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Advancements in Artificial Intelligence (AD) are driving a paradigm shift in the field of medi-
cal diagnostics, integrating new developments into various aspects of the clinical workflow.
Neuroendocrine neoplasms are a diverse and heterogeneous group of tumors that pose sig-
nificant diagnostic and management challenges due to their variable clinical presentations
and biological behavior. Innovative approaches are essential to overcome these challenges
and improve the current standard of care. Al-driven applications, particularly in imaging
workflows, hold promise for enhancing tumor detection, classification, and grading by
leveraging advanced radiomics and deep learning techniques. This article reviews the cur-
rent and emerging applications of Al computer vision in the care of neuroendocrine neo-
plasms, focusing on its integration into imaging workflows, diagnostics, prognostic
modeling, and therapeutic planning.
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Introduction

euroendocrine neoplasms (NENs) are a diverse group
N of tumors characterized by the expression of neuroen-
docrine markers. While NENs can theoretically arise from
neuroendocrine cells throughout the body, gastroentero-
pancreatic NENs (GEP-NENSs) are without question the most
common subset.' ~ Historically considered a rare disease,
improved diagnostic methods and screening practices have
led to a significant increase in the reported incidence of
NENS, revealing a broader prevalence of these tumors than
previously understood.” NENs are notable for their promi-
nent expression of different neuroendocrine markers.
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Somatostatin receptors (SSTRs) are among the most clinically
relevant markers, which play a significant role in their clinical
management. The expression of SSTRs is a characteristic fea-
ture of NENs that enables both diagnostic and therapeutic
interventions. SSTR imaging, particularly Positron Emission
Tomography/Computed Tomography (PET/CT) with radio-
tracer-linked peptides specific for SSTR2 (e.g. ®*Ga-DOTA-
TATE, ®®Ga-DOTATOC), has emerged as a powerful tool for
the diagnosis, staging, monitoring, and prognostication of
NENSs.”® Other functional imaging modalities, such as fluo-
rodeoxyglucose (FDG) PET, can provide complementary
diagnostic information to SSTR-based imaging as the
increased metabolic activity detected by FDG uptake often
correlates with more aggressive tumor behavior.”

Despite fast advancements in diagnostic technology, NENs
remain challenging to diagnose and characterize due to their
heterogeneous nature, which complicates classification and
prognosis. The variable clinical presentation of NENs com-
pounded by their diverse biological behavior—ranging from
well-differentiated, indolent neuroendocrine tumors (NETs)
to aggressive neuroendocrine carcinomas (NECs)—poses sig-
nificant challenges in disease classification and prognosis. Dif-
ferentiating NETs from NECs is crucial for guiding treatment
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strategies. The most recent WHO classification highlighted
these as distinct disease processes requiring different diagnos-
tic and therapeutic strategies.'’ Distinguishing NETs from
NECs remains a significant clinical challenge, which under-
scores the dual diagnostic hurdle in NEN diagnosis: confirm-
ing the presence of the tumor and accurately assessing its
biological behavior to guide optimal clinical management. The
heterogeneity, complex biological behavior, and diverse imag-
ing patterns of NENs, coupled with their reliance on multi-
modal (i.e., anatomical and functional imaging) diagnostic
approaches for characterization, creates an ideal scenario for
the integration of artificial intelligence (AI) applications to
enhance precision in detection, classification, and treatment
planning. Al-driven tools have the potential to address key
clinical challenges posed by the complexity and heterogeneity
of NETs, including enhancing diagnostic accuracy, refining
prognostic models, personalizing treatment planning, and
optimizing therapeutic approaches such as peptide receptor
radionuclide therapy (PRRT). This article reviews the current
status and future directions for the application of Al in the
diagnosis, prognosis, and treatment of NENs. Al has proven
capabilities in enhancing the clinical management of NENs
from multiple aspects, including analysis of serum biomarkers,
pathological specimens and genomic signatures. ' This review
focuses on the impact of Al on diagnostic imaging of NENSs,
including both anatomical and functional imaging. The review
also highlights emerging Al methodologies, their potential
integration into clinical workflows, and the opportunities and
challenges associated with leveraging Al to improve outcomes
in NET management.

Common Tasks in Al—Computer
Vision

Al applications in medicine are extensive, addressing chal-
lenges in diagnostics, drug discovery, treatment planning,
and workflow optimization. Within this context, computer
vision, a specialized subfield of Al focused on analyzing pat-
tern associations within images, has become particularly criti-
cal for diagnostics and medical imaging. By leveraging
advanced algorithms, computer vision enables the extraction
of characteristic features and pattern analysis from imaging
data.'” Common computer vision tasks can aid in diagnos-
tics, screening, tumor characterization and prognostication
algorithms (Figure 1), and can be described as:

1. Segmentation: Assigning voxel-level labels in the image
to delineate and isolate specific objects or areas of
interest. Al models can automatically delineate tumors
and organ structures from surrounding tissues in dif-
ferent imaging modalities, improving lesion detection,
localization and volume estimation. The U-Net, the
current gold standard for segmentation tasks, is a deep
learning architecture that uses a symmetric encoder-
decoder architecture to capture fine details while pre-
serving spatial context.'” An example training pipeline
for an Al segmentation task is shown in Figure 2.

