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Dear Readers,

Radiology plays a central role in diagnosis, treatment planning, and image-guided interventions. As technology 
continues to evolve including recent advances in artificial intelligence the importance of publishing reliable and 
high-quality scientific work remains essential. Our journal serves as a platform for original research, technical 
reports, and innovative imaging studies.

As we enter our third year, the “Journal of Radiology in Medicine” will continue to connect researchers and 
clinicians, supporting scientific collaboration and progress in radiology.
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Assoc. Prof. Adnan Özdemir
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The relationship between anatomical measurements of the sella 
turcica and foramen magnum and their effect on nuchal fat 

thickness in patients with empty sella syndrome
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ABSTRACT
Aims: Empty sella (ES) is a radiological finding characterized by flattening of the pituitary gland and filling of the sella turcica 
with cerebrospinal fluid (CSF). It is often associated with obesity and increased intracranial pressure (ICP). This study aimed 
to evaluate the relationship between anatomical measurements of the sella turcica and the foramen magnum (FM) in patients 
with ES and to investigate the potential association of these structures with nuchal subcutaneous fat thickness. 
Methods: Thirty-one patients diagnosed with ES by magnetic resonance imaging (MRI) and 26 age- and sex-matched healthy 
controls were included in the study. Measurements of the sellar fossa included midsagittal narrow and wide diameters, 
craniocaudal depth, and transverse diameter. Additionally, FM anteroposterior and transverse diameters were measured. 
Nuchal subcutaneous fat thickness was also assessed at the FM level. Statistical analyses included group comparisons and 
correlation analyses.
Results: The ES group showed significantly larger narrow and wide diameters, as well as greater depth of the sellar fossa, 
compared to controls (p<0.05). Although the anteroposterior diameter of the FM was similar between groups, the transverse 
diameter was significantly narrower in ES patients (p=0.019). Nuchal subcutaneous fat thickness was significantly increased in 
the ES group compared to controls (p=0.028). A strong positive correlation was observed between the wide diameter and the 
depth of the sellar fossa.
Conclusion: The significant enlargement of the sella turcica morphology and the narrowing of the FM transverse diameter 
in ES patients support the role of cranial bone structures and CSF dynamics in the pathogenesis of ES. Increased nuchal fat 
thickness may serve as a practical radiological indicator of obesity, which is commonly associated with ES.

Keywords: Anatomical measurements, empty sella syndrome, foramen magnum, obesity, sella turcica
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INTRODUCTION

Empty sella (ES), also known as empty pituitary fossa, is a 
radiological finding characterized by a flattened pituitary 
gland within a sellar cavity filled with cerebrospinal fluid 
(CSF). It develops due to primary or secondary causes that 
lead to pituitary gland shrinkage or injury. The pathogenesis 
of primary ES involves mechanisms such as idiopathic benign 
intracranial hypertension (IIH), obesity, arterial hypertension, 
and insufficiency of the sellar diaphragm. Herniation of the 
arachnoid space into the pituitary fossa through a weak point 
in the diaphragma sellae results in the filling of the fossa with 
CSF, which compresses and shrinks the pituitary gland. Chronic 
CSF pulsations often cause bony enlargement and remodeling of 

the sella turcica.1 Secondary ES usually results from damage due 
to trauma, tumors, surgery, or radiation therapy, with the sella 
turcica typically appearing normal in size in these cases.2

On MRI, ES is characterized by varying degrees of flattening 
of the superior surface of the pituitary gland and CSF signal 
intensity within the sellar boundaries. This condition is 
often accompanied by bony enlargement and remodeling 
of the sella turcica. ES is observed in approximately 20% of 
the population, occurring more frequently in middle-aged 
obese women, with a female-to-male ratio of 5:1. It may be an 
incidental finding without clinical significance.

https://orcid.org/0000-0003-0890-2378
https://orcid.org/0000-0002-5198-0219
https://orcid.org/0000-0001-8247-2009
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One factor contributing to the formation of ES may be a 
FM diameter that is narrower than normal. The FM is a key 
landmark of the skull base,3 and its morphometry has been 
linked to brain size, skull size, and intracranial volume.4,5 

Physical examinations of ES patients often reveal obesity.6 

In these patients, body-mass index (BMI), subcutaneous fat 
thickness measured at the arm and abdomen, and nuchal 
subcutaneous fat thickness have been correlated.7 Therefore, 
measuring nuchal fat thickness on MRI can serve as an 
indicator of obesity, even when the patient’s weight is unknown.

FM stenosis may contribute to both IIH and non-IIH ES cases. 
This stenosis can result in increased intracranial pressure, 
altered CSF absorption, and expansion of CSF spaces. Our 
study aims to enhance understanding of ES pathogenesis 
by examining the relationship between anatomical 
measurements of the sella turcica and FM in ES patients. 
Additionally, given the high prevalence of obesity among 
ES patients, we investigate whether nuchal subcutaneous fat 
thickness correlates with these anatomical structures.

METHODS

Ethics
This retrospective study was conducted with the approval 
of the Non-interventional Clinical Researches Ethics 
Committee of Van Yüzüncü Yıl University (Date: 04.02.2025, 
Decision No: 2025/01-31). All procedures were carried out in 
accordance with the ethical rules and the principles of the 
Declaration of Helsinki.

MRI images of 31 patients diagnosed with ES at the Van 
Yüzüncü Yıl University Medical Center Neurosurgery 
Department and 26 age-and sex-matched healthy controls 
were evaluated. All participants were aged 18 years or older. 
Patients with a history of intracranial or pituitary surgery or 
intracranial space-occupying lesions were excluded. Controls 
were healthy individuals without intracranial pathology who 
had undergone brain MRI. Age and sex data were recorded 
for all subjects. Retrospective analyses was performed on 
patients who were hospitalized between January 2023 and 
December 2024.

Radiological Diagnosis of an Empty Sella Syndrome
Pituitary MRI examinations were conducted using a 1.5 Tesla 
MRI scanner (Magnetom Amira, Siemens Medical Systems, 
Forchheim, Germany). Sagittal T1-weighted, coronal T2-
weighted, and contrast-enhanced coronal T1-weighted 
images were obtained for all cases. A 0.5 molar gadolinium-
based contrast agent was administered, and dynamic 
pituitary imaging was performed. All images were evaluated 
by a single radiologist. Pituitary thickness was measured on 
sagittal contrast-enhanced T1-weighted images. Patients were 
divided into two groups as follows: complete/total ES: More 
than 50% of the sella filled with CSF; pituitary thickness 
≤2mm, partial empty sella: Less than 50% of the sella filled 
with CSF; pituitary thickness ≥3mm.

MRI Image Analysis
On T1 sequences, the widest and narrowest midsagittal diameters 
(Figure 1, red line), craniocaudal depth (Figure 1, yellow line), 
and transverse diameter of the sellar fossa were measured 

on axial T2 images at the level connecting the tuberculum 
sellae and dorsum sellae, where CSF signal was present 
(Figure 2, red line). For FM measurements, the basion and 
opisthion points were connected on midsagittal images; the 
anteroposterior diameter (Figure 1, blue line) and transverse 
diameter (Figure 3, red line) at this level were measured. 
Nuchal subcutaneous fat thickness was measured along the 
line drawn at the FM level (Figure 1, green line).

Figure 1. Magnetic resonance imaging (MRI) section showing the midsagittal 
widest diameter of the sellar fossa (red line), craniocaudal depth (yellow line), 
anteroposterior diameter of the foramen magnum (blue line), and nuchal 
subcutaneous fat thickness (green line)

Figure 2. Magnetic resonance imaging (MRI) section showing the transverse 
diameter measurement of the sellar fossa (red line)

Figure 3. Magnetic resonance imaging (MRI) image showing the transverse 
diameter measurement of the foramen magnum (red line)
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Statistical Analysis
The data analyses were conducted using SPSS software 
(version 21.0; Chicago, IL). Normality was assessed with 
the Kolmogorov-Smirnov test. Group comparisons were 
performed using Student’s t-test or the Mann-Whitney U test, 
as appropriate. Correlation analyses employed Spearman’s 
correlation coefficient. Results are presented as mean±standard 
deviation (SD), with p<0.05 considered statistically significant.

RESULTS

The mean age of the ES group was 49.13±10.26 years, while 
that of the control group was 46.31±8.14 years. Seven patients 
(22.58%) in the ES group and six patients (23.07%) in the 
control group were male. The narrow and wide diameters of the 
sellar fossa were significantly larger in the ES group compared 
to the control group (p=0.041 and p=0.040, respectively). The 
transverse diameter of the sellar fossa was similar between 
groups (p=0.115), whereas the craniocaudal depth was 
significantly greater in the ES group (p=0.0001) (Table).

The anteroposterior diameter of the FM did not differ 
significantly between groups (p=0.159); however, the 
transverse diameter was significantly narrower in the ES 
group compared to controls (p=0.019) (Table). Nuchal 
subcutaneous fat thickness was 9.7±2.5 mm in the ES group 
and 8.31±2.15 mm in controls, with the ES group showing a 
significantly greater thickness (p=0.028) (Table).

Correlation analysis between sellar fossa and FM measurements 
revealed a strong positive correlation between the width and 
depth of the sellar fossa in the ES group (r=0.556, p=0.001). In 
contrast, a negative correlation was observed between these 
parameters in the control group (r=-0.443, p=0.023).

