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Abstract: Standardized frameworks for interpreting medical images, such as the radi-
ological Reporting and Data Systems (RADS), are designed to improve the consistency
and accuracy of radiological assessments across different imaging modalities, anatomical
locations, and disease processes. Clear communication and information sharing between
radiologists and referring physicians, including surgeons, is a key goal of the RADS guide-
lines. Therefore, familiarity with these guidelines is crucial for all physicians involved in
patient care. This review synthesizes current RADS guidelines relevant to surgical prac-
tice. Our analysis identified 28 radiological RADS with potential applications in surgical
workflows, primarily in oncology. Of the RADS examined, nine were validated by the
American College of Radiology (ACR), one was validated through a collaboration between
the ACR and other scientific societies, and seventeen were developed by other scientific
organizations. Numerous surgical specialties may encounter RADS in clinical practice,
including neurosurgery, head and neck surgery, cardiovascular surgery, thoracic surgery,
endocrine surgery, breast surgery, gastrointestinal surgery, hepatobiliary surgery, gyneco-
logical surgery, urological surgery, orthopedic surgery, emergency surgery, and surgical
oncology. The effective utilization and validation of RADS necessitates close collaboration
between radiologists and surgeons, coupled with widespread education for all healthcare
professionals involved in patient care. Artificial intelligence software will play an important
role in facilitating the dissemination and use of RADS in clinical practice.

Keywords: radiology; surgery; practice guidelines; RADS; magnetic resonance imaging;
computed tomography; ultrasound; narrative review

1. Introduction
A standardized system for reporting mammography findings, known as the Breast

Imaging Reporting and Data System (BI-RADS), was introduced by the American College
of Radiology in 1993. The primary goals of BI-RADS were to enhance the differentiation
between benign and malignant breast conditions, minimize ambiguity in radiology reports,
enable automated data analysis, and facilitate improved communication with referring
physicians [1,2]. Following the introduction of BI-RADS, there has been a significant ex-
pansion of Reporting and Data Systems (RADS) in radiology. These guidelines aim to
enhance image interpretation by providing standardized frameworks for various imaging
techniques, anatomical regions, and diseases [3,4]. Each system is developed through a con-
sensus process involving a panel of experts, not necessarily endorsed by the ACR, and may
undergo periodic revisions to align with advancements within the specific medical field.
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The primary objective of RADS is to enhance clear communication and information
sharing between radiologists and referring physicians. Due to the complexity of many
diseases, particularly cancer, a multidisciplinary approach involving surgeons and other
specialists has become standard practice to optimize patient outcomes. Therefore, it is
essential that all members of the multidisciplinary team are familiar with the RADS guide-
lines. Including a RADS score within a report may introduce more confusion than clarity if
there is a lack of consensus among physicians regarding its interpretation.

This review presents a summary of the current radiological RADS guidelines as
they relate to surgical applications. This analysis may serve as a starting point for future
investigations into the clinical applicability in surgery of specific RADS across various
institutions worldwide.

2. Materials and Methods
An initial search of official websites [1,2] identified 25 RADS. A subsequent literature

review using PubMed (from 1 January 2005 to 27 January 2025) yielded an additional
16 RADS, resulting in a total of 41 identified RADS (see Appendix A for the search terms
used). Following a thorough review, 13 RADS were excluded from further analysis due to
their use in nuclear medicine or lack of significant surgical implications. Consequently, the
final analysis included 28 radiological RADS with current surgical relevance (Figure 1).
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Figure 1. Flow diagram of the search strategy and study selection. RADS, Reporting and Data System.
The first 25 RADs were identified through websites [1,2].