2. Classification: Assigning a global label or category to an
entire image, or defined region within the image, based
on its features. Al classification models can serve a vari-
ety of tasks such as differentiating between different

Computer Vision Applications in Diagnosis and Management
of Neuroendocrine Tumors
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Figure 1 Overview of common Al-driven computer vision applications in the diagnosis and management of neuroendo-
crine tumors, including (A) screening and tumor detection, (B) differential diagnosis, (C) prognostication, (D) image
enhancement, and (E) prediction of relevant clinical features such as lymph node involvement, metastasis, and therapy
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Figure 2 Example workflow for Al-based automatic detection and segmentation of pancreatic structures and neuroen-
docrine tumors. Initially, a segmentation network is trained using expert-labeled manual segmentation masks as the
reference standard. During training, the network’s output is compared to the reference, and weights are adjusted
accordingly across multiple iterations. Once trained, the network is evaluated on new cases, producing predicted
voxel-level segmentation heatmaps and Al-generated segmentation masks for precise pancreatic structure and tumor

delineation.

tumor histologic subtypes, or associating imaging fea-
tures with certain clinicopathological characteristics
such as tumor grade or risk of metastases. These mod-
els help improve diagnostic accuracy and inform treat-
ment strategies.

3. Prognostic modeling: Integrating imaging and clinical
information into a model to predict future outcomes
such as progression-free survival or response to ther-
apy. Al models within this task ultimately aid in differ-
entiating higher-risk groups and enable personalized
care.

4. Image enhancement: Improving the input image in dif-
ferent aspects such as denoising or augmenting the res-
olution of low-resolution images to increase their
diagnostic value.

Although different approaches exist for Al models to find
informative patterns, radiomics models and deep learning
architectures are among the most widely used techniques for
medical image analysis within the scope of computer
vision.'* Radiomics refers to the high-throughput extraction
of quantitative imaging features that characterize tissue
phenotypes, such as texture, shape, and intensity, often
revealing patterns beyond human perception (Fig. 3).'>'°
Deep learning employs complex neural network architec-
tures, resembling biological neuronal synapses, to identify
connections and patterns and extract meaningful features
and associations directly from imaging data.'” Continuous
research in machine learning algorithms enables the

development of novel configurations that tackle computer
vision tasks in innovative ways. For instance, combined seg-
mentation-classification architectures allow simultaneous
identification and categorization of regions of interest. Multi-
modal architectures allow the integration of different inputs,
such as anatomical and functional imaging modalities or
image data with clinical and genomic data, to provide a com-
prehensive understanding of disease processes.'” Recently,
the advent of transformers has introduced an additional fast-
growing field of research in Al These transformers models
are capable of processing sequential data while preserving
context awareness, enabling more efficient predictions and
powering advancements such as large language models
(LLMs). ™ Together, these methods provide a robust frame-
work for leveraging imaging data in different computer vision
tasks.

Al in Clinical Workflow
Optimization

AT can impact clinical workflows in diagnostic imaging and
nuclear medicine by optimizing imaging processes, reducing
radiation exposure, and automating repetitive tasks, aiming
to improve clinical efficiency. Previous studies aimed at opti-
mizing diagnostic workflow have showed the potential of
machine learning approaches for dual-tracer dynamic imag-
ing, with '®F-FDG and ®®Ga-DOTATATE PET/CT in a single
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Figure 3 Example workflow for the radiomics features extraction pipeline. The process begins with image segmentation
to create region of interest (ROI) masks, followed by feature extraction from original and filtered images using techni-
ques like wavelets and Laplacian of Gaussian. Extracted radiomic features undergo dimensionality reduction and clus-
tering for feature selection to remove redundancy. Final selected features are then used to train machine learning

classifiers for different tasks.

session, capable of simultaneously providing information
regarding SSTR density and tumor metabolism in NENs.*’
Such Al applications hold significant clinical value, as com-
bined FDG-PET and SSTR-PET provide greater prognostic
value in NENSs, outperforming traditional pathological grad-
ing.® Other Al applications address longstanding challenges
in functional imaging techniques, such as optimizing image
enhancement and improving accuracy in quantitative report-
ing.