DISCUSSION

To our knowledge, no previous studies have directly 
examined the specific relationship or correlation between 

the anatomical measurements of the sella turcica and the 
FM in ES patients. However, both anatomical structures 
are clinically significant in relation to IIH, which is closely 
associated with ES. Increased intracranial pressure (ICP) in 
IIH is believed to affect the morphology of the sella turcica. 
Chronic CSF pulsations can lead to bony expansion and 
remodeling of the sella turcica, resulting in compression of 
the pituitary gland.8,9

Consistent with the literature, we observed enlargement of the 
sellar fossa dimensions in the ES group compared to controls. 
Quantitative analyses in IIH patients have demonstrated 
significantly larger sella turcica areas than those in healthy 
controls. The mean sella area in IIH patients was 200±24 
mm², compared to 124±25 mm² in controls (p<0.0001).10 
Additionally, the pituitary gland to sella turcica area ratio (PG/S 
ratio) was significantly decreased in IIH patients (p<0.0001).11 
This reduction is partly attributable to pituitary compression 
and sella turcica enlargement, particularly in severe or chronic 
cases, supporting the notion that the ES appearance primarily 
results from chronic ICP-induced sella expansion.10,12

Elevated ICP can also affect adjacent skull base structures; 
for example, enlargement of the foramen ovale has been 
observed in IIH.13 This suggests a generalized remodeling 
effect of chronic ICP on central skull base anatomy. However, 
specific effects on FM anatomical measurements, similar to 
those observed in the sella turcica, have not been reported. 
In our study, although the anteroposterior diameter of the 
FM did not differ significantly, the transverse diameter was 
narrower in patients with ES. This finding suggests that FM 
stenosis may contribute to increased intracranial pressure, 
altered CSF absorption, and expansion of CSF spaces closely 
associated with ES.

No direct causal relationship has been established between 
specific anatomical measurements of the sella turcica or FM 
and nuchal fat thickness in ES patients. However, nuchal 
fat thickness is an important indirect marker related to 
the clinical status of IIH patients, a condition frequently 
associated with ES. Obesity, a common risk factor for both 
primary ES and IIH, underlies this association. In patients 
with IIH and ES, subcutaneous fat thickness measurements 
have been used to differentiate whether the ES is incidental 
or related to chronically elevated ICP. Patients diagnosed 
with IIH (with ES) had significantly higher scalp fat thickness 
(mean 9.0 mm) and neck soft tissue thickness (mean 19.5 mm) 
compared to controls with incidental ES (p<0.0001).8 These 
thickness measurements suggest that obesity may serve as a 
potential imaging marker in IIH, which is prevalent among 
obese patients.14-16 Increased subcutaneous fat thickness in 
the neck and scalp, combined with clinical symptoms such 
as age, headache, or visual complaints, strongly suggests that 
the ES finding is associated with IIH.8

Anatomical measurements of the sella turcica, including 
maximum anteroposterior and craniocaudal dimensions 
as well as the position of the infundibulum, did not differ 
significantly between patients with IIH and incidental ES 
patients without IIH.8 This suggests that the appearance of 
the ES and sella turcica measurements alone are not specific 

Table. Measurements of the SF, FM and nuchal subcutaneous fat thickness 
in patients with empty sella and in the control group

Measurement (mm) Grup n Mean±SD p

SF narrowest diameter
Empty sella 31 12.10±2.23

0.041
Control 26 11.96±1.47

SF widest diameter
Empty sella 31 12.85±2.11

0.04
Control 26 12.18±1.49

SF tranverse diameter
Empty sella 31 12.96±2.07

0.115
Control 26 12.20±1.5

SF depth
Empty sella 31 10.31±1.88

0.0001
Control 26 7.37±1.87

FM anteroposterior diameter
Empty sella 31 33.36±2.93

0.159
Control 26 34.38±2.44

FM transverse diameter
Empty sella 31 29.88±2.88

0.019
Control 26 31.61±2.52

Nuchal subcutaneous fat 
thickness

Empty sella 31 9.7±2.5
0.028

Control 26 8.31±2.15

SF: Sellar fossa, FM: Foramen magnum, mm: Milimetre, SD: Standard deviation 
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indicators; however, increased nuchal fat thickness and clinical 
symptoms contribute pathological significance to the ES 
findings associated with IIH.8,11 Therefore, rather than a direct 
effect of sella turcica or FM anatomical measurements on 
nuchal fat thickness, the latter-serving as a marker of obesity-
strongly supports the presence of IIH in conjunction with sella 
turcica morphology as clinical and radiological indicators.14-16

FM measurements have not been directly correlated with nuchal 
fat thickness in the literature; however, the FM is clinically 
significant as a passageway for vital craniocervical junction 
structures in conditions of elevated ICP, such as IIH.7,17-19

Limitations
Limitations of this study include the fact that the boundaries 
of the sellar fossa and FM are bony structures, making 
computed tomography (CT) more suitable than MRI for 
precise measurements. Additionally, the retrospective design 
and reliance on MRI images for measurements represent 
further limitations. Subgroup analyses comparing partial 
versus total ES and IIH status could provide more detailed 
insights into their relationships with sellar fossa and FM 
measurements; the absence of such subgroup data is another 
limitation. BMI data were not available in this study; 
therefore, only nuchal fat thickness was used as a measure of 
obesity. The lack of BMI data should be considered another 
limitation of this study. Finally, the relatively small sample 
sizes of the ES and control groups also limit the study.

CONCLUSION

Consistent with the literature, we observed increased sella 
turcica depth and anteroposterior diameter in ES patients. The 
narrower transverse diameter of the FM in ES patients compared 
to controls may contribute to ES pathogenesis; however, larger 
prospective studies are necessary to confirm this. Due to their 
hormonal profiles, ES patients often present with obesity, which 
is reflected by increased nuchal fat thickness compared to 
normal controls. Measuring nuchal fat thickness in ES patients 
can therefore be used as an indicator of obesity.
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plain radiographs of bone tumors: a pilot study
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ABSTRACT
Aims: To evaluate the diagnostic accuracy and clinical feasibility of a multimodal large language model (ChatGPT-5) in 
interpreting plain radiographs of bone tumors and differentiating between benign and malignant lesions. 
Methods: This retrospective pilot study utilized 50 verified bone tumor cases (27 benign and 23 malignant) sourced from 
the Radiopaedia database. Anonymized radiographs were processed by ChatGPT-5 using a standardized zero-shot prompt 
in independent sessions to prevent contextual bias. Model performance was assessed based on the accuracy of the most likely 
diagnosis, the inclusion of correct diagnoses within the top three differentials, and benign–malignant classification metrics. 
Statistical analysis included the Clopper–Pearson binomial method for confidence intervals and McNemar’s exact test to 
evaluate improvements in diagnostic accuracy and potential systematic error asymmetry.  
Results: The model achieved 100% accuracy in identifying the imaging modality and the affected bone. The accuracy for the 
single most likely diagnosis was 56.0% (95% CI: 41.3-70.0), which significantly increased to 70.0% (95% CI: 55.4-82.1) when 
two differential diagnoses were included (p=0.016). For benign–malignant classification, the model demonstrated an overall 
accuracy of 76.0%, with a high specificity of 96.3% but a notably limited sensitivity for malignancy at 52.2%. A statistically 
significant error asymmetry indicated a systematic tendency toward benign classification (p=0.006). 
Conclusion: While ChatGPT-5 demonstrates proficiency in foundational radiographic identification, its low sensitivity for 
malignancy remains a critical limitation for independent clinical use. The results suggest that while multimodal LLMs may 
serve as promising educational or triage aids, they currently require rigorous human expert oversight to maintain diagnostic 
safety in image interpretation.

Keywords: Bone tumors, large language models, ChatGPT-5, artificial intelligence, radiology
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INTRODUCTION

Multimodel large language models (LLMs) have rapidly 
moved from text-only assistants to general-purpose systems 
that can increasingly support clinical tasks.1-3 With the 
emergence of LLMs capable of processing images, interest 
has grown regarding their potential role as assistive tools in 
image interpretation workflows.4,5

Radiographs are the first-line modality for suspected bone 
tumors and can provide high-yield clues such as lesion 
location, matrix, pattern of bone destruction, periosteal 
reaction, and soft-tissue extension;6 however, in many cases 
the most clinically relevant output is a plausible ranked 
differential diagnosis and correct benign-malignant triage 
rather than a single definitive histologic label.7

Early evaluations of LLMs in radiology largely emphasized 
text-based applications, including report rewriting and 
exam-style question answering.8-10 As these models have 
begun to be tested on image-based tasks, performance has 
appeared more variable, particularly in image-only settings, 
highlighting the importance of rigorous validation designs 
and clinically meaningful endpoints.11-14

Despite increasing interest in general-purpose Artificial 
Intelligence (AI) for radiology, evidence specifically addressing 
bone tumor differential diagnosis on plain radiographs 
remains limited. Therefore, this study aimed to evaluate the 
diagnostic performance of ChatGPT-5 on plain radiographs of 
bone tumors using open-access cases with reference diagnoses.

https://orcid.org/0000-0002-1484-4496
https://orcid.org/0000-0003-3210-4544
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METHODS

Ethics
Ethics committee approval was waived as the study was based 
on anonymized, open-access data from a public database, 
involving no direct patient contact or identifiable information.

