across lesion sites like lymph nodes, bone, lung, and
liver. Early PET/CT predicted progression-free survival (PFS),
with responders having significantly longer PES (p =0.0038),
highlighting its utility for early identification of ineffective thera-
pies during treatment.”” Their study demonstrated that ‘°F-
FDG PET/CT performed after just one cycle of chemotherapy
detects metabolic changes earlier than anatomical imaging,
which enables timely therapy modifications in metastatic set-
tings. This approach could potentially reduce toxicity from pro-
longed ineffective chemotherapy and improve overall survival
(0S) by guiding switches to alternative regimens.

A recent retrospective analysis by Akkaya and colleagues of
109 breast cancer patients compared changes in Dynamic
Contrast-enhanced (DCE)-MRI and '®F-FDG PET/CT
parameters during neoadjuvant therapy (NAC) to predict
pathological response. During treatment, changes in PET
SUV mean was the strongest predictor (AUC 0.724), outper-
forming DCE-MRI. Post-NAC SUV mean was also significant
(p=0.003, AUC 0.673). Patients with a partial treatment
response demonstrated a higher change in wash-out rate on
MRI (p=0.024), but PET/CT delta parameters better distin-
guished complete vs. partial response, suggesting superior
monitoring of metabolic shifts during NAC. ™

These results emphasize the role of "®F-FDG PET/CT in
assessing response changes during NAC, with delta metrics
providing complementary prognostic information to baseline
values. Use of FDG PET could enhance mid-treatment evalu-
ations, allowing for adaptive strategies in non-responders
and improving pathological outcomes. ™

The PHERGain trial is a randomised, open-label, phase 2
trial that took place in 45 hospitals in seven European coun-
tries. Patients with HER2-positive, stage I—I1II A invasive, oper-
able breast cancer with at least one PET-evaluable lesion
underwent baseline imaging and follow-up imaging after 2
treatment cydes.‘“w In a sub-study, named RESPONSE, clin-
icopathological and molecular predictors of '®F-FDG-PET dis-
ease detection were evaluated.”” Baseline '|F-FDG uptake
demonstrated a median SUVmax of 7.2 (range, 1—39.3).
Higher SUVmax values correlated significantly with adverse
tumor characteristics, including advanced stage, larger primary
lesion size, lymph node metastasis, hormone receptor—nega-
tive phenotype, overexpression of HER2, elevated Ki-67 prolif-
eration index, and higher histologic grade (p < 0.05). Patients
with '8F-FDG-negative disease exhibited smaller tumors
(p=0.014), absence of nodal involvement, and lower histo-
logic grade compared with FDG-avid PET counterparts
(p<0.01). While stromal tumor-infiltrating lymphocyte
(STIL) levels did not differ between 42 matched FDG positive
and negative cases (p =0.73), FDG-negative tumors were char-
acterized by a reduced risk of recurrence and a lower preva-
lence of the PAM50 HER2-enriched subtype (p<0.05).
Distinct transcriptional profiles were further noted, with differ-
ential expression of genes associated with cancer metabolism
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between FDG-negative and FDG-positive groups. The
researchers further demonstrated that patients with early
HER2-positive breast cancer who achieved a greater than 40%
decrease in SUVmax after two therapy cycles could safely omit
further chemotherapy while continuing anti-HER2 therapy
and achieving equivalent three-year event-free survival. Across
subtypes, an early SUVmax decline of 50—88% predict pCR
with negative predictive values exceeding 95%.""’

Notably, a minority (an estimated 15%) of HER2-positive
tumours in the PHERGain study were FDG-negative at base-
line. These tumours demonstrated lower glycolytic and hyp-
oxia gene expression and were predominantly non—HER2-
enriched subtypes. This highlights that FDG captures only
one dimension of tumour metabolism and that complemen-
tary tracers such as 18F FLT (proliferation), 68Ga-FAPI (stro-
mal activation), or '®F-FES (estrogen receptor imaging) can
provide additional mechanistic insights.”'