3. Surgery and RADS
Nine RADS were validated by the ACR: BI-RADS [5,6], Bone Reporting and Data Sys-

tem (Bone-RADS) [7], CT Colonography Reporting and Data System (C-RADS) [8], Liver
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Imaging Reporting and Data System (LI-RADS) [9,10], Lung CT Screening Reporting and
Data System (Lung-RADS) [11], Neck Imaging Reporting and Data System (NI-RADS) [12],
Ovarian-Adnexal Reporting and Data System (O-RADS) [13,14], Prostate Imaging Report-
ing and Data System (PI-RADS) [15], and Thyroid Imaging Reporting and Data System
(TI-RADS) [16]. One RADS was validated by the ACR in collaboration with the American
College of Cardiology, the Society of Cardiovascular Computed Tomography, and the
North America Society of Cardiovascular Imaging: Coronary Artery Disease-Reporting
and Data System (CAD-RADS) [17]. Eighteen RADS were proposed by other scientific
groups: ultrasound classification of cervical adenopathy (A-RADS) [18], Abdominal Emer-
gency Reporting and Data System (AEM-RADS) [19], Appendix Imaging Reporting and
Data System (APENDIC-RADS) [20], Bone-RADS [21,22], Brain Tumor Reporting and Data
System (BT-RADS) [23], Bone Tumor Imaging Reporting and Data System (BTI-RADS) [24],
European Thyroid Imaging and Reporting Data System (EU-TIRADS) [25], Gallbladder
Reporting and Data System (GB-RADS) [26], Gynecologic Imaging Reporting and Data Sys-
tem (GI-RADS) [27], Korean Thyroid Imaging Reporting and Data System (K-TIRADS) [28],
Lung Reporting and Data System (LU-RADS) [29], Musculoskeletal Infection Reporting and
Data System (MSKI-RADS) [30], Node Reporting and Data System (Node-RADS) [31], Neu-
ropathy Score Reporting and Data System (NS-RADS) [32], Osseous Tumor Reporting and
Data System (OT-RADS) [33], Plaque-RADS [34], Stomach Ultrasound Reporting and Data
System (Su-RADS) [35], and Vesical Imaging Reporting and Data System (VI-RADS) [36].

3.1. Neurosurgery

BT-RADS is a proposed framework for classifying and reporting post-treatment pri-
mary brain tumors using contrast-enhanced magnetic resonance imaging (MRI) scans [23]
(as it is the main imaging modality for brain disorders [37–39]). This system categorizes
brain MRI findings as follows: 0 baseline; 1 improvement (1a improved tumor response and
1b possible medication effect); 2 stable; 3 worsening (3a likely treatment-related changes,
3b possible combination of treatment effects and tumor progression, and 3c likely tumor
progression); 4 definite tumor progression [23].

NS-RADS was developed to standardize the evaluation and reporting of peripheral
neuropathy findings on MRI examinations. Distinct classes within the NS-RADS framework
were established to encompass the diverse spectrum of underlying pathological conditions:
injury (I from 1 to 5 according to Sunderland class), neoplasia (N1 definitely benign, N2
probably benign, N3 probably malignant, and N4 recurrent tumor), entrapment (E1 mild,
E2 moderate, and E3 severe), diffuse neuropathy (D1 diffuse mononeuropathy and D2
diffuse polyneuropathy), not otherwise specified (NOS), and postintervention state (PI1
near normal, PI2 possible persistent neuropathy, and PI3 definitely persistent or worsening
neuropathy) [32].

3.2. Head and Neck Surgery

NI-RADS was established by the ACR to provide a standardized framework for
reporting and interpreting neck imaging studies in patients undergoing surveillance for
head and neck cancer. Initially developed for contrast-enhanced computed tomography
(CT) scans with or without positron emission tomography imaging, NI-RADS has since
been expanded to include specific category descriptors and imaging findings for MRI
studies. Scoring for imaging suspicion of recurrence is performed independently for the
primary tumor site and neck lymph nodes: 0 incomplete; 1 no evidence of recurrence;
2 low suspicion of recurrence; 3 high suspicion of recurrence; 4 known recurrence. In
particular, category 2 is further divided into 2a or 2b for the evaluation of the primary
tumor site, indicating, respectively, an alteration that affects the superficial mucosa or the
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deeper submucosal tissues. Finally, only in the diagnostic algorithm used for MRI are
categories 1f and 2f added to be applied to the first examination after treatment, indicating,
respectively, no evidence of recurrence and low suspicion of recurrence at the primary
tumor site [12,40,41].