PET/SPECT Image Enhancement

Emerging technologies based on AI have demonstrated
potential to transform the image processing pipeline, with
special focus on enhancement of functional imaging techni-
ques, such as PET and Single Photon Emission Computed
Tomography (SPECT). Due to intrinsic physical and techni-
cal constraints, these molecular imaging modalities are lim-
ited by high noise levels and reduced spatial resolution,
ultimately impacting image quality and their diagnostic
value.”" Traditional denoising techniques often struggle to
balance noise reduction with the preservation of critical diag-
nostic information.”” Al-based methods, by leveraging deep
learning architectures such as convolutional neural networks
(CNNs), U-Nets, and generative adversarial networks
(GANSs), have demonstrated significant advancements in cre-
ating high-quality images from low-dose or low-count
data.”” Refining post-reconstruction image quality at a
computational level through Al enhancement algorithms can
potentially reduce the need for hardware upgrades, and
improve clinical workflow by shortening scan times and min-
imizing radiotracer requirements.””*’ Balaji et al. provided a
comprehensive overview of Al-based methods for enhancing
PET and SPECT images, showcasing the role of various deep
learning architectures in reducing noise and improving spa-
tial resolution. Image denoising models have already shown

capabilities of increasing the signal-to-noise ratio in low-
count PET imaging, enabling higher image quality without
the increase in radiotracer dose.”*

Despite these advancements, challenges remain before
these methods can be effectively implemented in clinical
practice. Most studies artificially generate their training data
retrospectively from already existing scans by reducing the
sampling or introducing noise. Thus, a major challenge lies
in generating optimal training and testing datasets without
the need of multiple scans (i.e., full-dose and reduced-dose),
as well as ensuring that Al models are generalizable across
varying noise distributions. Furthermore, the impact of Al-
enhanced imaging on diagnostic accuracy is not yet fully
understood. Theoretically, enhancing the signal-to-noise
ratio allows for significant reductions in radiotracer dose and
scan times, while maintaining diagnostic performance and
improving the detection of small lesions otherwise obscured
by the noise. However, conflicting findings have emerged.
For instance, Loft et al. evaluated the impact of Al denoising
models on the diagnostic accuracy of enhanced low-dose
PET imaging. The authors found that although fidelity-based
metrics and subjective image quality improved with CNN-
based denoising, the human detection rate of NENs
decreased when comparing assessment of full-dose vs Al-
denoised °*Cu-DOTATATE PET images.”” These findings
underscore the need for more robust studies to clarify the
diagnostic impact of Al image enhancement, and address
concerns about generalizability of denoising models. Resolv-
ing these challenges is critical to ensuring the safe and effec-
tive clinical adoption of Al-powered image enhancement
technologies.

Reporting Aided by Large Language Models

LLMs are increasingly being used to optimize diagnostic imag-
ing workflows and radiology reports, transforming the way
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medical imaging professionals interact with data and perform
their tasks. Key applications and developments have emerged
such as report structuring and summarization, automation of
administrative tasks, as well as error detection and classifica-
tion in imaging reports.’”’" Efforts to integrate LIMs with
large scale PET imaging databases are underway, with the
promise to enhance reporting by generating contextually rele-
vant interpretations, improved decision-making and educa-
tional opportunities.”” By streamlining imaging workflow and
improving access to critical patient data, LLMs open new
opportunities for efficiency, collaboration, and innovation
across the fields of radiology and nuclear medicine.

Al Screening and Diagnosis of
NENs

The application of Al in the screening and diagnosis of NENs
encompasses two distinct but complementary clinical goals.
One approach focuses on the use of Al as an automated
screener or “second reader” to enhance early detection by
identifying subtle imaging abnormalities that might otherwise
be missed. In this type of application, the human reader is
unaware of the tumor presence; hence these algorithms are
generally designed to prioritize sensitivity, aiming to flag
potential abnormalities for further human evaluation.
Although very few studies have focused on developing detec-
tion algorithms specifically for NENs,””*” broader abnormal-
ity detection algorithms in different organs can serve as
potential screening tools for NENs.”* *? Cao et al.” devel-
oped one of the largest pancreatic lesion detection algorithms
in noncontrast CT published to date. While their work dem-
onstrated impressive results in overall pancreatic lesion detec-
tion in a large external validation cohort, the absence of
contrast enhancement and the limited representation of NENs
in the training dataset likely contributed to lower accuracy for
these tumors. Integrating multimodal imaging techniques
may be necessary in these larger models to achieve reliable
performance in detecting these more inconspicuous lesions.

Alternatively, in scenarios where a tumor has already been
identified, Al can be used to detect imaging patterns associ-
ated with different tumor subtypes and help the diagnosti-
cian differentiate between NENs and other potential clinical
entities. In this context, the reader is aware of the tumor and
goes to Al to assist in selecting the most likely option
amongst the differential diagnoses. However, a significant
barrier to clinical implementation remains the labor-intensive
process of manual segmentation required to define regions of
interest (ROIs) for feature characterization. Advances in deep
learning-based automated segmentation have partially
addressed this Cl’laﬂenge,?’}’40 offering a more efficient and
scalable clinical integration.

Al-based segmentation networks can serve multiple pur-
poses during the diagnostic process by automating ROI delin-
eation for feature extraction and estimation of tumor burden
in both primary and metastatic contexts. Among recently pub-
lished studies, the U-Net architecture continues to be the

main approach used for this task.”' "’ Approaches such as

Carlsen et al.”’ have used ®*Cu-DOTATATE PET/CT image
information for automated segmentation of NENs, demon-
strating a potential reduction in segmentation time from this
multimodal combination. An overview of recent published
studies on NEN screening, tumor segmentation and differen-
tial diagnosis classification is presented in Table 1.