Study Design and Case Selection
This retrospective study was designed to evaluate the diagnostic 
performance of a large multimodal model in the interpretation 
of bone tumors on plain radiographs. A total of 50 cases of 
bone tumors with verified diagnoses were retrospectively 
identified and sourced from Radiopaedia (https://radiopaedia.
org), a peer-reviewed open-source radiology database. Cases 
were selectively curated rather than consecutively sampled 
to form a pilot set of benign and malignant entities with 
diagnostic-quality radiographs and a clearly stated reference 
diagnosis. Rare tumors were not intentionally oversampled, 
although the educational nature of the source may favor more 
typical presentations. No formal case-difficulty grading was 
applied. The cohort was curated to include 27 benign and 
23 malignant lesions. Inclusion criteria were: (1) availability 
of a diagnostic-quality conventional radiograph (X-ray) in 
at least one standard projection, (2) a definitive reference 
diagnosis confirmed by expert consensus or histopathology 
as provided by the database, and (3) clear visualization of the 
tumorous lesion. Cases with significant hardware, suboptimal 
positioning, or confounding secondary pathologies (e.g., 
advanced osteomyelitis mimicking a tumor) were excluded to 
ensure a focused assessment of tumor-specific features.

Image Acquisition and Reference Standard
For each case, the most representative plain radiograph was 
exported from the database as an anonymized 8-bit grayscale 
JPEG file. To ensure the model’s assessment was purely image-
based, all original annotations, markers, or clinical captions 
embedded in the images were removed. The reference 
standard consisted of the verified diagnosis provided by the 
Radiopaedia platform. For binary performance analysis, each 
diagnosis was further classified as either benign or malignant.

AI-Based Assessment Using ChatGPT-5
The diagnostic assessment was performed using ChatGPT-5.2 
(Pro) (OpenAI, San Francisco, CA), a multimodal large 
language model, accessed via the web-based interface (https://
chatgpt.com). All evaluations were conducted in February 
2026 using the default vision-capable model settings without 
any task-specific fine-tuning or prior training.

For each case, the anonymized radiograph was uploaded into 
a new, independent chat session to prevent carryover effects 
or contextual bias from previous evaluations. A standardized 
zero-shot prompt was entered for every case:

“Interpret the provided plain X-ray image of a suspected bone 
tumor. Provide a brief radiographic assessment, then state the 
most likely diagnosis and 2 differantial diagnoses”

The standardized prompting workflow is illustrated in Figure. 
The model was not provided with any patient demographics, 
clinical history, or laboratory findings; thus, this evaluation 
reflects an image-only scenario rather than real-world clinical 

decision-making. The model’s free-text responses, including 
its primary diagnosis and any mentioned differential 
diagnoses, were recorded for subsequent analysis.

Performance Metrics and Outcome Assessment
Model performance was assessed based on the accuracy of the 
most likely diagnosis, differential diagnosis (two differential 
diagnosis), and benign–malignant classification. Diagnostic 
correctness was assessed at the general diagnosis level; 
subtype-qualified labels (e.g., ‘conventional osteosarcoma’) 
were considered correct if they referred to the same underlying 
diagnostic entity (e.g., ‘osteosarcoma’). Additionally, the 
model’s ability to correctly identify the imaging modality and 
the specific bone involved was recorded for each case.

Statistical Analysis
The data analyses were performed using R software (version 
4.3.1). The primary endpoint was the accuracy of the initial 
most likely diagnosis. Proportions were reported as n/N with 
95% confidence intervals (CIs) calculated using the exact 
(Clopper-Pearson) binomial method.

To assess the clinical value of differential diagnoses, the 
improvement from the initial diagnosis accuracy to the 
differential diagnosis was evaluated using McNemar’s exact 
test. For benign–malignant classification, a 2×2 confusion 
matrix was used to calculate sensitivity, specificity, positive 
predictive value (PPV), and negative predictive value (NPV). 

Figure. Standardized prompt-and-response workflow used for ChatGPT-5 
interpretation of bone tumor radiographs
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Balanced accuracy was reported as a point estimate (mean of 
sensitivity and specificity); 95% CIs were provided for sensitivity 
and specificity only. Potential systematic bias (e.g., a tendency 
toward benign classification) was evaluated by analyzing error 
asymmetry (false negatives vs. false positives) using McNemar’s 
test. A p-value <0.05 was considered statistically significant.

RESULTS

A total of 50 plain radiographs of bone tumors were evaluated 
(reference labels: 23 malignant and 27 benign lesions). 
ChatGPT-5 provided responses for all cases, with no response 
refusals observed (0/50; 0.0% [95% CI: 0.0-7.1]). Additionally, 
the model correctly labeled the radiograph modality and 
identified the affected bone in 100% of cases (50/50; 95% CI: 
92.9-100).  Overall diagnostic accuracy-defined as an exact 
match between the model’s single most likely diagnosis and 
the reference diagnosis-was 56.0% (28/50; 95% CI: 41.3-70.0). 
When the model was allowed to provide up to two differential 
diagnoses, the correct-diagnosis rate increased to 70.0% (35/50; 
95% CI: 55.4-82.1), when the reference diagnosis was present in 
any of the three reported diagnoses (primary+two differentials) 
representing a statistically significant improvement over 
single-diagnosis performance (McNemar’s exact test, p=0.016). 

For benign–malignant classification, overall accuracy 
was 76.0% (38/50; 95% CI: 61.8-86.9; Table 1). Sensitivity 
for malignancy was 52.2% (12/23; 95% CI: 30.6-73.2) and 
specificity was 96.3% (26/27; 95% CI: 81.0-99.9). The positive 
predictive value was 92.3% (12/13; 95% CI: 64.0-99.8) and the 
negative predictive value was 70.3% (26/37; 95% CI: 53.0-84.1), 
yielding a balanced accuracy of 74.3% (Table 2). The model 
predicted malignancy less frequently than the reference 
prevalence (26.0% vs 46.0%), suggesting a tendency toward 
benign classification; this error asymmetry was supported by 
McNemar’s exact test (p=0.006; Table 2).

DISCUSSION

This pilot study provides critical insights into the diagnostic 
capabilities of ChatGPT-5 in the radiographic interpretation 

of bone tumors. Our results demonstrate that while the model 
excels in basic descriptive tasks such as identifying imaging 
modalities and anatomical locations, its performance in 
definitive diagnostic reasoning and malignancy detection 
remains limited.

Consistent with prior literature, ChatGPT-5 achieved 100% 
accuracy in identifying the imaging modality and the 
affected bone. This aligns closely with the work of Hiredesai 
et al.,15 who reported a 98.9% accuracy rate for modality 
identification in upper extremity pathologies. Such high 
performance suggests that LLMs have successfully integrated 
foundational medical imaging characteristics into their 
visual processing frameworks. However, a significant gap 
exists between “recognizing” a radiograph and “interpreting” 
its complex pathological features.16

In our study, ChatGPT-5 reached a diagnostic accuracy of 
56% for the most likely diagnosis, which increased to 70% 
when considering the top two differential diagnoses. This 
is notably higher than the 19.90% “image-only” accuracy 
reported by Atakır et al.17 in a general radiology dataset. This 
discrepancy may be attributed to the highly structured nature 
of bone tumor patterns-such as lesional margins and matrix 
mineralization-which may be more conducive to the model’s 
pattern recognition than the heterogeneous cases used in 
broader studies. Nevertheless, a 56% diagnostic accuracy is 
unlikely to support unsupervised clinical use, suggesting that 
LLMs currently serve best as assistive tools under radiologist 
oversight.16,17

A critical finding of our study is a tendency toward benign 
classification, with a sensitivity of only 52.2% for malignancy. 
This benign-leaning asymmetry (p=0.006) is clinically 
consequential, as missed malignant bone tumors may delay 
appropriate referral and definitive management. In an image-
only workflow, these results suggest that a general-purpose 
LLMs may have limited sensitivity for malignancy, reinforcing 
the need for radiologist oversight and task-specific validation 
before clinical deployment.16 Furthermore, research by Atakır 
et al.17 suggests that LLMs are heavily text-biased; their 
diagnostic consistency and accuracy improve dramatically 
when textual clinical context is provided, yet the addition of 
the image itself often yields diminishing marginal returns.

The limitations observed in ChatGPT-5’s visual reasoning are 
likely due to its architecture, which was primarily optimized 
for natural language processing rather than specialized 
medical computer vision.18 While the latest iterations show 
“numerical improvements” over previous versions in medical 
assessments, they still exhibit hallucinations and struggle 
with subtle findings that human experts easily identify.4 For 
instance, Hiredesai et al.15 noted that ChatGPT 4.0 often 
declined to provide a diagnosis or provided generalized 
information instead of specific findings.

Limitations
This study has several limitations. First, the use of static, 
single-view radiographs does not reflect the dynamic 
nature of clinical practice, where radiologists often utilize 
multiple views and longitudinal data. Second, cases were 
drawn from an open-access educational repository and 

Table 1. Confusion matrix summarizing the multimodal LLM’s benign-
malignant predictions for bone tumor radiographs

Reference malignant 
(n=23)

Reference benign 
(n=27)

Predicted malignant (n=13) TP=12 FP=1

Predicted benign (n=37) FN=11 TN=26
LLM: Large language model, TP: True positive, FP: False positive, FN: False negative, TN: True negative

Table 2. Performance metrics for benign-malignant classification of bone 
tumors on plain radiographs by the multimodal LLM

Metric Estimate 95% CI (exact)

Accuracy 76.0% (38/50) 61.8-86.9

Sensitivity 52.2% (12/23) 30.6-73.2

Specificity 96.3% (26/27) 81.0-99.9

PPV 92.3% (12/13) 64.0-99.8

NPV 70.3% (26/37) 53.0-84.1

Balanced accuracy 74.3% —
LLM: Large language model, CI: Confidence interval, PPV: Positive predictive value, NPV: Negative 
predictive value
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were curated primarily for teaching purposes, which may 
introduce selection/spectrum bias toward well-demonstrated 
archetypal examples and may not reflect the prevalence 
or full spectrum of presentations in the general clinical 
population. Third, our evaluation focused on a “zero-shot” 
prompting approach, prompt engineering and optimized 
instructions can significantly reduce information loss and 
improve the clarity of AI outputs. Future research should 
explore “few-shot” learning or the integration of LLMs with 
specialized Convolutional Neural Networks (CNNs), which 
have historically outperformed general-purpose LLMs in 
fracture and tumor detection.