A-RADS provides a framework for evaluating cervical lymph nodes affected by
diverse pathological processes with ultrasound. A four-tiered classification system is used
to categorize lymph nodes: 1 normal, 2 reactive, 3 suspicious for lymphoid disorders, and
4 metastatic [18].

3.3. Cardiovascular Surgery

CAD-RADS is a standardized framework for reporting and communicating find-
ings from coronary CT angiography examinations. The clinical spectrum of CAD-RADS
encompasses patients experiencing stable chest pain as well as those presenting with
acute chest pain. CAD-RADS categories in patients with stable chest pain are as follows:
0 absence of coronary artery disease; 1 minimal nonobstructive coronary artery disease;
2 mild nonobstructive coronary artery disease; 3 moderate stenosis; 4 severe stenosis; 5 total
coronary occlusion or sub-total occlusion. CAD-RADS categories in patients with acute
chest pain are as follows: 0 acute coronary syndrome highly unlikely; 1 acute coronary syn-
drome unlikely; 2 acute coronary syndrome less likely; 3 acute coronary syndrome possible;
4 acute coronary syndrome likely; 5 acute coronary syndrome very likely. The CAD-RADS
N category is assigned when the exclusion of acute coronary syndrome is not definitively
possible. CAD-RADS incorporates an assessment of coronary plaque burden, designated
as “P”, which can be categorized as follows: 1 mild amount of plaque; 2 moderate amount
of plaque; 3 severe amount of plaque; 4 extensive amount of plaque [17].

Plaque-RADS is a standardized system for characterizing carotid plaque composition
and morphology across various imaging modalities, including ultrasound, CT, and MRI.
Plaque-RADS categories are associated with the attributable risk of developing of ipsilateral
cerebrovascular event: 1 absent, 2 low, 3 moderate, and 4 high [34].

3.4. Thoracic Surgery

The ACR developed Lung-RADS to standardize the reporting and management of
pulmonary nodules detected during lung cancer screening CT scans. This system catego-
rizes chest CT findings as follows: 0 incomplete; 1 negative; 2 benign; 3 probably benign;
4A suspicious; 4B very suspicious; 4X category 3 or 4 nodules with additional features or
imaging findings that increase suspicion of lung cancer [11].

LU-RADS categorizes chest CT findings as follows: 1 no nodule; 2 benign nodule; 3 in-
determinate; 4 suspicious; 5 malignant by CT; 6 malignancy confirmed through biopsy [29].

3.5. Endocrine Surgery

TI-RADS, developed by the ACR, is a standardized system for evaluating thyroid nod-
ules identified on ultrasound. This system utilizes a scoring system to categorize nodules
based on their ultrasound characteristics, providing clinicians with recommendations for
subsequent management, such as fine-needle aspiration biopsy or ultrasound follow-up.
The nodules are classified as follows: 1 benign; 2 not suspicious; 3 mildly suspicious;
4 moderately suspicious; 5 highly suspicious [16].

The European Thyroid Association developed EU-TIRADS to standardize the as-
sessment of thyroid nodules using ultrasound. This system helps determine the need
for fine-needle aspiration and the risk of malignancy. EU-TIRADS classifies thyroid nod-
ules into five categories: 1 absent; 2 benign; 3 low risk; 4 intermediate risk; 5 any high
risk features [25].
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The Korean Society of Thyroid Radiology developed K-TIRADS to standardize thy-
roid nodule ultrasound evaluation. This system provides a framework for determining
the necessity of fine-needle aspiration and assessing malignancy risk. Additionally, K-
TIRADS offers guidance on when lymph node sampling is indicated. The thyroid nodules
are classified as follows: 1 absent; 2 benign; 3 low suspicion; 4 intermediate suspicion;
5 high suspicion [28].