In the context of NEN management, radiomics and deep
learning approaches already enable the precise extraction of bio-
markers in NEN imaging, yet significant challenges persist in
integrating these techniques into clinical workflows. A system-
atic review by Staal et al.** revealed the limited number of stud-
ies on GEP-NENSs, with most focusing on pancreatic NETs
(PNETs) and only a few addressing other regions, such as rectal
or gastrointestinal NETs. These studies predominantly utilized
CT or MRI for feature extraction, with minimal use of PET/CT
imaging techniques with ®*Ga-DOTA-peptides or 'F-FDG.
The small sample sizes presented (median 61, range 11—157)
and low radiomics quality scores (RQS) further hinder the
development of robust, clinically relevant models.

Al in Characterization of NENs

In the context of a known NEN, Al models are commonly
evaluated in clinical settings to characterize the tumor and
predict clinicopathological characteristics that are relevant
for determining prognosis. Perhaps due to the high relevance
of tumor grade in NENSs, along with the high morbidity asso-
ciated with pancreatic surgery, the most common tumor
characterization task among published studies is the predic-
tion of tumor grade in PNETs."” Despite the high clinical rel-
evance of differentiating NETs from NECs, with previous
exploratory analyses suggesting that imaging features could
potentially distinguish between these tumor types,™ very
few studies have explored this task.”” Most efforts have
instead concentrated on differentiating between grades of
NETs,” likely due to limitations in sample size and the
underrepresentation of NECs in institutional databases. An
overview of recent published studies around NEN characteri-
zation is presented in Table 2.

Although the definitive surgical pathology remains as the
gold standard for tumor grading of NENs, some studies have
shown promising results towards leveraging radiomics and
deep learning models to aid in the grading of NENs and
potentially decrease the burden of unnecessary surgical pro-
cedures. Nonetheless, the high variability in PNET presenta-
tion makes this a daunting task. A systematic review
performed by Yan et al.”” showed a moderate predictive
value of machine learning models in predicting PNET grade,
with a pooled AUC of 0.89. Although these results are
encouraging, the included studies showed high heterogeneity
and almost half of the included studies lacked an indepen-
dent validation group. Most published studies have focused
on analyzing features such as texture, intensity, and volumet-
ric patterns from anatomical imaging modalities like CT and
MRI to differentiate between low-grade and high-grade NETs
(Table 2). Functional imaging has been less commonly
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Trainina/Validati Independent Testing
Study Region (NEN Subtype) Imaging Modality Task Cohort Cohort Approach (ML Model) Summary Metrics* CLAIM'
Diagnostic: Screening/ Tumor Detection Algorithms
Lopez-Ramirez et al.>*>  Pancreas (PNET) CE-CT Detection: Small PNET (<2cm)vs N=176 N =94 Radiomics (LightGBM) AUC: 0.87 (95% CI: 0.79-0.94), Acc: 35/41
normal pancreas 0.83 SENS: 0.90, SPEC: 0.76