CONCLUSION

ChatGPT-5 demonstrates a promising but still insufficient 
capacity for the independent interpretation of bone tumor 
radiographs. While it can serve as a valuable triage or 
educational aid, potentially enhancing the performance 
of residents in structured scenarios-its low sensitivity for 
malignancy underscores the indispensable role of human 
expert oversight. As these models evolve, their integration 
into radiology must be governed by rigorous validation to 
ensure they supplement, rather than compromise, diagnostic 
safety.
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ABSTRACT
Aims: The objective was to evaluate the diagnostic performance of the Functional Liver Imaging Score (FLIS) for the 
identification of severe hepatic dysfunction and the relationship between the FLIS on gadoxetic acid-enhanced MRI and 
established liver function scores in patients with chronic liver disease (CLD). 
Methods: 104 patients with chronic liver disease who had gadoxetic acid-enhanced MRIs between January 2021 and December 
2024 were the subjects of this retrospective study. Twenty-minute hepatobiliary phase images were used to score FLIS (0-6) 
based on portal vein signal intensity, biliary excretion, and parenchymal enhancement. The MELD, ALBI, Child-Pugh, and 
FIB-4 scores were computed using laboratory data obtained within two weeks before MRI.
Results: FLIS correlated with key biochemical markers of hepatic reserve (higher albumin and sodium; lower bilirubin and 
cholestatic/hepatocellular enzymes; all p<0.001) and showed strong correlations with MELD and ALBI (r=-0.63 each). Mean 
FLIS decreased from Child-Pugh A (5.66±0.53) to B (3.85±1.32) to C (1.57±0.79) (p<0.001). FLIS demonstrated high diagnostic 
accuracy for advanced dysfunction, with AUCs of 0.86 for MELD >5 and 0.94 for Child-Pugh B/C. 
Conclusion: FLIS has high correlations with biochemical and composite scores of liver function and can well predict severe 
hepatic dysfunction. The moderate correlation of FLIS with FIB-4 indicates that FLIS is more a measure of functional reserve 
than fibrosis and thus confirms its utility as an imaging biomarker.
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INTRODUCTION

Chronic liver disorders represent a major global health 
burden, with prevalence estimates reaching hundreds of 
millions internationally.1,2 To predict prognosis, guide 
treatment choices, and evaluate surgical or interventional 
risks in these patients, an accurate evaluation of hepatic 
functional reserve is crucial.3

Traditionally, liver function has been measured using laboratory-
based tools such as the Child-Pugh, albumin-bilirubin (ALBI) 
scores and Model for End-Stage Liver Disease (MELD).4-6

Although carefully validated, these indices are influenced 
by acute biochemical fluctuation, systemic illness, and renal 

function and are not regionally specific with respect to 
hepatic function.7,8 Consequently, interest in non-invasive, 
image-based biomarkers that directly reflect hepatocellular 
function is growing.

Magnetic resonance imaging (MRI) performed with 
gadoxetic acid allows evaluation of both liver morphology 
and contrast-related functional characteristics in the same 
examination.9 The uptake of gadoxetic acid depends mainly 
on organic anion transporting polypeptides (OATP)-
mediated transport into hepatocytes, whereas its biliary 
elimination requires multidrug resistance-associated protein 
2 (MRP2)-related  excretion pathways.10,11
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The Functional Liver Imaging Score (FLIS), first described by 
Bastati et al.,12 is a simple semi-quantitative scoring system 
that uses three variables from hepatobiliary phase MRI: 
parenchymal enhancement, biliary excretion, and portal vein 
signal intensity.

Several studies have demonstrated associations between 
FLIS and biochemical liver function tests, clinical scores, 
and postoperative outcomes.12-18 However, data directly 
comparing FLIS with a comprehensive panel of widely used 
liver function and fibrosis indices, including MELD, ALBI, 
Child-Pugh, and FIB-4, in a single mixed-etiology  chronic 
liver disease (CLD) cohort remain limited.

Therefore, the primary aim of this study was to assess the 
correlation between FLIS and established liver function 
scores (MELD and ALBI) in patients with CLD. Secondary 
aims were to evaluate its relationship with Child-Pugh class 
and FIB-4, and to determine the diagnostic performance of 
FLIS for identifying advanced hepatic dysfunction. 

METHODS
Ethics

The study was carried out with the permission of the Ankara 
Bilkent City Hospital Scientific Researches Evaluation and 
Ethics Committee (Date: 19.11.2025, Decision No: TABED 
1-25-1842). All procedures were carried out in accordance 
with the ethical rules and the principles of the Declaration of 
Helsinki.

Study Design and Population
All consecutive patients who underwent gadoxetic acid-
enhanced liver MRI between January 2021 and December 
2024 were screened for eligibility. CLD was a mandatory 
inclusion criterion and was confirmed by at least one of the 
following: (1) a documented diagnosis of chronic hepatitis, 
fibrosis, or cirrhosis by a hepatologist or gastroenterologist; (2) 
characteristic imaging findings of CLD or cirrhosis, including 
nodular liver contour, segmental volume redistribution, 
caudate lobe hypertrophy, splenomegaly, or portosystemic 
collaterals; and/or (3) a documented chronic etiology (e.g., 
hepatitis B or C infection >6 months, alcohol-related liver 
disease, or metabolic-associated steatotic liver disease) with 
supportive clinical and laboratory findings. Etiology of CLD 
was determined from clinical records and categorized as 
viral, alcohol-related, or metabolic/cryptogenic.

Eligibility criteria included availability of hepatobiliary-phase 
images acquired ≥20 minutes after contrast administration, 
laboratory and clinical data obtained within two weeks 
of MRI, and absence of focal hepatic lesions involving 
more than one liver segment. During the study period, 312 

consecutive gadoxetic acid-enhanced MRI examinations 
were screened. Patients were excluded due to absence of a 
20-minute hepatobiliary phase (n=15), laboratory or clinical 
data obtained more than two weeks from MRI (n=24), severe 
motion or breathing artefacts (n=51), portal vein thrombosis 
(n=11), prior hepatic surgery (n=32), or focal hepatic lesions 
involving more than one Couinaud segment (n=75). After 
applying these predefined exclusion criteria, 104 patients 
with CLD were included in the final analysis.

MRI Acquisition
All MR examinations were performed on a 3.0-T scanner 
(SIGNA, GE HealthCare, Waukesha, WI, USA) using a 
phased-array abdominal coil. Patients were imaged in the 
supine position. The protocol consisted of axial and coronal 
T2-weighted sequences (typical field of view 38-40 cm, TR/
TE approximately 3750-4280/90 ms, slice thickness 5 mm, 
matrix 320-352×224-230) and T1-weighted sequences (FOV 
40-44 cm, TR/TE 4.2-4.9/2.3-2.6 ms, slice thickness 4 mm, 
matrix 260-300×162-200).

Gadoxetic acid (Gd-EOB-DTPA, Primovist®, Bayer 
Healthcare) was delivered intravenously at a dosage of 0.025 
mmol/kg, succeeded by a 30-ml saline flush. Hepatobiliary 
phase images were acquired 20 minutes after injection. 

FLIS Assessment
FLIS was assessed on hepatobiliary phase images according 
to the criteria described by Bastati et al.12 FLIS was derived 
by visually evaluating hepatobiliary-phase images in terms 
of (1) the relative brightness of the liver compared with the 
kidney, (2) the clarity of intrahepatic biliary ducts, and (3) the 
appearance of the portal vein compared with parenchyma. 
Each component contributes 0-2 points to the composite 
score, and the total FLIS was obtained by summation (range, 
0-6) (Table 1, Figure 1).

An abdominal radiologist with 10 years of experience, 
blinded to laboratory values and clinical data, scored all 
examinations independently.

Laboratory and Clinical Data
All laboratory tests were performed within two weeks of the 
MRI examination. The following parameters were recorded: 
serum bilirubin, albumin, alanine aminotransferase (ALT), 
aspartate aminotransferase (AST), alkaline phosphatase 
(ALP), international normalized ratio (INR), creatinine, 
serum sodium, and platelet count. Clinical liver function 
scores were calculated as follows: Child–Pugh score and class 
(A-C), MELD score, ALBI score and grade (ALBI=[log10 
bilirubin×0.66]+[albumin×-0.085]), and FIB-4 index (FIB-
4=[age×AST]/[platelet count×√ALT]). All scores were 
calculated using the laboratory values closest to the MRI date.