3.6. Breast Surgery

The ACR BI-RADS atlas establishes a standardized framework for breast imaging
reports, encompassing standardized terminology, report organization, assessment structure,
and a classification system for ultrasound, mammography (including contrast-enhanced
mammography), and MRI of the breast. Breast imaging studies are categorized into seven
assessment categories with a progressively higher risk of cancer: 0 incomplete; 1 negative;
2 benign; 3 probably benign; 4 suspicious for malignancy; 5 highly suggestive of malig-
nancy; 6 known malignancy confirmed by biopsy [5,6]. Moreover, mammographic breast
density is categorized based on the proportion of fibroglandular tissue to fatty tissue. The BI-
RADS classification uses four categories: almost entirely fatty (a), scattered fibroglandular
densities (b), heterogeneously dense (c), and extremely dense (d) [42]. Heterogeneous and
extreme density can potentially mask small masses and reduce mammographic sensitivity.

3.7. Gastrointestinal Surgery

C-RADS, supported by the ACR, serves as a comprehensive classification frame-
work for characterizing findings detected during CT colonography examinations. Colonic
findings are categorized as follows: 0 inadequate study or awaiting prior compar-
isons; 1 normal colon or benign lesion; 2a intermediate polyp or indeterminate finding;
2b likely benign diverticular finding; 3 polyp, possibly advanced adenoma; 4 colonic mass,
likely malignant [8].

A system for reporting and categorizing gastric ultrasound findings, known as Su-
RADS, was developed. This system was designed to facilitate the screening of gastric
cancer using transabdominal ultrasound following the oral administration of an echogenic
cellulose-based contrast agent. The examinations results are categorized as follows:
0 incomplete or needing additional examination; 1 almost normal finding; 2 low proba-
bility of malignancy; 3 moderate risk for malignancy; 4 high likelihood of malignancy;
5 extremely high probability of malignancy; 6 malignancy confirmed through biopsy [35].

APENDIC-RADS was developed to standardize the description of ultrasound findings
related to the appendix. This system categorizes findings into five levels: 0 appendix
not visualized; 1 normal appendix; 2 likely normal appendix with limited visualization;
3 appendicitis cannot be excluded due to equivocal findings; 4 acute appendicitis [20].

3.8. Hepatobiliary Surgery

ACR LI-RADS offers a consistent and standardized approach to interpreting and re-
porting liver imaging studies in patients at risk for hepatocellular carcinoma (HCC), namely,
those with cirrhosis, chronic hepatitis B viral infection, or current or prior HCC, linking
assessment categories to specific management recommendations. It also facilitates the eval-
uation of treatment responses to locoregional therapies. The scoring system is applicable
to various imaging modalities, including contrast-enhanced MRI, contrast-enhanced CT,
ultrasound, and contrast-enhanced ultrasound. Patients undergoing ultrasound screening
can be classified into three main categories: 1 negative; 2 subthreshold; 3 positive [43]. The
results of contrast-enhanced diagnostic imaging studies (CT, MRI, or ultrasound) can be
classified into the following categories: 1 definitely benign, 2 probably benign, 3 intermedi-
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ate malignancy probability, 4 probably HCC, 5 definitely HCC, M probably or definitely
malignant, but not HCC-specific, and TIV tumor in vein [9,10].

GB-RADS was developed to enhance consistency in ultrasound interpretation, re-
porting, and risk assessment of gallbladder wall thickening in non-acute settings. Ultra-
sound evaluations of the gallbladder are categorized as follows: 0 inadequate evaluation
due to technical limitations, patient factors, or gallbladder-related issues; 1 normal gall-
bladder; 2 benign findings; 3 equivocal findings; 4 likely malignant; 5 highly suggestive
of malignancy [26].

3.9. Gynecological Surgery

O-RADS is a standardized framework supported by the ACR for assessing the risk
of malignancy in ovarian and adnexal lesions. This system categorizes findings from
ultrasound and contrast-enhanced MRI examinations, linking each category to specific
management recommendations. Imaging findings can be interpretated as follows: 0 incom-
plete evaluation; 1 normal ovaries; 2 almost certainly benign; 3 low risk for malignancy;
4 intermediate risk of malignancy; 5 high risk of malignancy [13,14].