Shin et al.>* Small Bowel CE-CT Detection: Overall lesion N =24 (5-fold CV) N =9 + N =22 negative Deep Learning (nnDetection) Patient level detection: 29/42
detection controls AUC: 0.86 (95% Cl: 0.81-0.91),
SENS: 0.78, SPEC: 0.82
Cao et al.*® Pancreas (PNET) NC-CT Detection: Overall pancreatic N =3,208 External test cohort for Deep Learning (nnUNet) Overall pancreatic lesion detection: 40/42
lesion detection lesion subtypes: AUC: 0.984 (95% CI: 0.980-0.987
(N=3,699; N=160 PNET detection rate: 0.56
PNET)
Webhrend et al.>® GEP-NET Liver METS 68Ga- DOTATATE Detection: Overall liver lesion N =75 + N = 25 (Valida- N=25 Deep Learning (2D U-Neb AUC: 0.73, SEN: 0.69, PPV: 0.90 30/42
PET/CT detection tion)
Diagnostic: Tumor Differentiation/Classification
Shen et al.®° Pancreas (PNET) MP-MRI Classification: small (<2 cm) N=146 N =51 Radiomics + clinical features AUC: 0.94 (95% Cl: 0.875-0.999), 34/42
PDAC vs PNET (LASSO-logistic regression) SENS: 0.852, SPEC: 0.950
Liu etal.®’ Lung (LNEN) NC-CT Classification: LNEN vs LADC N =316 (10-fold CV) N=129 Radiological signs + radiomics AUC: 0.807 (95% CI: 0.720-0.889), 33/43
(SVM) SENS: 0.84, SPEC 0.60
Shi etal.®? Pancreas (PNET) MRI (DWD Classification: PDAC vs SPENvs N =92+ N =46 (Valida- N=93 Deep learning (CNN) PDAC vs non-PDAC: 32/42
PNET tion) AUC:0.817 (95%Cl: 0.739-0.896),
SENS: 0.91, SPEC: 0.70
Cao et al.”® PGL NC + CE-CT Classification: Retroperitoneal N=63+N=25 N=24 Radiomics + clinical features AUC: 0.871 (95% CI: 0.710-1.00), 29/42
PGL vs schwannoma (Validation (logistic multiple regression) Acc: 0.92, SENS: 0.92, SPEC: 0.82
Zhang et al.®** Pancreas (PNET) CE-CT Classification: PDAC vs PNET N=238 25% of the cohort Radiomics (RF) AUC: 0.93, SENS: 0.74, SPEC: 0.93 24/41
Chuetal.®® Pancreas (cystic PNET) CE-CT Classification N= 214 (4-fold CV) N/A Radiomics (RF) Overall cyst: AUC:0.94 28/40
Pancreatic cyst differential Cystic PNET:
AUC: 0.90
Han et al.®® Pancreas (PNET) CE-CT Classification: Cystadenoma vs N=120 20% of the cohort Radiomics (RF) AUC: 0.99, SENS: 0.98, SPEC: 0.99 25/41
PNET
Shietal.®” Pancreas (PNET) MP-MRI Classification: SPEN vs PNET N=44 N=22 Radiomics+ clinical features AUC: 0.86 (95% CI: 0.69-1.00), 28/40
(LASSO-Logistic Regression) SENS: 0.91, SPEC: 0.82
Yietal.®® Adrenal (PHEO) CE-CT Classification: PHEO vs adrenal N=212 N =53 Radiomics + clinical features AUC: 0.967 (95%Cl: 0.928-1.000), 28/43
adenoma (LASSO- logistic multiple SENS: 0.999, SPEC: 0.889
regression)
Segmentation: Tumor Burden Calculation
Haque et al.** PHEO/ PGL (PPGL), GEP-NET  68Ga- DOTATATE Segmentation: METS tumor N =20 PPGL patients, PPGL (N = 18), GEP-NET Deep Learning (nnU-Net) Lesion-level DSC: 0.88 (PPGL), 0.60 31/43
PET/CT burden 70 scans (5-fold CV) (N=9) (GEP-NET.
Lesion-level SENS: 0.86 (PPGL),
0.61 (GEP-NED.
Santilli et al. *° Multiple NETs 68Ga-DOTATATE Segmentation: Whole body total N =828 scans N =87 scans Deep Learning (nnU-Net) DSC: 0.64, SENS: 0.66 31/43
PET/CT tumor
Carlsen et al.*® GEP-NET, Lung 64Cu-DOTATATE Segmentation: Total tumor N=117 N =41 + N = 10 negative Deep Learning (nnU-Neb) DSC: 0.85, Lesion-level SENS: 0.84 32/43
PET/CT controls
Fehrenbach et al.*' PNET + SB-NEN Gd-EOB MRI Segmentation: Liver METS tumor N = 149 patients, 278 N=33 Deep Learning (nnU-Net) MCC: 0.86 (IQR: 0.81-0.91) 26/43