Table 1. Functional Liver Imaging Score (FLIS) parameters evaluated on hepatobiliary-phase magnetic resonance imaging (MRI) 

Parameter Score 0 Score 1 Score 2

Parenchymal enhancement 
(compared with renal cortex) Lower than renal cortex Equal to renal cortex Higher than renal cortex

Biliary excretion No visible intrahepatic bile ducts Faint visualization of bile ducts Distinct visualization of intrahepatic bile ducts

Portal vein signal intensity 
(relative to liver parenchyma) Hyperintense Isointense Hypointense
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Statistical Analysis

All statistical computations were carried out using SPSS 
(version 26; IBM), and analyses were tailored to the 
distributional properties of each variable.

Quantitative measures are summarized as means±SD or 
medians and interquartile ranges, whichever was appropriate, 
given the distribution. Categorical data are described as absolute 
numbers and proportions. Distributional characteristics 
of numeric variables were assessed using the Shapiro-Wilk 
procedure. Between-group differences were investigated by 
parametric or non-parametric tests according to the distribution 
of the data: ANOVA or the Kruskal-Wallis test.

The main analysis examined the association of FLIS with 
MELD and ALBI scores using Spearman’s rank correlation 
coefficient (r) with associated 95% confidence intervals (CIs). 
Secondary analyses explored associations between FLIS and 
other biochemical measures and FIB-4.

ROC analysis was performed to assess the diagnostic 
performance of FLIS for detecting advanced liver dysfunction 
defined as MELD >15, Child-Pugh class B/C versus class A, 
and FIB-4 ≥3.25. AUCs and 95% CIs were calculated for all 
endpoints investigated. Thresholds reflecting the best balance 
between sensitivity and specificity were selected based on 
Youden’s method. A two-sided p-value <0.05 was considered 
statistically significant.

Additional analyses were conducted to assess whether the 
FLIS provided independent and incremental value beyond 
the established biochemical indices. 

To assess incremental discrimination, the AUC was calculated 
for both the base model and the extended model.

RESULTS

The study included 104 participants with chronic liver 
disease. Fifty-two percent were male, and the average age was 
54.1±11.1 years. Table 2 summarizes the clinical, laboratory, 
and demographic features of each patient in the study. The 
cohort included a mixed etiologic spectrum, reflecting real-
world clinical practice.

FLIS scores correlated significantly with both the biochemical 
and composite parameters of liver function.

FLIS correlated positively with albumin (r=0.56, p<0.001) 
and serum sodium (r=0.40, p<0.001), and negatively with 
bilirubin (r =-0.59, p<0.001), AST (r=-0.53, p<0.001), ALP 
(r=-0.51, p<0.001), and INR (r=-0.32, p<0.001). Among 
composite indices, FLIS showed strong negative correlations 
with ALBI score (r=-0.63, p<0.001) and MELD score (r=-0.63, 
p<0.001), and a moderate negative correlation with FIB-4 
(r=-0.33, p<0.001).

When categorized according to the Child-Pugh classification, 
FLIS decreased sequentially from Class A (5.66±0.53) to Class 
B (3.85±1.32) to Class C (1.57±0.79) (p<0.001, Kruskal-Wallis 
test) (Figure 2).

When the MELD score was categorized as ≤10, 11-18 and >18, 
the respective mean FLIS values were 5.8±1.1, 4.3±1.4 and 
2.2±1.1 (p<0.001) (Figure 2).

Post hoc analysis also confirmed that FLIS decreased 
significantly in both the 11–18 and >18 groups compared with 
the ≤10 group (Bonferroni-corrected p<0.01).

Similarly, FLIS decreased stepwise along ALBI grades: Grade 
1 (5.7±1.0), grade 2 (4.1±1.3) and grade 3 (2.4±1.0) (p<0.001) 
(Figure 2).

Table 2. Baseline demographic, clinical and laboratory characteristics of the 
study population (n=104)

Parameter Value

Age (years) 54.1±11.1

Male sex, n (%) 54 (52)

Etiology of chronic liver disease, n (%)

Hepatitis B 49 (47)

Hepatitis C 21 (20)

Alcohol-related 11 (11)

NASH/cryptogenic 23 (22)

Child-Pugh score 7±2

Class A/B/C, n (%) 71 (68.3%)/26 (25.0%)/7 (6.7%)

MELD score 13±5

ALBI score -1.8±0.6

Grade 1/2/3, n (%) 38 (36.5%)/47 (45.2%)/19 (18.3%)

FIB-4 index 4.8±2.9

Serum albumin (g/dl) 3.4±0.6

Total bilirubin (mg/dl) 1.9±1.7

INR 1.3±0.3

AST (U/L) 65±38

ALT (U/L) 52±44

ALP (U/L) 138±58

Platelet count (×10³/µL) 122±61

Serum sodium (mmol/L) 138±4

Creatinine (mg/dl) 0.9±0.3

FLIS score 4.9±1.6

FLIS by Child-Pugh class (A/B/C) 5.7±0.5/3.8±1.3/1.6±0.8
Values are presented as mean±SD or n (%). AST: Aspartate aminotransferase, ALT: Alanine 
aminotransferase, ALP: Alkaline phosphatase

Figure 1. Gadoxetic acid-enhanced hepatobiliary phase MRI in a 55-year 
old man with advanced chronic liver disease. 
The Functional Liver Imaging Score is 1, based on absent intrahepatic biliary excretion (score 
0), liver parenchymal signal intensity equal to the renal cortex (score 1), and hyperintense portal 
vein relative to the liver parenchyma (score 0). These imaging findings are concordant with severe 
hepatic dysfunction, as reflected by a MELD score of 18, Child–Pugh class C, and ALBI grade 3
MRI: Magnetic resonance imaging, MELD: Model for End-Stage Liver Disease, ALBI: Albumin-bilirubin 
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Thirty-three patients (32%) were classified as Child-Pugh 
class B/C. In a multivariable logistic regression model 
including age, sex, and ALBI grade, higher ALBI grade was 
independently associated with Child–Pugh class B/C (OR 
per 1-grade increase, 6.9; 95% CI, 1.8-18.2; p=0.034). When 
FLIS was added to this model, it remained a strong and 
independent predictor of advanced clinical stage. 

The discriminative ability of the base model (age, sex, ALBI grade) 
for identifying Child-Pugh class B/C was high, with an AUC 
of 0.88 (95% CI, 0.81-0.95). Addition of FLIS further improved 
classification, increasing the AUC to 0.96 (95% CI, 0.92-0.99) 
(Figure 3). The incremental gain in AUC was 0.07 (95% CI, 0.03-
0.13) based on bootstrap resampling, indicating significant added 
prognostic value of FLIS beyond biochemical indices alone.

Using the optimal FLIS threshold of ≤5, the sensitivity for 
predicting MELD >15 was 100% (95% CI, 75-100%), and the 
negative predictive value was 100% (95% CI, 93-100%), while 
specificity was 55% and the positive predictive value was 24% 
(Table 3).

DISCUSSION

In this single-center cohort of patients with chronic 
liver disease, we found that FLIS derived from gadoxetic 

acid-enhanced MRI correlated strongly with established 
biochemical and clinical measures of liver function, including 
MELD, ALBI, and Child-Pugh scores, while showing only 
moderate association with the fibrosis-based FIB-4 index. 
These findings support the concept that FLIS primarily 
reflects hepatocellular functional reserve and transporter 
activity, rather than structural fibrosis alone.

Our multivariable modeling shows that FLIS provides 
information that is independent from established biochemical 
markers of liver function. Specifically, after adjustment for age, 
sex, and ALBI grade, every 1-point decrease in FLIS increased 
the odds of being Child-Pugh class B/C by approximately 11-
fold. Notably, the addition of FLIS to a model that contained 
ALBI grade increased the AUC for identifying Child-Pugh 
B/C from 0.88 to 0.96, reflecting a statistically and clinically 
meaningful improvement in discriminative capability. Such 
findings support the contention that FLIS reflects aspects of 
hepatocellular functional reserve that are not fully captured 
by laboratory-based scores in isolation. Moreover, the 
weaker relationship between FLIS and FIB-4 underscores 
its functional rather than structural biomarker status. 
Collectively, these results position FLIS as a complementary 
imaging tool that enhances risk stratification when combined 
with established biochemical indices. Our results complement 
and extend previous studies that have linked FLIS to Child-
Pugh class, ALBI grade, and postoperative outcomes by 
providing a comprehensive comparison with MELD, ALBI, 
Child-Pugh, and FIB-4 in a mixed-etiology CLD population 
and by demonstrating high diagnostic performance of FLIS 
for advanced hepatic dysfunction. The mechanisms behind 
FLIS’s diagnostic validity are biologically plausible.12-18

Gadoxetic acid uptake is governed by hepatocellular 
transport mechanisms involving OATP family carriers, while 
its excretion into bile depends on canalicular efflux pathways 
such as MRP2.8,10 The transport processes may be impaired 
due to hepatocellular dysfunction or cholestasis, resulting 
in diminished hepatobiliary-phase signal intensity and 
reduced FLIS scores. Thus, FLIS provides a direct measure of 
hepatocellular transporter function, which is a vital aspect 
of hepatic reserve that cannot be determined by structural 
fibrosis alone.

In line with this physiology, our study found strong inverse 
correlations between FLIS and bilirubin (r=-0.59), INR 
(r=-0.32), AST (r=-0.53) and ALP (r=-0.51) and positive 
correlations with albumin (r=0.56) and serum sodium 
(r=0.40). These biochemical correlations confirm that 
FLIS reflects both hepatocellular synthetic capacity and 
transporter-mediated excretory function.