GI-RADS was developed for classifying adnexal masses based on findings observed
during transvaginal sonography. This system utilizes pattern recognition analysis and
the location of color Doppler blood flow to aid in determining the presumptive diagnosis.
Transvaginal sonography findings are classified as follows: 1 definitively benign; 2 very
probably benign; 3 probably benign; 4 probably malignant; 5 very probably malignant [27].

3.10. Urological Surgery

ACR PI-RADS is a standardized framework for reporting and interpreting multipara-
metric prostate MRI examinations in men suspected of having prostate cancer who have
not yet undergone treatment. Each lesion is categorized into one of five risk categories
based on the likelihood of clinically significant cancer: 1 very low; 2 low; 3 intermediate;
4 high; 5 very high [15].

VI-RADS is a standardized system for assessing muscle invasion in bladder can-
cer using multiparametric MRI. Each lesion is assigned a score from 1 to 5, indicating
the following levels of muscle invasion risk: 1 very low likelihood of muscle invasion;
2 low likelihood of muscle invasion; 3 uncertain presence of muscle invasion; 4 high
likelihood of muscle invasion; 5 very high likelihood of muscle invasion and potential
extravesical extension [36].

3.11. Orthopedic Surgery

ACR Bone-RADS establishes a standardized framework for the evaluation of po-
tentially neoplastic bone lesion on skeletal radiographs. A diagnostic radiography is
categorized into five assessment categories: 0 incomplete; 1 very likely benign; 2 probably
benign; 3 potentially malignant; 4 highly suspicious for malignancy [7].

BTI-RADS provides a standardized framework for classifying solitary bone lesions.
This system utilizes a range of imaging characteristics to assess the likelihood of benign or
malignant behavior, and it is applicable to both CT and contrast-enhanced MRI examina-
tions. Imaging is classified into four categories: 1 benign; 2 likely benign; 3 suspicion of
malignancy; 4 likely malignant [24].

Bone-RADS offers a diagnostic management approach for incidental solitary bone
lesions detected in adults during CT or MRI examinations. Imaging is classified into
four categories: 1 likely benign; 2 incompletely assessed on imaging; 3 indeterminate;
4 suspicious for malignancy or need for treatment [21,22].

OT-RADS assists in separating benign from malignant osseous tumors on contrast-
enhanced MRI examinations. MRI categories are as follows: 0 incomplete imaging; 1 nega-
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tive; 2 definitely benign; 3 probably benign; 4 suspicious for malignancy or indeterminate;
5 highly suggestive of malignancy; 6 known biopsy-proven malignancy or recurrent malig-
nancy in the tumor bed [33].

MSKI-RADS is a classification framework specifically developed for evaluating MRI
scans of suspected extremity infections in adult patients. The scoring system encompasses
the following categories: 0 incomplete imaging; 1 negative for infection; 2 superficial soft
tissue infection; 3 deeper soft tissue infection; 4 possible osteomyelitis; 5 highly suggestive
of osteomyelitis and/or septic arthritis; 6 confirmed osteomyelitis; NOS (not otherwise
specified), indicating nonspecific bone lesions [30].

3.12. Emergency Surgery

AEM-RADS was developed to address the need for standardized reporting in emer-
gency abdominal CT imaging. CT scans are categorized as follows: 1 normal findings;
2 findings requiring non-urgent evaluation, including post-traumatic simple soft tissue
injuries and non-traumatic incidental findings; 3 technical limitations or need for alterna-
tive imaging; 4 findings indicative of immediate medical emergency; 5 findings indicative
of urgent medical condition [19]. Based on the specific organ affected, various surgical
specialists may need to be involved.

3.13. Surgical Oncology

Many of the RADS discussed up until now have typically been tailored to specific
oncological diseases and anatomical areas. Node-RADS, however, is a more versatile
system that can be used for staging and follow-up across several types of cancers. In fact,
the development of Node-RADS 1.0 addressed the need for a standardized approach to
classifying and reporting lymph nodes on CT and MRI scans in the context of oncological
imaging in all body regions. Node-RADS employs a five-point scale to assess lymph node
malignancy risk: 1 very low suspicion, 2 low suspicion, 3 moderate suspicion, 4 high
suspicion, and 5 very high suspicion [31].