Even as early as 2013, a meta-analysis by Mghanga and
colleagues demonstrated moderately high sensitivity and
specificity of FDG PET in early detection of responders from
non-responders. Fifteen studies with a total of 745 patients
were included and the results were as follows: The pooled
sensitivity and specificity of FDG-PET was 80.5% (95% CI,
75.9%—84.5%) and 78.8% (95% CI, 74.1%—83.0%),
respectively, and the positive predictive and negative predic-
tive values were 79.8% and 79.5%, respectively. After 1 and
2 courses of chemotherapy, the pooled sensitivity and false-
positive rate were 78.2% (95% CI, 73.8%—82.5%) and
11.2%, respectively; and 82.4% (95% CI, 77.4%—86.1%)
and 19.3%, respectively. Based on these promising results,
the authors suggested the application of FDG PET in the
evaluation of breast cancer response to neoadjuvant chemo-
therapy after either the first or second course (improved
accuracy) in patients with breast cancer.””

Baseline PET .

an

A 2023 review by Oliveira et al. included 13 studies pub-
lished between 2018 and 2023 that evaluated baseline '*F-FDG
PET heterogeneity features for predicting pathological response
to neoadjuvant systemic therapy (NAST) in breast cancer. Eight
studies (57.1%) linked heterogeneity to pCR, varying by sub-
type. As expected, heterogeneity was higher in the more aggres-
sive forms (TNBC/HER2+) and was associated with non-pCR.
Heterogeneity was lower in luminal and associated with pCR.
Baseline FDG PET in neoadjuvant therapy captures intertu-
moral variability, aiding in response prediction, although incon-
sistent cutoff values limit reproducibility.*’

The metabolic response of the axillary lymph node
involvement mirrors primary tumour behaviour (See Fig. 3).
Post-neo-adjuvant chemotherapy lymph node SUVmax of
less than 4.9 predicts axillary pathologically complete
response (pCR) with negative predictive values approaching
95%, particularly in HER2-positive and triple-negative sub-
types. While histopathology remains essential for confirma-
tion, PET enables rational selection for axillary de-escalation
strategies. '

A 2021 systematic review and meta-analysis by Samiei et al.
of 13 studies (2380 patients) evaluated non-invasive imaging
post-neoadjuvant systemic therapy (NST) for axillary response
in node-positive breast cancer. For '"*F-FDG PET-CT (209
patients), pooled sensitivity, specificity, PPV, and NPV were
38%, 86%, 78%, and 49%, respectively, indicating limited
accuracy for detecting axillary pCR (39.5% rate). FDG PET-
CT’s role in neoadjuvant therapy is modest for post-NST axil-
lary assessment, outperformed by MRI (NPV 58%) but better
than ultrasound (NPV 50%), suggesting complementary use.
The authors also highlighted FDG PET-CT’s challenges in differ-
entiating residual disease from inflammation post-NST, advo-
cating for advanced techniques or Al to enhance its predictive
value in neoadjuvant settings.*’

. Follow-up PET

Primary Tumour ‘ . Primary Tumour
SUVmax: 4.83 ] . '42‘;’ in .SrtJVmax - ' SUVmax: 2.53
TLG: 29.17 g InIla TLG: 19.89
-
L 2

Fig. 3 42-yr-old woman with Grade II ductal carcinoma of the right breast (ER+, PR+, HER2+ and Ki-67 of 20%). The
follow-up PET/CT scan demonstrates good response to therapy in line with the significant decrease in SUVmax and

TLG noted in the primary breast tumour.
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In this prospective RISAS trial sub-study of 185 clinically
node-positive breast cancer patients, baseline "*F-FDG PET/
CT assessed axillary disease extent (limited vs. advanced) to
predict axillary pCR post-neoadjuvant systemic therapy
(NST). Overall axillary pCR was 29.7%, with no significant
predictive value from axillary extent (OR 0.75, p=0.404),
but molecular subtypes showed differences: lowest in HR
+/HER2- (7%), highest in HER2-enriched (OR 40,
p < 0.001). Baseline FDG PET/CT in neoadjuvant therapy
predicts axillary response subtype-specifically, guiding de-
escalation in aggressive subtypes. The study found significant
ORs for axillary pCR in HR+/HER2+ (14.82), HER2-enriched
(40), and TNBC (6.91) vs. HR+/HER2-, emphasizing FDG
PET/CT’s utility in NST planning for tailored axillary man-
agement, though not influenced by baseline extent. **

Beyond local effects, systemic FDG uptake in spleen and
bone marrow provides a non-invasive index of immune acti-
vation. Elevated baseline or therapy-induced uptake corre-
lates with inflammatory cytokine profiles, while
normalization accompanies favourable response. These sys-
temic parameters enrich prognostic models that integrate
tumour and host metabolism. ™"