Figure 2. Boxplots showing the distribution of FLIS according to (A) MELD 
categories, (B) Child-Pugh class, and (C) ALBI grade
FLIS: Functional Liver Imaging Score, MELD: Model for End-Stage Liver Disease, ALBI: Albumin-
bilirubin 

Figure 3. Receiver operating characteristic (ROC) curves demonstrating 
the diagnostic performance of the Functional Liver Imaging Score (FLIS) 
for identifying advanced hepatic dysfunction

Table 3. Diagnostic performance of FLIS, ALBI grade, and Child-Pugh class 
for identifying MELD >15

Metric Sensitivity (95% CI) Specificity (95% CI) PPV NPV

FLIS ≤5 1.00 (0.75-1.00) 0.55 (0.44-0.65) 0.24 1.00

ALBI grade ≥2 0.85 (0.55-0.98) 0.51 (0.40-0.61) 0.20 0.96

Child-Pugh B/C 1.00 (0.75-1.00) 0.78 (0.68-0.86) 0.39 1.00

CI: Confidence interval, PPV: Positive predictive value, NPV: Negative predictive value, FLIS: Functional 
Liver Imaging Score, MELD: Model for End-Stage Liver Disease, ALBI: Albumin-bilirubin
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The Child-Pugh score is still one of the most widely 
used for staging cirrhosis and predicting prognosis. 
However, it incorporates subjective criteria such as ascites 
and encephalopathy, which are susceptible to clinical 
heterogeneity and treatment variation, and which can lead 
to misclassification of functional status.19,20 Unlike the 
Child-Pugh system, ALBI relies exclusively on bilirubin and 
albumin values and avoids subjective clinical variables.4,21

Various studies have demonstrated that the ALBI score 
is more effective than the Child-Pugh score at predicting 
prognosis, particularly in cases of hepatocellular carcinoma 
and in surgical populations.22-26

In our study population, FLIS decreased stepwise in both 
Child–Pugh classes and ALBI grades, reflecting the expected 
deterioration in liver function. This simultaneous behavior 
indicates that FLIS, ALBI and Child-Pugh all describe the 
same biological range of hepatocellular function, but in 
different ways. Child-Pugh scores the clinical aspects, ALBI 
scores the objective laboratory values, and FLIS scores 
the essential imaging findings of hepatobiliary transport 
capability. These scores are complementary, and this enhances 
the utility of FLIS as a non-invasive imaging surrogate for 
hepatic functional reserve that can be combined with existing 
scoring systems. FLIS scores were found to be monotonically 
decreasing with increasing MELD scores (≤10, 11-18, and 
>18), suggesting a progressive reduction in hepatocellular 
functional reserve with worsening disease severity. The 
monotonic relationship suggests a strong correlation between 
imaging and biochemical parameters of liver dysfunction. 
Since MELD scores include bilirubin, INR, and creatinine, 
which can be affected by systemic factors, FLIS may reflect a 
more direct assessment of hepatocellular capability. A similar 
study by Sakai et al.14 found that FLIS is a better predictor 
of hepatectomy outcomes than MELD or ALBI scores in 
patients with normal liver function.

Our ROC analysis also confirmed that FLIS is highly 
discriminatory for severe hepatic dysfunction, with AUCs of 
0.86 for MELD >5 and 0.94 for Child-Pugh B/C. These values are 
within the range reported for quantitative MR techniques such as 
T1 mapping and perfusion analysis in the literature, suggesting 
that a simple visual score like FLIS may offer comparable clinical 
utility with minimal additional post-processing.11,17

The FIB-4 index, which was originally developed to evaluate 
the risk of advanced fibrosis in individuals with hepatitis C, 
is based on age, AST, ALT, and platelet count.27,28 It is also 
commonly used as an inexpensive, non-invasive method for 
ruling out or diagnosing significant fibrosis, according to 
threshold values of approximately 1.45 and 3.25. However, 
the FIB-4 index primarily reflects structural fibrotic burden 
rather than hepatocellular function. Therefore, we identified 
a moderate correlation between FLIS and FIB-4 (AUC=0.67 
for FIB-4 ≥3.25), which is understandable on biological 
grounds given their differing pathophysiological foundations. 
The most recent large cohort population evidence appears 
to support the use of FIB-4 for predicting long-term liver-
related events and mortality in clinical practice. However, it 
seems that for short-term functional markers such as portal 
hypertension and early outcomes, non-invasive fibrosis 

scores such as FIB-4 are only associated to a limited extent, 
while ALBI is strongly associated with these functional 
outcomes.29-33 FLIS evaluates functional impairment, whereas 
FIB-4 reflects fibrotic burden two related but distinct 
processes in chronic liver disease.

Given its simplicity and reproducibility, FLIS may serve as an 
adjunct imaging biomarker that complements biochemical 
indices in clinical and surgical decision-making. Several 
recent studies have suggested that FLIS thresholds around 
≤5-6 may indicate clinically relevant impairment and 
postoperative risk.14,15,18 Our results confirm this range, 
confirming FLIS as a clinically effective measure in surgery 
and treatment planning.

Limitations 
First, its retrospective, single-center design may introduce 
selection bias, and the relatively small number of patients with 
advanced disease (Child-Pugh C or very high MELD scores) 
limits the precision of estimates in these subgroups. Second, 
laboratory tests were allowed within a two-week window of 
MRI, during which liver function may fluctuate, particularly 
in decompensated patients. Third, FLIS assessment was 
performed by a single reader and interobserver variability 
was not assessed; although prior studies suggest good 
reproducibility, this should be confirmed in future 
multicenter work. Fourth, FIB-4 thresholds were originally 
derived in hepatitis C populations and were applied here 
to a mixed-etiology CLD cohort, which may partly explain 
the only moderate association between FLIS and FIB-4. 
Finally, we did not evaluate hard clinical outcomes such as 
decompensation, liver-related mortality, or post-hepatectomy 
liver failure, and future prospective studies are warranted to 
establish the prognostic value of FLIS in these settings. 

CONCLUSION

FLIS values derived from gadoxetic acid-enhanced MRI 
show strong correlations with MELD, ALBI, and Child-
Pugh scores and accurately distinguish advanced hepatic 
dysfunction in patients with chronic liver disease. The 
only moderate association with FIB-4 suggests that FLIS 
predominantly reflects functional rather than structural 
impairment. In addition to strong univariable correlations, 
FLIS demonstrated independent and incremental prognostic 
value beyond ALBI for identifying advanced hepatic 
dysfunction, supporting its use as a practical imaging 
biomarker to complement existing liver function scores in 
risk stratification and treatment planning.
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ABSTRACT
Artificial Intelligence (AI) is reshaping radiology by enhancing diagnostic accuracy, optimizing workflows, and supporting 
clinical decision-making. Despite over 500 Food and Drug Administration (FDA)-approved algorithms, adoption remains 
limited due to ethical, legal, and operational challenges. Key concerns include data privacy, algorithmic bias, explainability, 
and accountability. Inadequate representation in training datasets can perpetuate healthcare disparities, while “black-box” 
decision-making undermines trust and complicates liability. Ethical governance must integrate transparency, fairness, and 
human oversight from system design through implementation. Data protection frameworks, such as GDPR and Turkiye’s 
KVKK, mandate anonymization, informed consent, and secure handling of imaging data. Privacy safeguards-metadata 
cleaning, pixel-level masking, and defacing-are essential to prevent re-identification. Commercial use of health data requires 
explicit consent, strict oversight, and equitable benefit-sharing. Explainable AI techniques and human-in-the-loop designs 
can improve trust and reliability. In Turkiye, AI-specific regulations are emerging, with the 2024 Draft AI Law introducing 
risk-based classification and governance requirements. Global frameworks, including FUTURE-AI and UNESCO guidelines, 
provide structured pathways for ethical integration. Ensuring AI in radiology is safe, fair, and socially responsible depends on 
embedding ethical principles into every stage of its lifecycle, fostering interdisciplinary collaboration, and maintaining active 
oversight to align technological progress with human dignity.

Keywords: Artificial intelligence, radiology, ethics, data privacy, algorithmic bias

Cite this article: Bozer A. Artificial Intelligence and ethics in radiology. J Radiol Med. 2026;3(1):15-21.

Corresponding Author: Ahmet Bozer, drahmetbozer@gmail.com

Received: 09.08.2025 ◆ Accepted: 24.09.2025 ◆ Published: 09.03.2026

Doi: 10.51271/JRM-0044

INTRODUCTION

Artificial Intelligence (AI) has initiated a transformative shift 
in medical imaging, with the potential to enhance diagnostic 
accuracy, reduce processing times, and increase efficiency. 
Deep learning–based models can analyze modalities such as 
computed tomography (CT), magnetic resonance imaging 
(MRI), and mammography with accuracy comparable to that 
of human experts, and in certain cases, even surpass their 
performance. However, despite more than 500 AI algorithms 
approved by the U.S. FDA, only approximately 2% have been 
widely integrated into routine clinical practice.1 This indicates 
the existence of ethical, legal, and operational barriers that go 
beyond mere technical capability.

Recently, with the rise of technologies such as generative AI, 
tasks like automated reporting and patient communication 
have reduced the workload on clinicians, allowing radiologists 
to focus on more cognitive and interpretative processes.2,3 

Nevertheless, these advances also introduce a range of ethical 
challenges. Issues such as embedded algorithmic biases, 

opaque decision-making mechanisms (“black box”), lack of 
explainability, and questions regarding accountability are 
directly linked to fundamental medical ethics principles.4,5

Imbalanced representation of variables such as gender, race, 
and age in training datasets risks exacerbating healthcare 
disparities, particularly among vulnerable patient groups.4,6 

Moreover, despite high performance, decisions generated by 
non-explainable models can undermine clinical trust and 
create uncertainty in legal accountability.2 In high-risk fields 
such as radiology, it is imperative that decision-making is 
not solely delegated to algorithms but is reinforced through 
human oversight and adherence to explainability principles.