4. Discussion
From our analysis, as many as 28 RADS emerged with potential surgical implications,

most for oncological purposes (Table 1).

Table 1. Summary of the radiological Reporting and Data Systems (RADS) potentially applicable in
surgery, listed in alphabetical order. CT, computed tomography; MRI, magnetic resonance imaging;
US, ultrasound.

RADS Indication/Type of Surgery Imaging Techniques Scores

ACR BI-RADS [5,6] Breast cancer/Breast surgery Mammography, US, MRI 0–6

ACR Bone-RADS [7] Neoplastic bone lesion/Orthopedic surgery Radiograph 0–4

ACR C-RADS [8] Colon cancer/Gastrointestinal surgery CT colonography 0–4

ACR LI-RADS [9,10] Hepatocellular carcinoma/Hepatobiliary surgery US, MRI, CT 1–5, M, TIV

ACR Lung-RADS [11] Lung cancer/Thoracic surgery CT 0–4X

ACR NI-RADS [12] Head and neck cancer/Head and neck surgery CT, MRI 0–4

ACR O-RADS [13,14] Ovarian-adnexal mass/Gynecological surgery US, MRI 0–5

ACR PI-RADS [15] Prostate cancer/Urological surgery MRI 1–5

ACR TI-RADS [16] Thyroid cancer/Endocrine surgery US 1–5

A-RADS [18] Cervical adenopathy/Head and neck surgery US 1–4

AEM-RADS [19] Acute abdomen/Emergency surgery CT 1–5

APENDIC-RADS [20] Appendicitis/Gastrointestinal surgery US 0–4
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Table 1. Cont.

RADS Indication/Type of Surgery Imaging Techniques Scores

Bone-RADS [21,22] Solitary bone lesion/Orthopedic surgery CT, MRI 1–4

BT-RADS [23] Primary brain tumor/Neurosurgery MRI 0–4

BTI-RADS [24] Solitary bone lesion/Orthopedic surgery CT, MRI 1–4

CAD-RADS [17] Coronary artery disease/Cardiovascular surgery CT 0–5

EU-TIRADS [25] Thyroid cancer/Endocrine surgery US 1–5

GB-RADS [26] Gallbladder cancer/Hepatobiliary surgery US 0–5

GI-RADS [27] Ovarian-adnexal mass/Gynecological surgery US 1–5

K-TIRADS [28] Thyroid cancer/Endocrine surgery US 1–5

LU-RADS [29] Lung cancer/Thoracic surgery CT 1–6

MSKI-RADS [30] Extremity infection/Orthopedic surgery MRI 0–6

Node-RADS [31] Lymph node in cancer/Surgical oncology CT, MRI 1–5

NS-RADS [32] Peripheral neuropathy/Neurosurgery MRI I 1–5, N 1–4, E 1–3, D 1–2,
PI 1–3

OT-RADS [33] Neoplastic bone lesion/Orthopedic surgery MRI 0–6

Plaque-RADS [34] Cerebrovascular event in carotid artery
disease/Cardiovascular surgery US, CT, MRI 1–4

Su-RADS [35] Gastric cancer/Gastrointestinal surgery US 0–6

VI-RADS [36] Bladder cancer/Urological surgery MRI 0–5

Figure 2 summarizes the RADS currently available for use in surgical workflows,
grouped by subspecialty.
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4.1. Potential Strengths, Limitations, and Requirements for RADS Implementation in Surgery

Key advantages of implementing a RADS include the following [44]:

• Enhanced quality assurance: By establishing clear and standardized assessment crite-
ria, RADS contributes to improved diagnostic accuracy and consistency.

• Optimized imaging pathways: RADS facilitates the selection of the most appropriate
and efficient imaging examinations for each patient, minimizing unnecessary procedures.

• Precise diagnostic criteria: RADS provides well-defined imaging features and scoring
systems, enabling more accurate and consistent interpretation of findings.

• Standardized patient management: RADS outlines clear recommendations for patient
follow-up, surgical procedures, and subsequent management strategies.