Although primarily designed to evaluate baseline associa-
tions, a study of 47 patients by Tokac et al. with advanced
breast cancer suggests a potential role for '®F-FDG PET/CT in
monitoring treatment dynamics. Whole-body metabolic param-
eters- in particular WB-MTV and WB-TLG, correlated signifi-
cantly with circulating tumor DNA (ctDNA) alterations, linking
metabolic tumor burden to molecular disease activity
(r=0.563, p < 0.001). These findings suggest that serial PET/
CT acquisitions during chemotherapy could mirror ctDNA
kinetics and provide complementary insight into treatment
response. Despite its cross-sectional design, the persistence of
correlations after excluding ctDNA-negative cases (r = 0.500 for
WB-MTV) reinforces this potential utility. Integrating '®F-FDG
PET/CT with ctDNA analysis may therefore enable real-time
assessment of tumor burden evolution, improving early identifi-
cation of resistance or progression and informing adaptive ther-
apeutic strategies in advanced disease.”

A retrospective study by Ozdemir et al., that included 92
patients with germline BRCA1 or BRCA2 mutation profiles
who underwent FDG PET imaging, demonstrated that
patients with BRCA-positive BC had significantly higher
SUVmax (p = 0.039), larger tumor size (p =0.025), and pres-
ence of axillary nodal metastases (p=0.023) than patients
with BRCA-negative BC. Although the Ki-67 index was
higher in the BRCA-positive group than BRCA-negative
group, this difference was not statistically significant. In both
the BRCA-positive and negative groups, SUVmax, Ki-67
index, and tumor size, grade, and stage were all significantly
correlated with each other. The results of their study showed
a strong association between BRCA mutations and SUVmax,
indicative of a worse prognosis.”’

A 2023 systematic review by Caracciolo et al. consists of
14 studies (842 patients) and compared MRI and '®*F-FDG
PET/CT for pathological complete response (pCR) assess-
ment post-neoadjuvant chemotherapy (NAC) in breast can-
cer. PET/CT showed superior sensitivity (>80% in TNBC/

HER2+), while MRI had higher specificity and their com-
bined use enhanced overall performance. FDG PET/CT in
neoadjuvant therapy excels in early functional response
detection, though end-NAC underestimates due to inflam-
mation. This review advocates for prospective trials with
PET/MRI and radiomics for improved accuracy, positioning
FDG PET/CT as complementary to MRI for personalized
NAC evaluation.”

The 2022 seminars article on the topic of FDG PET’s role
in response evaluation in metastatic breast cancer described
the higher accuracy of PET compared to CT/bone scintigra-
phy in detecting progression or regression. Using PERCIST
criteria, PET/CT during treatment identified changes earlier,
leading to better survival through therapy switches (based on
retrospective evidence). The authors recommended the use
of quantitative methods like SUVmax and MTV for serial
monitoring and advocated for FDG PET/CT as a standard for
response assessment during MBC chemotherapy and
highlighted the need for prospective studies.””

'"8F-FDG PET/CT is poised to transcend its staging role to
function as an integrative biomarker of treatment biology,
thereby quantifying proliferative glycolysis, clonal heteroge-
neity, and immune-metabolic context. Baseline semi-quanti-
tative parameters (in particular MTV and TLG) stratify risk
and often outperform dynamic contrast-enhanced MRI. This
highlights PET’s ability to capture metabolic adaptation
beyond pure perfusion changes. Early changes in SUV max
guide adaptive decisions; and post-therapy imaging refines
surgical and adjuvant strategies. At completion of neo-adju-
vant chemotherapy, post-treatment SUV max, SUL peak, and
tumour-to-liver ratio (TLR) distinguish minimal residual dis-
ease from partial or non-response.

Metabolic predictors vary with tumour biology. In hormone
receptor—positive/HER2-negative cancers, textural heterogene-
ity indices outperform absolute SUVs, reflecting subtler meta-
bolic activity. In HER2-positive disease, changes in SUVmax
remain the most robust marker of anti-HER?2 efficacy, whereas
in TNBC, baseline SUVmax and MTV best predict outcomes
(See Table 1 for the predictive utility of commonly used PET
metrics and their clinical implications in breast cancer).

When fused with radiomics, molecular subtype, and host
biomarkers (splenic uptake, VAT metabolism, cytokines,
microbiome), PET-based parameters provide a multidimen-
sional framework for predicting therapeutic response. Ulti-
mately, '®F-FDG PET/CT embodies the shift toward adaptive
oncology; minimizing futile toxicity, guiding escalation or
de-escalation, and anchoring precision medicine in biologi-
cally meaningful endpoints.