Thus, ethical implementation should be grounded not 
only in technical excellence but also in a multilayered 
governance framework encompassing justice, accountability, 
transparency, and respect for human dignity. Initiatives 
such as the European Commission’s Ethics Guidelines for 
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Trustworthy AI and the FUTURE-AI framework offer 
guidance toward this goal.7,8 In addition, multinational 
ethics statements published by professional bodies such as 
the American College of Radiology (ACR), Radiological 
Society of North America (RSNA), and European Society of 
Radiology (ESR) have established comprehensive principles 
covering data usage, algorithm training, and shared 
accountability.2,9

In conclusion, the safe and equitable integration of AI into 
radiology requires not only software accuracy but also the 
establishment of robust ethical governance principles. This 
book chapter aims to examine the ethical dimensions of AI in 
radiology, focusing on data governance, algorithm reliability, 
shared accountability, and social justice.

APPLICATIONS OF AI IN RADIOLOGY

AI and machine learning (ML) significantly enhance clinical 
efficiency in radiology by improving diagnostic accuracy and 
reducing workload. Systematic reviews have demonstrated 
that AI-assisted image analysis shortens diagnostic times, 
increases interpretation speed, and reduces false-positive 
and false-negative rates.10 In modalities such as MRI, AI has 
the potential to save radiologists’ time through tasks such 
as automated segmentation, reduction of scan times, and 
worklist prioritization.11 In the diagnostic domain, AI tools 
are already employed in routine clinical practice with high 
sensitivity and specificity for detecting urgent findings such 
as lung nodules, intracranial hemorrhage, and pulmonary 
embolism.4

In treatment evaluation and monitoring, radiomics enables 
the analysis of parameters such as tumor heterogeneity, 
treatment response, and disease progression.12 AI-assisted 
analyses allow prediction of therapeutic response, thereby 
enriching clinical decision-making processes.

In the reporting field, studies have shown that the automatic 
transfer of AI-generated findings into structured reporting 
templates reduces reporting times by approximately 20% 
while significantly improving report quality.13 Furthermore, 
in Large Language Model (LLM)-based systems, such as 
those using GPT-4, draft reports refined by radiologists 
provide both time and quality advantages.14 AI also 
optimizes workflow in structured reporting systems through 
functionalities such as auto-populating fields, error checking, 
and quality assurance, leading to substantial time savings 
and a marked reduction in human errors.

In the context of education, AI models can analyze reports 
prepared by radiology residents, provide targeted feedback, 
and accelerate learning processes.15

UNIVERSAL ETHICAL PRINCIPLES FOR AI

The integration of AI into high-impact domains, particularly 
healthcare, has made it imperative to clearly define ethical 
principles and standards. In fields such as medicine, which 
directly affect human life, universal ethical principles for AI have 
been shaped by numerous international organizations, academic 
institutions, and policymakers.5,16 These principles establish a 

framework of responsibility that extends not only to technology 
developers but also to healthcare professionals using AI systems, 
patients, decision-makers, and society as a whole.17

Respect for human dignity and the protection of individual 
autonomy form the foundation of AI ethics. Ensuring 
patients’ control over their own data and adopting dynamic 
informed consent processes are essential in this context.4 
The existence of continuously learning algorithms allows 
for repeated use of data, making it advisable that consent 
be ongoing and renewable over time. In addition, the 
confidentiality of personal data must be supported by legal 
frameworks such as the European Union’s General Data 
Protection Regulation (GDPR) and Turkiye’s Personal Data 
Protection Law (KVKK).16

The principles of non-maleficence and beneficence are 
directly linked to medical ethics. AI applications should 
not cause harm to individuals and should provide potential 
benefits. However, algorithms trained on biased datasets 
carry the risk of reinforcing systemic inequities. For example, 
a widely used healthcare algorithm in the United States was 
shown to assign disproportionately lower risk scores to Black 
patients.18 Preventing such inequities requires representative 
diversity in datasets and rigorous oversight during algorithm 
training.19

The principle of justice aims to ensure equitable access to 
healthcare services. Universal ethical principles call for 
preventing algorithmic decisions that could lead to disparities 
among different socioeconomic and demographic groups.3 

In this regard, ethical design must be evaluated not only in 
terms of technological competence but also through a social 
justice perspective.

Transparency and explainability are prominent ethical 
concerns in modern AI systems. It is essential to provide 
external traceability regarding how algorithms reach 
decisions, along with understandable explanations for users 
and patients.20 This facilitates both scientific auditability 
and the establishment of trust. However, the high parameter 
counts and complex architectures of contemporary deep 
learning models make explainability challenging.

According to the principle of accountability, ultimate 
responsibility for erroneous decisions made by AI systems 
still lies with humans. Clinicians and developers are expected 
to understand system risks, apply effective oversight during 
use, and maintain a role in the decision-making chain.2,17 

Awareness of issues such as automation bias and balancing 
decision-support tools with human judgment are critical for 
ethical compliance.

In conclusion, universal AI ethical principles are built 
on respect for human rights, non-maleficence, justice, 
explainability, and accountability. Binding ethical 
frameworks, such as UNESCO’s 2021 Recommendation 
on the Ethics of AI and the Council of Europe’s legally 
binding instrument enacted in 2024, demonstrate that 
these principles have evolved from guidance into normative 
regulatory structures.16,17 Ensuring their applicability requires 
interdisciplinary collaboration, educational initiatives, and 
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the development of ethical oversight mechanisms. In high-
risk domains such as radiology, regular review and updating 
of these principles is essential to ensure that technology 
advances with a human-centered and equitable approach 
(Figure 1).

DATA PROTECTION AND PRIVACY

Given that applications of AI in healthcare require the 
processing of highly sensitive medical data, data protection 
and privacy constitute one of the most fundamental 
components of the ethical framework. Because AI algorithms 
are typically trained on large volumes of patient data, such 
data must be appropriately anonymized or, at a minimum, 
processed in a purpose-limited and pseudonymized manner. 
The EU’s GDPR incorporates core principles such as data 
subject consent, data minimization, accountability, and 
transparency.4,6

In Turkiye, amendments to the KVKK in 2020 introduced 
certain exceptions for the use of health data in scientific 
research. Specifically, if data have been appropriately 
pseudonymized and the research serves the public interest, 
they may be used for scientific purposes without obtaining 
explicit consent from individuals, provided that approval 
from an ethics committee is obtained and adequate data 
protection measures are implemented.21

In radiology, the use of imaging data in AI projects 
necessitates more specific regulations. For instance, personal 
identifiers within the metadata of DICOM-format images 
must be removed, and any information such as patient names 
or identification numbers displayed on the images should be 
masked. Additionally, in three-dimensional imaging, body 
contours are often removed to prevent the possibility of 
personal identification.

Nevertheless, the contribution of data sharing to scientific 
advancement should not be overlooked. Organizations such 
as the ICMJE define the sharing of clinical research data as 
an ethical obligation, emphasizing that the accessibility of 
datasets used in AI research is essential for transparency and 
reproducibility.5

In conclusion, safeguarding personal data in AI research 
is not only a legal obligation but also an essential ethical 
responsibility to ensure research integrity, protect 

participants’ rights, and maintain public trust. Within 
this scope, data controllers must reinforce technical 
infrastructure, conduct regular audits of research processes, 
and comply with both national and international ethical 
guidelines.

PRIVACY OF IMAGING DATA AND 
MASKING METHODS

Medical imaging data not only contain clinical information 
but may also include elements that can directly or indirectly 
reveal an individual’s identity. In DICOM-format images, 
header (metadata) fields may contain identifiers such as 
patient name, date, device, and protocol numbers; moreover, 
in scans of the facial region, re-identification can be achieved 
through pixel-level anatomical details.22

Therefore, two levels of measures are necessary to ensure 
image privacy: metadata-level and pixel-level. At the 
metadata level, de-identification or pseudonymization 
techniques are used to either completely remove identifying 
fields or replace them with random identifiers.23 At the pixel 
level, identifiers such as patient names, faces, or wristbands 
are rendered unrecognizable through blurring, masking, or 
regional deletion techniques.24

However, in 3D images of the head and face, these methods 
may be insufficient, as facial contours can still be used for 
re-identification. To mitigate this risk, approaches such 
as defacing (face removal), algorithms that distort facial 
modeling, or segmentation-based automatic masking are 
recommended.25 Recently developed machine learning–based 
systems aim to automatically conceal identity-related features 
while preserving clinical information.

Nonetheless, studies published in 2024 and 2025 have 
emphasized that despite the high accuracy rates of automated 
DICOM anonymization tools, human oversight remains 
indispensable in sensitive cases. According to the final 
report of the NIH’s Medical Imaging De-Identification 
(MIDI) Project in June 2025, the ethical use of DICOM data 
should incorporate human-supervised processes alongside 
automated masking systems.26

In conclusion, privacy in medical imaging data is not only 
a legal requirement but also an ethical necessity. Therefore, 
a combined approach involving metadata cleaning, pixel-
level masking, 3D face removal, machine learning-based 
concealment systems, and human verification processes is 
recommended. Ethics committees should technically assess 
these procedures and document them in accordance with 
traceability principles, ensuring that AI-assisted image 
analysis is conducted both safely and within the legal 
framework.