• Improved interdisciplinary communication: RADS fosters better communication
and collaboration among radiologists, as well as with other healthcare professionals
involved in patient care, particularly within multidisciplinary teams.

• Enhanced education and training: RADS serves as a valuable tool for educating and
training radiologists on best practices in diagnostic imaging and patient management.

Furthermore, treatment planning, as dictated by RADS, might extend to non-invasive
radiosurgical methods in addition to traditional surgery. For instance, stereotactic ra-
diosurgery, characterized by its ability to focus a high dose of radiation on a defined
target while sparing nearby vital structures, provides a treatment option for primary brain
tumors [45,46]. In this scenario, BT-RADS could potentially be applied for monitoring
the patient.

A potential limitation of the RADS approach is the proliferation of different systems,
including multiple versions of the same RADS, which can lead to complexity and potential
challenges for radiologists in clinical practice. Furthermore, the limited awareness and
utilization of these systems among clinicians and surgeons may hinder their widespread
adoption. For instance, since 2021, three distinct imaging-based RADS have been proposed
for the evaluation of focal bone lesions with CT and/or MRI [21,22,24,33]. While this
demonstrates a growing interest in this approach, it also highlights a potential challenge:
the absence of a standardized system can lead to confusion and hinder the selection of the
most effective approach.

Of the various RADS classifications available, those developed by the ACR are the
most widely used and have the support of guidelines beyond the field of radiology. For
instance, European and extra-European guidelines stipulate that breast density, determined
via mammography screening, must be categorized using BI-RADS categories. This is crucial
as it informs the decision to employ supplemental or alternative imaging techniques [47,48].
Similarly, the European Association of Urology advocates for the PI-RADS guidelines
in prostate MRI acquisition and interpretation [49]. Furthermore, LI-RADS has been
incorporated into the practice guidelines of the American Association for the Study of Liver
Diseases, solidifying its position as a standard in the management and care of HCC [50].
In our clinical practice, we primarily encounter RADS endorsed by the ACR, such as
the BI-RADS, PI-RADS, and TI-RADS. While other RADS hold potential, their consistent
incorporation into radiology reports may require further time and broader adoption. It is
crucial that the diagnostic and prognostic value of each RADS be tested through multicenter
and prospective studies to demonstrate their actual utility in the clinical management of
patients. Thus, a key step in validating RADS involves assessing their sensitivity, specificity,
and the area under the curve. This evaluation should ideally include comparisons with
alternative diagnostic tools, particularly those incorporating clinical data, such as clinical-
imaging nomograms, tailored to the specific pathology under investigation. For instance,
studies have demonstrated that a Likert-based scoring system exhibits superior specificity
(0.77 vs. 0.66), a larger area under the curve (0.92 vs. 0.87, p = 0.002), and a higher positive
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predictive value (0.66 vs. 0.58) compared to PI-RADS in prostate cancer detection. Notably,
both systems demonstrated equivalent negative predictive value (0.96) and sensitivity
(0.94) [51]. Equally important is the validation of these RADS through intra- and inter-
reader agreement studies to ensure that the consistency in assigning one score rather than
another is sufficient even among different physicians and institutions [3,4]. Another point
to consider is that almost all RADS have been proposed and tested on the adult population,
underscoring the necessity for pediatric-focused validation to establish their utility in
children. For example, the accurate classification of MRI ovarian masses in pediatric
patients has been achieved through the use of O-RADS, with the added prospect of score
simplification tailored to this population [52]. On the other hand, it was observed that 22.1%
of pediatric thyroid cancers were missed at the initial visit when employing TI-RADS for
nodule management, thereby questioning its reliability for this patient demographic [53].
Finally, the successful implementation of RADS in routine clinical practice necessitates
significant investment in standardized protocols, structured reporting, and comprehensive
training programs for radiologists. Moreover, widespread adoption requires educating a
substantial number of clinicians and surgeons on the interpretation and utilization of this
standardized terminology [54].