Nomograms and predictive
models: integrating PET-derived
biomarkers into precision
oncology

Nomograms translate complex, multidimensional data into

individualized predictions through simple graphical or algo-
rithmic tools.”® In breast cancer, conventional models
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Table 1 Predictive utility of commonly used PET metrics and their clinical implications in breast cancer.

PET Metric Predictive Utility

Clinical Implication

SUVmax/TLG

ASUV (1-2 cycles)

MTV (Metabolic Tumour
Volume) load

Radiomic heterogeneity indices Capture spatial complexity and clonal

adaptation

Splenic and VAT SUV
inflammatory tone

Tumour-to-Liver Ratio (TLR)

Baseline indicator of metabolic aggres-
siveness and tumour burden

Early metabolic response marker

Quantifies total metabolically active tumour

Reflect systemic immune activation and

Normalised measure of metabolic intensity

High SUVmax (>7) associates with HR-negative
and HER2-positive disease, high Ki-67, and
poor prognosis

Reduction > 40 % after initial cycles predicts
pCR (NPV > 95 %); supports early de-escala-
tion or regimen change

Independent prognostic factor for PFS/OS;
baseline and residual MTV correlate with
recurrence risk

Identify resistance niches (e.g., PGCC-rich or
hypoxic regions); augment Al-based predictive
models

Integration with tumour SUV enhances recur-
rence-risk stratification and overall survival
prediction

Reduces inter-scanner variability; incorporated
into radiomic nomograms predicting pCR

Composite Al/Radiomic Models Combine metabolic, geometric, and textural Improve prediction accuracy (AUC 0.80—0.94)

features
AMTV / ATLG (Post-NAC)

End-of-therapy residual-burden markers

for pCR, axillary pCR, and survival endpoints
Distinguish RCB 0/I from RCB II/1ll; inform sur-
gical extent and adjuvant strategy

traditionally incorporate tumor size, nodal status, receptor
profile, and proliferation indices to estimate recurrence risk,
survival, or pathologic complete response (pCR).”” While
such clinicopathologic models remain valuable, they often
overlook the biological heterogeneity and dynamic treatment
adaptation that characterize modern oncologic care.

"8F.FDG PET/CT introduces a biologically grounded
dimension to predictive modelling by quantifying tumor
metabolism and systemic host response. PET-derived param-
eters, such as maximum standardized uptake value (SUV-
max), metabolic tumor volume (MTV), and total lesion
glycolysis (TLG) capture glycolysis, total disease burden and
intra-tumoural heterogeneity. Incorporating these metrics
into multivariate nomograms significantly improves predic-
tive accuracy for pCR, recurrence, and survival compared
with clinicopathologic features alone.”®

A multicentre study led by Chen included 193 breast
cancer patients at the end of neoadjuvant chemotherapy
that were divided into pathological complete remission vs
non-complete. Nomograms that combined pre- and post-
neoadjuvant chemotherapy (NAC) PET parameters with
molecular subtype, Ki-67, and nodal burden achieved area-
under-the-curve (AUC) values exceeding 0.90 for patholog-
ically Complete Response (pCR) prediction, with excellent
calibration and decision-curve utility. Patients who demon-
strated early declines in SUVmax, MTV, or TLG demon-
strated markedly higher pCR rates, underscoring the
clinical value of early metabolic response assessment. Simi-
larly, radiomics-based tumor-to-liver ratio (TLR) models
harmonized across scanners achieved AUCs of 0.70—0.77,
emphasizing the importance of pre-processing for repro-
ducibility across platforms.®’

PET-based nomograms also extend beyond primary tumor
evaluation. Models incorporating metabolic and radiomic

features of axillary lymph nodes predict nodal pCR with
AUCs around 0.80, improving further when combined with
clinical variables such as HER2 status and stage. These tools
can safely guide omission of axillary lymph-node dissection
(ALND) in up to 70% of patients, reducing morbidity and
preserving oncologic safety. Such precision-guided de-escala-
tion aligns with the broader trend toward tailored, toxicity-
conscious cancer care.””