burden

scans

Acc, accuracy; AUC, area under the ROC curve; CE, contrast-enhanced; Cl, confidence interval; CNN: convolutional neural network; CT, computed tomography; CV, cross-validation; DSC, dice simi-
larity coefficient; DWI, diffusion weighted imaging; GBM, gradient boosting machine; Gd-EOB, gadoxetic acid enhanced; LASSO, least absolute shrinkage and selection operator; LADC, lung ade-
nocarcinoma; LNEN, lung neuroendocrine neoplasm; MCC, Matthew’s correlation coefficient; METS, metastases; ML, machine learning; MP-MRI, multiparametric magnetic resonance imaging;
N/A, not applicable; NEN, neuroendocrine neoplasm; NC, noncontrast; PGL, paraganglioma; PHEO, pheochromocytoma; PDAC, pancreatic ductal adenocarcinoma; PNET, pancreatic neuroendo-
crine tumors; RF, random forests; SB-NEN, small bowel NEN; SENS, sensitivity; SPEC, specificity; SPEN, solid pseudopapillary neoplasm.

*Summary metrics from the highest preforming model reported in the evaluation with less risk of bias (i.e., cross-validation results, internal independent test set, OR external validation).

TCLAIM, checklist for artificial intelligence in medical imaging.”®”" Evaluated a total of 44 items (CLAIM, 2024), reported as number of observed items over the total number of possible categories,
excluding N/A items.
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Tahle 2 Representative Sample of Peer-Reviewed Studies for Al-Aided Characterization of Neuroendocrine Neoplasms

Region

Training/Validation

Independent

Study (NEN subtype) Imaging modality Task cohort Testing cohort Approach (ML Model) Summary Metrics* CLAIM'
Tumor Characterization Algorithms
Tixier et al.”? Pancreas (PNET) CE-CT Predict tumor grade (G1 vs N=91 N =36 Radiomics (SVM) AUC: 0.79; Acc: 0.78 (95% ClI: 33/41
G2/3) 0.64-0.89), SENS: 0.92,
SPEC: 0.70
Ye etal.” Pancreas (PNET) CE-CT Predict tumor grade (G1 vs N=122 N=100 Radiomics (RF) AUC: 0.779 (95% CI: 0.776- 33/41
G2/3) 0.782), SENS: 0.81, SPEC:
0.75
Ahmed etal.”* Pancreas (PNET)  CE-CT Predict LN METS N =320 (2-fold CV) N/A Clinical features + Radiomics AUC: 0.80 34/43
(RP)
Mapelli et al.” Pancreas (PNET) [68Gal Ga-DOTANOC Predict LN METS N =72 (10-fold CV) N/A Radiomics (LDA) bACC: 0.70, SENS: 0.77, 37/43
PET/CT SPEC: 0.61
Guetal. ”® Pancreas (PNET) CE-CT Predict LN METS N=142+N=94 N = 84 (External Val- Radiomics + DL features AUC: 0.91 (95% CI: 0.85- 36/43
(Internal Validation) idation) (gimBoost) 0.97). SENS: 0.91, SPEC:
0.79
Park et al.>? Pancreas (PNET) [18F1 FDG PET/CT Predict tumor grade (G1 vs N =58 N/A Clinical features + Radiomics AUC: 0.86 (95% Cl: 0.78- 33/42
G2/3) (NN) 0.95). SENS: 0.72, SPEC:
0.82
Javed etal.”” Pancreas (PNET) CE-CT Predict tumor grade (G1 vs N =201 N =69 Radiomics + Tumor Size (RF) AUC: 0.80 (95%CI: 0.70-0.90), 33/42
G2/3) SENS: 0.87, SPEC: 0.73
Mori et al. 7 Pancreas (PNET) NC-CT Predict aggressiveness (i.e., N=70 N =31 Clinical features + Radiomics G1vs G2/3: 35/42
G1vs G2/3, METS, LN, LVD (NN) AUC: 0.70
Liuetal.” Pancreas (PNET) MultimodalL: Predict tumor grade (G1 vs N =82 N =41 Fusion radiomics model (LDA) G1vs G2/3: 29/43
CE-CT + MRI G2/3) AUC: 0.85 (95% CI: 0.71-
0.94), SENS: 0.84, SPEC:
0.84
Wang et al®® Pancreas (PNET)  CE-CT Predict tumor grade (G1 vs N=83 N =56 Radiomics (SVM) AUC: 0.84 95% CI: 0.83-0.85), 32/43
G2/3) SENS: 0.78, SPEC: 0.84
Zhang et al.®' Pancreas (PNET)  CE-CT Predict tumor grade N =82 25% of the cohort Radiomics (AdaBoost) G1vs G2 31/42
AUC: 0.82, SENS: 0.56,
SPEC: 0.84
G1vsG3
AUC: 0.85, SENS: 0.60,
SPEC: 0.88
Bevilacqua etal.*  Pancreas (PNET) [68Gal Ga-DOTANOC  Predict tumor grade (G1 vs N =51 N/A Radiomics AUC: 0.94, SENS: 0.92, SPEC:  36/43
PET/CT G2) 0.85
Luo et al. #2 Pancreas (PNET) CE-CT Predict tumor grade (G1/2 vs N =93 N=19 Deep Learning: CNN AUC: 0.82, SENS: 0.88, SPEC: 32/41
G3) 0.85
Bian et al.?® Pancreas (PNET) MRI Predict tumor grade (G1 vs N=97 N =42 Radiomics (LDA) AUC: 0.736 (95% CI: 0.548- 35/43
G2/3) 0.874)
Zhao et al.** Pancreas (PNET)  CE-CT Predict tumor grade (G1 vs N =59 N =40 Radiomics (SVM) AUC: 0.88 (95%Cl: 0.70-0.96),  32/42

G2)

SENS: 0.96, SPEC: 0.84.

Acc, accuracy; AUC, area under the ROC curve; CE, contrast-enhanced; CT, computed tomography; CV, cross-validation; DSC, dice similarity coefficient; G, grade; LDA, latent Dirichlet allocation;
LN, lymph node; ML, machine learning; METS, metastases; MRI, magnetic resonance imaging; N/A, not applicable; NC, noncontrast; NEC, neuroendocrine carcinoma; NET, neuroendocrine
tumor; PDAC, pancreatic ductal adenocarcinoma; PNET, pancreatic neuroendocrine tumors; RF, random forests; SENS, sensitivity; SPEC, specificity; SVM, support vector machines.

*Summary metrics from the highest preforming model reported in the least biased cohort evaluated (i.e., cross-validation results, independent test set, external validation).

TCLAIM: Checklist for Artificial Intelligence in Medical Imaging.”®”" Evaluated a total of 44 items (CLAIM 2024), reported as number of observed items over the total number of possible categories,
excluding N/A items.