4.2. Artificial Intelligence and RADS in Surgery

In healthcare, artificial intelligence (AI) offers promising solutions by mimicking
human thought processes through computational methods. Machine learning, a key AI
technique, often utilizes image processing to extract features from medical data. These
features are then used for classification via supervised learning (with labeled data) or
unsupervised learning (without labels). Deep learning, a subfield of machine learning, has
gained traction in the medical field, with convolutional neural networks being a commonly
used architecture. Convolutional neural networks employ multiple layers for feature extrac-
tion and classification [55]. In radiology, deep learning applications span lesion detection,
segmentation, classification, and longitudinal tracking, increasing efficiency by automating
tasks that were previously performed manually. This automation helps reduce variability
between and within readers, ultimately aiming to improve patient outcomes. A potential
challenge for deep learning is its limited interpretability. Unlike some other machine learn-
ing approaches, the feature extraction process in deep learning is often opaque, making
it difficult to understand how the model arrives at its conclusions [56]. In this scenario,
AI software has also been applied to RADS guidelines, showing very promising results in
identifying abnormalities and assigning a score, with high agreement compared to human
readers [55,57–60]. While reported accuracy is promising, comprehensive multicenter,
large-scale validation studies are required to rigorously assess the reproducibility and gen-
eralizability of deep learning models prior to widespread clinical adoption. It is reasonable
to think that, in the near future, we will witness a large-scale use of such software, assisting
physicians in image evaluation and greatly facilitating the application of RADS.

Natural language processing, a significant area within AI, aims to equip machines
with the ability to understand, interpret, and produce human language. Large language
models, a type of deep learning-based natural language processing model, are trained
on massive text datasets from diverse sources like websites, books, social media, and
articles. This training allows them to discern linguistic patterns and predict subsequent
words in a sequence [61]. As a form of written communication, radiology reports are well
suited for analysis by large language models. Their textual nature makes them a valuable
resource for investigating potential clinical applications. It is therefore understandable
why they have garnered significant attention from researchers in the past year. In this
scenario, the application of large language models to the automated derivation of RADS



Surgeries 2025, 6, 23 11 of 14

classifications from radiology reports warrants further investigation. While promising,
large-scale validation studies are required to establish their efficacy [62].

4.3. Educational Value and Limitations of This Overview

Our research distinguishes itself by having conducted an updated literature search
of RADS in surgery, something that, to our knowledge, has not been accomplished by
other reviews. We acknowledge that our work has limitations, as we have not conducted
a detailed review for each individual RADS nor have we performed direct comparisons
between systems applicable to the same pathology. Nevertheless, it is crucial to clarify that
the purpose of this study is not to perform a meticulous literature analysis for each RADS,
but rather to provide a list of existing systems and to discuss the potential implications,
benefits, and limitations of the RADS approach in general, encouraging critical thinking
and future investigations on their use in clinical practice. Depending on their area of
pathological expertise, both surgeons and radiologists can utilize this summary to further
explore specialized areas within RADS, construct validation trials, and even put forth new
RADS that could prove beneficial in patient management.

5. Conclusions
Our analysis identified 28 radiological RADS with significant potential for surgical ap-

plication. To maximize the benefits and validate these RADS, strong collaboration between
radiologists and surgeons is crucial, along with the broad dissemination of this knowledge
among all healthcare providers involved in patient management. AI software will play an
important role in facilitating the dissemination and use of RADS in clinical practice.
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Appendix A
Search terms used on PubMed: (Reporting and Data Systems) OR (RADS) OR (-RADS)

OR (Reporting & Data Systems); (-RADS[Title]) NOT (C-RADS) NOT (Lung-RADS) NOT
(PI-RADS) NOT (BI-RADS) NOT (LI-RADS) NOT (NI-RADS) NOT (O-RADS) NOT (TI-
RADS) NOT (Bone-RADS) NOT (BT-RADS) NOT (BTIRADS) NOT (CAD-RADS) NOT
(CO-RADS) NOT (COVID-RADS) NOT (GI-RADS) NOT (LU-RADS) NOT (MET-RADS)
NOT (MY-RADS) NOT (NS-RADS) NOT (OT-RADS) NOT (RI-RADS) NOT (VIRADS)
NOT (CAC-DRS).
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