PET-augmented nomograms also demonstrate prognostic
utility for long-term outcomes. A model integrating tumor
subtype, TNM stage, and peripheral immune-inflammatory
markers (lymphocytes, eosinophils, red-cell distribution
width, platelet—large-cell ratio) achieved a concordance
index of 0.83, accurately predicting 3-, 5-, and 7-year sur-
vival. Another model combining splenic SUVmax—a surro-
gate of immune activation—with total MTV achieved a C-
index of 0.91 for 5-year recurrence-free survival, outperform-
ing TNM staging. These findings highlight the contribution
of systemic immune-metabolic markers to risk stratification
and follow-up planning.®’

Modern nomograms increasingly incorporate artificial
intelligence and machine learning to accommodate non-
linear relationships and high-dimensional data. Algo-
rithms such as support vector machines, gradient
boosting, and generalized additive models improve dis-
crimination and calibration across multicentre datasets
while maintaining interpretability. Radiomic PET features
further expand predictive potential by quantifying spatial
heterogeneity in glucose metabolism, reflecting clonal
diversity and microenvironmental complexity. When
combined with clinical and molecular data, these hybrid
models achieve robust external validation and superior
prognostic performance compared with logistic regres-
sion-based approaches.
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Radiomics and artificial
intelligence for treatment
response prediction with
*F.FDG PET/CT

Conventional semi-quantitative PET metrics (SUV, MTV,
TLG) summarize uptake but fails to reflect the important
aspect of spatial heterogeneity. Radiomics restores that
nuance by converting routine PET/CT into high-dimensional
descriptors of intensity, texture, shape, and wavelet patterns,
thereby capturing tumour complexity, hypoxia surrogates,
and microenvironmental variations that often underlie resis-
tance.

Across prospective and retrospective cohorts, pre-treat-
ment FDG radiomics consistently predicts pathological com-
plete response (pCR) to neoadjuvant chemotherapy (NAC)
and stratifies survival. Baseline heterogeneity indices correlate
with stage and outperform single clinicopathologic variables
(e.g., Ki-67 or subtype alone). Volumetric—textural features
(MTV, TLG, entropy) add independent value (particularly in
luminal B and HER2-positive disease) by reflecting metabolic
burden and clonal diversity rather than size alone.”*

Emerging geometric descriptors quantify how metabolism
is distributed within the lesion. Normalized distances from
the hottest voxel to the tumour centroid (NHOC) or perime-
ter (NHOP) capture metabolic asymmetry; NHOCmax,
NHOPpeak independently predict pCR and PES, providing
interpretable, morphology-linked markers of invasion.”’

Multimodal Al: from images to
individualized probabilities

Machine-learning models that fuse PET radiomics with clini-
cal, histologic, and genomic inputs outperform single-modal-
ity approaches-particularly in Triple Negative Breast Cancer
(TNBC), where texture features (entropy, skewness, kurtosis)
and proliferation signatures drive prediction.”” Dual-phase/
dynamic PET further strengthens performance: retention
indices derived from early—delayed SUV/TLG changes track
residual disease and survival, and, when embedded as time-
series radiomics, quantify treatment-induced metabolic adap-
tation in near-real time.””

Model credibility hinges on harmonization. EANM/
SNMMI recommendations regarding scanner calibration,
voxel resampling, and feature harmonization (e.g., ComBat/
Limma) should be routine.”® PERCIST-aligned lesion selec-
tion with SUL peak normalization improves inter-centre
comparability and enables pooled validation.”' Systematic
reviews now report pooled AUCs around 0.80 for Al-assisted
FDG PET response prediction; residual heterogeneity reflects
retrospective designs and inconsistent segmentation—solv-
able with prospective, protocolized pipelines.””*

Accuracy without transparency stalls translation. Explainable
frameworks in the form of nomograms show which features
drive each prediction, supporting clinician trust, regulatory
appraisal, and bedside use. If deployed in user-friendly software,

these tools have the potential to convert a standard PET/CT into
an individualized probability of pCR or non-response that can
guide escalation or safe de-escalation.

In summary, radiomics and Al have the potential to elevate
'8F_FDG PET/CT from a metabolic snapshot to a quantitative
decision platform. Heterogeneity metrics, geometric asym-
metry (NHOC/NHOP), kinetic features and multimodal ML
collectively predict pCR and survival- especially in HER2-
positive and triple-negative disease. With rigorous harmoni-
zation and prospective validation, these models may become
integral to adaptive oncology in selecting the right therapy
early, curtailing futile toxicity, and personalizing NAC path-
ways with the precision our patients deserve.