SI0WN| auLII0pU3CIN3YY JO UOKEN[EA 3y} Ul [|f 4O 3joy Y]



F. Lopez-Ramirez et al.

explored for this task. Bevilacqua et al. evaluated the ability
of radiomics models to predict PNET tumor grade using
%8Ga-DOTANOC PET/CT, demonstrating the potential of Al
to extract imaging biomarkers indicative of tumor grade.*
These findings suggest that combining advanced imaging
techniques with Al could play a pivotal role in noninvasively
characterizing NENs. However, further validation studies,
with more standardized protocols that overcome the high
variability are still needed before these Al applications can
migrate into clinical deployment.

Al in Prognostication and
Predictive Analytics of NENs

Risk Stratification Models

Al has shown significant results enhanced risk stratification in
NENSs by analyzing complex datasets to predict patient out-
comes more accurately. Most published studies leverage clinical
and genomic data to train predictive models to define high-risk
patients and predict poor oncological outcomes.” Although
evidence of Al computer vision models is still limited, some
studies are already exploring the role of textural features
extracted from functional imaging. ™" Park et al.”* developed
machine learning models using '®F-FDG PET/CT-based radio-
mics to predict tumor grade and risk of recurrence in patients
with PNETs. Other studies have demonstrated encouraging pre-
liminary results in predicting PPRT response from features in
pre-treatment PET and SPECT images.”””" The integration of
functional imaging provides valuable insights into tumor biol-
ogy. Despite being limited by sample size and the absence of
external validation, these models demonstrated encouraging
potential in using Al to leverage molecular imaging features as
noninvasive tools to stratify patient risk and improve clinical
decision-making. An overview of recent published studies
around this task is presented in Table 3.

Al in Precision Medicine for NENs—
Theranostics

Fast technological advancements in PRRT have continuously
expanded the utilization of SSTR-targeted imaging and ther-
apy for NETs, enhancing the detection and characterization
of NETs and enabling personalized treatment strategies. A
key challenge in PRRT is accurately calculating the radiation
dose absorbed by tissues at a voxel-level spatial resolution.
Voxel-level dosimetry enables a precise mapping of the
absorbed dose in both tumor targets and surrounding
healthy tissues, allowing personalized treatment planning.””
However, personalized manual dosimetry estimation is labor
intensive and time consuming. Dewaraja et al. proposed an
automated pipeline that integrates Al-based segmentation,
image registration, dosimetry calculations, and curve fitting.
Their approach demonstrated comparable accuracy to tradi-
tional manual dosimetry methods, while significantly
improving efficiency and streamlining the process.”®

Al implementation in this emerging therapeutic field has
focused mainly on outcome prediction, aiming to enhance
treatment planning and prognostication. Akhavanallaf et al.
showed a preliminary model to predict tumor absorbed dose
in metastatic NET patients undergoing '""Tu-DOTATATE
therapy using pretherapy °®Ga-DOTATATE PET imaging
and clinicopathological biomarkers. These results show a
potential application of Al in predicting PRRT therapeutic
response.’’ Utilizing a combination of radiomic features
derived from CT imaging data, and dosiomic features
extracted from the dose map, Plachouris et al.”” developed a
model capable of predicting absorbed doses to critical organs
and tumor lesions. Although limited by a small sample
size and lack of an independent test set, these preliminary
results in dose-response modeling emphasize the potential
for enhanced precision in '""Lu-DOTATATE therapy,
enabling clinicians to tailor treatments based on individual-
ized predictions. These advancements underscore the trans-
formative potential of Al in prognostication and predictive
analytics, paving the way for more personalized and effective
management of NENs, enhancing treatment efficacy and
minimizing adverse effects.

Challenges and Future Directions

Despite encouraging results, many barriers remain before Al
models can be widely applied to support the clinical manage-
ment of NENs. While most challenges are common across Al
applications in medicine, the relative rarity of NENs and
high heterogeneity in tumor biology and disease presentation
amplify these difficulties. A major challenge with Al lies in
the generalization of algorithms beyond the training cohort,
often resulting in significant performance reductions for
underrepresented groups. Most current NENs Al studies
have sample sizes too small to develop robust, generalizable
models, emphasizing the urgent need for collaborative efforts
to create publicly available annotated imaging datasets in
NENs. These datasets would enable large-scale training of
radiomics and deep learning models, which are critical for
improving Al performance and generalizability. Additionally,
studies must prioritize demonstrating the clinical value of Al-
predictions through standardized prospective studies com-
pared with current diagnostic gold standards, a key step
toward ensuring clinical relevance.