Advantages, limitations, and
future directions

Nomograms remain among the most practical and interpret-
able predictive tools that offer excellent calibration, transpar-
ency, and cost-effectiveness. Nonetheless, challenges persist,
such as data heterogeneity, feature overfitting, and limited
standardization across centres. These are increasingly miti-
gated through Al-based feature selection, scanner harmoniza-
tion, and global multicentre groups adopting federated
learning frameworks.

Future multimodal nomograms may integrate PET/CT with
genomiic, transcriptomic, and liquid-biopsy data to enable adap-
tive therapy decisions in real time. Within nuclear medicine,
'E.FDG PET—guided predictive modelling is poised to rede-
fine response evaluation—transforming nomograms from static
risk calculators into dynamic, biologically informed instruments
of precision oncology.

'8F_.FDG PET/CT has evolved beyond its initial role as a
mere staging tool to become a pivotal instrument in precision
oncology. Its unique capacity to quantify tumor metabolic
heterogeneity, glycolytic reprogramming, intra-tumoral
dynamics, and host—tumour microenvironment interactions
(such as immune activation reflected by splenic or visceral
adipose uptake) has positioned it as a leading non-invasive
biomarker of early treatment response in breast cancer.

Across molecular subtypes, baseline parameters such as
high SUVmax, metabolic tumor volume (MTV), and total
lesion glycolysis (TLG) consistently mirror aggressive tumor
biology, characterised by high Ki-67 expression and HR-neg-
ative, HER-2-enriched, or triple-negative phenotypes. Early
metabolic shifts, in particular SUV reductions of 50—88%
after one to two cycles of neoadjuvant chemotherapy, reliably
predict pathological complete response with a negative pre-
dictive value in excess of 95%, progression-free survival, and
recurrence, often surpassing conventional anatomical or clin-
icopathologic models.

When integrated into predictive nomograms, '®F-FDG
PET/CT transforms management paradigms from empiricism
to precision. PET-augmented models enable timely therapy
modulation by escalating treatment in metabolic non-res-
ponders while safely de-escalating in early responders, as
demonstrated in PHERGain. Such a personalised approach



94

M. Vorster and M. Sathekge

avoids futile toxicity, contains costs, and enhances patient-
centred outcomes. These applications extend to axillary sur-
gery avoidance, refined survival stratification through sys-
temic immune-metabolic markers (e.g., splenic and marrow
uptake), and improved trial design by enriching response-
adapted endpoints.

To embed these advances into clinical routine, several priori-
ties should be addressed, which include the following: prospec-
tive multicentre validation using standardized criteria (such as
PERCIST) to confirm reproducibility and generalizability, multi-
modal fusion that integrates PET radiomics with circulating
tumor DNA, transcriptomic and immune signatures, novel tracer
integration (e.g. '8E_FES for estrogen receptor mapping, 'SEFLT
for proliferation, ®®Ga-FAPI for stromal activity) to complement
FDG in low-glycolytic subtypes, Al-driven harmonization,
leveraging federated learning frameworks to standardize data
across platforms while maintaining patient confidentiality and
health-economic validations, as cost-effectiveness remains pivotal
for broad adoption. Early analyses suggest >20% reductions in
chemotherapy and toxicity-management expenditures through
PET-guided adaptation.

Looking forward, adaptive oncology will likely increas-
ingly rely on Al-assisted, data-fused decision systems in
which metabolic imaging serves as a dynamic biomarker plat-
form, guiding real-time therapy selection rather than retro-
spectively documenting response. As radiomics and artificial
intelligence mature, "®F-FDG PET/CT will transcend its diag-
nostic origins to become the cornerstone of biologically
informed, precision-guided care, which may represent a par-
adigm shift reminiscent of the transformation heralded by
alpha theranostics in prostate cancer.

Conclusion

BE_FDG PET/CT provides quantitative insights into tumor
biology, visualizing glycolysis, clonal evolution, tumor-microen-
vironment interactions, and systemic inflammation. PET bio-
markers enable early response prediction, therapy adaptation,
and avoidance of ineffective chemotherapy. Incorporated into
nomograms, PET metrics in combination with clinical and
genomic variables offer superior accuracy for pCR prediction,
axillary de-escalation, survival stratification, and adaptive treat-
ment. The addition of radiomics enables capturing of spatial
heterogeneity as proxies for resistance which enables machine
learning models to classify subtypes with high accuracy. Uld-
mately, PET-augmented, Al-enhanced strategies are an ethical,
economic, and clinical imperative for dynamic, real-time per-
sonalized breast cancer management.
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