The complexity of NEN diagnosis lays the foundation for
the integration of advanced Al tools, which possess a power-
ful ability to identify hidden patterns in imaging data and
integrate multimodal information. Even with the fast techno-
logical advancements in diagnostic technology, NENs remain
challenging to diagnose and characterize due to their hetero-
geneous nature, which can complicate classification and
prognosis. Despite the development of highly specific radio-
tracers, false negatives can still occur depending on tumor
biology. Moreover, the positive predictive value of functional
imaging might be confounded by significant levels of physio-
logic uptake of radiotracers.” Everyday Al architectures
become more sophisticated, allowing for a more



Table 3 Representative Sample of Peer-Reviewed Studies for Al-Aided Prognostication and Prediction of Therapeutic Response of Neuroendocrine Neoplasms

Independent
Study Region (NEN subtype) Imaging modality Task Training cohort  Testing cohort ML Approach (Model) Summary Metrics* CLAIM'
Tumor Prognostication Algorithms
Polici et al.?® GEP-NET CE-CT Predict response to SSA N =55 N/A Radiomics + Ki-67 (Multivari-  AUC: 0.81, Acc: 0.74 24/39
able logistic regression)
Heo et al. %¢ Pancreas (PNET) CE-CT Predict RFS N =441 N =159 Clinical features + Radiomics ~ C-index for RFS: 0.734 (95% 36/43
(LASSO + Cox regression) Cl: 0.67-0.79)
Behmanesh etal.’’” NET METS CE-CT Predict response to PRRT N=34 N/A Radiomics (RF) Acc: 0.74, SENS: 0.65, 33/43
SPEC: 0.91
Homps et al.®® Pancreas (PNET) CE-CT Predict RFS N=37 N/A Radiomics (Linear fitting High risk: RFS of 36 months 32/40
model) (IQR: 15-74 months), Low-
risk RFS of 84 months
(IQR: 33-108, P-
value =0.013)
Yang et al.®® GNEN CE-CT Predict OS N=128 N =54 Clinical features + Radiomics ~ C-index for OS: 0.751 (95% 37/43
(LASSO + Cox regression) Cl: 0.661-0.841)
Park et al.>? Pancreas (PNET) [18F1 FDG PET/ CT Detect risk of disease N =58 N/A Clinical features + Radiomics ~ AUC: 0.83 (95% CI: 0.73- 33/42
progression within (NN) 0.93). SENS: 0.78, SPEC:
2 years. 0.77.
Pavel et al. °° NET Liver METS CE-CT Predict RFS N=138 N/A Deep learning (ResNet50) C-index (12 weeks): 0.66, C- 34/41
index (24 weeks): 0.70.
Blazevic et al.®’ SB-NETs CE-CT Predict intestinal compli- N =68 N/A Radiomics (WORC) AUC: 0.81 (95% CI: 0.72- 28/41
cations (3 years) (100 random- 0.91), SENS: 0.78, SPEC:
split CV) 0.67

Acc, accuracy; AUC-ROC, area under the ROC curve; CE, contrast-enhanced; CT, computed tomography; CV, cross-validation; GEP, gastroenteropancreatic; GNEN, gastric neuroendocrine neo-
plasms; LASSO, least absolute shrinkage and selection operator; METS, metastases; ML, machine learning; MRI, magnetic resonance imaging; N/A, not applicable; NET, neuroendocrine tumor;
NC, noncontrast; NN, neural network; OS, overall survival; PDAC, pancreatic ductal adenocarcinoma; PNET, pancreatic neuroendocrine tumors; PRRT: peptide receptor radionuclide therapy;
RFS, recurrence-free survival; SB, small bowel; SENS, sensitivity; SPEC, specificity; SSA, somatostatin analogs; WORC, Workflow for Optimal Radiomics Classification.

*Summary metrics from the highest preforming model reported in the least biased cohort evaluated (i.e., cross-validation results, independent test set, external validation).

TCLAIM, checklist for artificial intelligence in medical imaging.”®’" Evaluated a total of 44 items (CLAIM 2024), reported as number of observed items over the total number of possible categories,
excluding N/A items.
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straightforward integration of multimodal information. For
such heterogeneous clinical entities, integrating multimodal
information could enhance the ability of Al to analyze com-
plex datasets, leading to improved diagnostic accuracy and a
deeper understanding of NEN biology. The implementation
of Al technologies in the future can aid meet the increasing
workload requirements of radiology and nuclear medicine
specialists. By leveraging Al-driven insights alongside expert
clinical judgment, a synergistic approach emerges to address
the challenges associated with the diagnosis and characteriza-
tion of NENs. These innovations hold promise, but overcom-
ing current challenges is essential to unlock the full potential
of Al applications.

Conclusions

AT holds immense promise in revolutionizing the diagnosis,
characterization, and management of neuroendocrine neo-
plasms. By integrating advanced imaging techniques, predic-
tive analytics, and workflow optimization, Al enhances
clinical decision-making and paves the way for personalized
medicine. These tools can enhance classification accuracy,
support the diagnosticians by reducing diagnostic uncer-
tainty, and provide more reliable assessments to guide treat-
ment planning. Despite challenges in standardization,
validation, and limited training data due to the rarity of the
disease, ongoing advancements in Al methodologies are set
to transform management of neuroendocrine neoplasms,
improving patient outcomes through more precise and effi-
cient care.
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