DATA OWNERSHIP, SHARING, AND 
ETHICAL LIMITS OF COMMERCIAL USE

Data ownership is a central ethical issue, particularly in 
the context of health data used in AI applications, as it 
directly relates to the protection of individual rights. The 
ability of individuals to exercise control over their own 

Figure 1. Core ethical principles of ai in radiology
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data is intrinsically linked to both privacy and the principle 
of autonomy. However, the replicable, reproducible, and 
shareable nature of digital data creates an ethical debate 
distinct from traditional concepts of property rights.27

While the sharing of medical data for scientific research 
purposes generally offers a more ethically acceptable 
framework, data sharing with commercial entities requires 
far stricter oversight, transparency, and explicit consent 
mechanisms. The use of publicly available datasets for 
commercial purposes without the informed consent of 
data owners can lead to ethical concerns such as erosion of 
trust, risk of discrimination, and the commodification of 
personal information.28 In particular, when large technology 
companies utilize patient data for financial gain in AI 
development processes, it raises questions about the boundary 
between public interest and market-driven benefits.

A prominent recent approach, the concept of data commons, 
advocates for the open sharing of data for societal benefit. 
However, even within this model, data ownership, intended 
use, access conditions, and sharing limitations must be 
clearly defined, ensuring adherence to principles of fairness 
and inclusivity.29 Furthermore, in cases where data generate 
revenue, increasing attention is being paid to whether data 
owners are adequately informed and included in benefit-
sharing arrangements.

In conclusion, the ethical boundaries of data ownership and 
sharing should be defined not only by legal frameworks but 
also by principles of societal trust, individual rights, and 
transparency. A careful balance must be struck between 
supporting scientific progress and safeguarding individual 
rights, with explicit consent, robust oversight, and strict 
adherence to ethical guidelines being essential-particularly in 
commercial use cases.

ALGORITHM ETHICS AND 
TRANSPARENCY IN DECISION-MAKING 
SYSTEMS
AI-assisted decision-making systems are increasingly used in 
healthcare, finance, and law, yet their “black box” nature and 
risk of bias raise significant ethical concerns. To address these, 
explainable AI (XAI) methods-such as feature importance 
ranking, decision tree surrogates, and SHAP-can enhance 
transparency and user understanding, while human-in-the-
loop designs improve reliability and oversight.30,31

Transparency also fosters trust and societal acceptance, 
as studies show it reduces opposition to AI and increases 
stakeholder confidence. However, the “right to explanation” 
recognized in frameworks like the GDPR has limited 
applicability to deep learning models, and excessive 
regulation may hinder innovation. A balanced strategy-
combining independent audits, diverse training datasets, 
ethical standards, and robust transparency processes-is 
essential to ensure fairness and accountability (Figure 2).32

In breast MRI, when a deep learning model predicting pCR 
was rendered explainable using SHAP, it was demonstrated 
that the decision primarily relied on early enhancement 

patterns around the tumor; this explanation increased 
confidence in altering treatment intensity during the 
oncology board discussion.30,32

ETHICAL DILEMMAS OF AI IN CLINICAL 
PRACTICE

In the practical implementation of AI-assisted clinical 
systems, ethical dilemmas often center on critical areas 
such as decision-support systems, algorithmic bias, patient 
privacy, and the allocation of responsibility. AI-CDSS tools 
have begun to be used in clinical processes such as resource 
allocation and care prioritization, which requires careful 
evaluation in terms of fairness, reliability, and patient trust.33

Deep learning–based systems often operate as “black boxes,” 
with decision-making logic that may not be externally 
interpretable. This lack of transparency can undermine the 
confidence of both clinicians and patients, while also making 
it more difficult to identify the mechanisms underlying errors.

Another concern is that the datasets used to train AI systems 
may contain demographic imbalances or biased patterns. Such 
limitations can lead to misdiagnosis and inappropriate treatment 
planning, particularly for minority groups, thereby contributing 
to clinical inequities. Some dataset-based analyses have 
demonstrated higher error rates for non-white populations.34

Informed consent is another important yet insufficiently 
addressed ethical issue in clinical scenarios involving AI. 
Patients may not fully understand how AI operates, what data 
it uses, or how it makes decisions, potentially undermining 
their right to autonomy. In addition, responsibility must be 
clearly defined. When AI contributes to an error, there must be 
explicit ethical and legal guidelines determining whether the 
developer, clinical personnel, or the institution is accountable.33

A widely used U.S. healthcare algorithm disproportionately 
assigned lower risk scores to Black patients, limiting access 
to additional care; similar biases may threaten equity in 
radiology triage models.18

In a case where an AI-CDSS suggested chemotherapy 
modification, limited training data led to misclassification, 
underscoring the need for defined human-in-the-loop 
oversight and shared accountability.33

Figure 2. Ethical lifecycle of ai in radiology
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To address these ethical challenges, three strategies stand 
out: continuous system monitoring and evaluation (silent 
evaluation), feedback loops incorporating clinician input, 
and the active involvement of multidisciplinary, multi-
stakeholder ethics committees.35

ETHICAL OVERSIGHT, REGULATIONS, 
AND THE SITUATION IN TURKIYE

The integration of AI into medicine necessitates a redefinition 
of ethical oversight and regulatory frameworks. The use of 
AI systems in decision-making processes introduces new 
dimensions-such as transparency, accountability, and data 
privacy-beyond the traditional ethical principles of autonomy, 
beneficence, non-maleficence, and justice.2

At the international level, several key documents, including 
the European Commission’s Trustworthy AI ethics 
guidelines, the Asilomar Principles, and the Montreal 
Declaration, set standards for ensuring that AI is reliable, 
transparent, and human-centered.5 These frameworks 
emphasize that algorithms should not produce bias, decision-
making processes should remain traceable, and human 
oversight must be maintained. The FDA has also established 
distinct regulatory models for “locked” and “adaptive” 
AI-based software, requiring both ethical and technical 
monitoring throughout the product life cycle.36

In radiology, a multi-institutional international consortium’s 
Ethics of AI in Radiology report addresses data ethics, 
algorithm auditing, and the ethical principles necessary for 
the clinical implementation of AI. This report underscores 
that humans should remain the ultimate decision-makers in 
clinical workflows, with ethical responsibility shared among 
developers, implementers, and decision-makers.9

In Turkiye, the KVKK provides the fundamental legal framework 
for the collection, processing, and sharing of health data. Under 
this law, anonymization of imaging data, establishment of 
dynamic consent procedures, and obtaining informed consent 
for data sharing are mandatory. However, AI-specific ethics 
committees or independent regulatory frameworks are still 
in early stages of development. Some university hospitals have 
nonetheless introduced dedicated review protocols for AI-based 
clinical research within their ethics committees.

In clinical use, an adaptive AI software exhibited 
performance drift following a protocol change, prompting 
notification to the manufacturer; in line with the FDA’s 
lifecycle approach, recalibration with real-world data and 
post-market surveillance were initiated.36

At a university hospital, the ethics committee began requiring 
an additional ‘AI methodology appendix’-including data flow, 
anonymization, XAI outputs, and human-in-the-loop plans-
for clinical studies involving AI.9

Turkiye’s regulatory framework, particularly the KVKK 
and the 2024 Draft AI Law, shows substantial parallels with 
international instruments. Similar to the GDPR, the KVKK 
emphasizes consent, anonymization, and accountability 

in health data use.16 Likewise, the draft law adopts a risk-
based classification approach comparable to the EU AI Act.37 
However, while EU frameworks provide institutionalized 
oversight through dedicated AI governance bodies, Turkiye’s 
mechanisms remain in early development, with ethics 
committees at university hospitals serving as the primary 
oversight structures. In contrast to global initiatives such as 
UNESCO’s 2021 Recommendation on the Ethics of AI and 
the FUTURE-AI framework, which prioritize universal 
values and human rights, Turkiye’s regulations currently 
place stronger emphasis on data protection and compliance.8

Looking ahead, establishing a common ethical language at 
both national and international levels will be crucial for the 
safe and equitable integration of AI. For Turkiye, aligning 
with this evolving ethical infrastructure will require the 
creation of independent oversight bodies encompassing both 
medical and engineering expertise.

FUTURE DIRECTIONS AND ETHICAL 
ROADMAP

For the safe integration of AI technologies into healthcare 
systems, a dynamic and continuously updated roadmap-
rather than static principles-should be established. From the 
model development stage onward, ethical design principles 
must systematically incorporate core values such as 
transparency, fairness, accountability, and human oversight.

At the international level, the FUTURE-AI ethical 
framework is structured around six core principles-Fairness, 
Universality, Traceability, Usability, Robustness, and 
Explainability-and outlines 28 best practices covering the 
design, validation, regulation, and field implementation of 
medical AI systems.8 This model promotes reliable system 
development through risk-based assessments.

Recommendations from global organizations such as the 
United Nations (UN) and UNESCO emphasize the adoption of 
human rights–based, transparent, and accountable systems. The 
UN advisory group has proposed initiatives such as a “global 
AI standards exchange platform,” an “international capacity-
building network,” and a “global AI data framework”.2 UNESCO’s 
recommendations highlight algorithmic transparency, anti-
discrimination system design, and accountable governance 
frameworks as key ethical action areas.16

In Turkiye, the Draft AI Law prepared in 2024 classifies 
systems by risk level, mandates the registration of high-risk 
AI applications, and requires the preservation of algorithmic 
transparency and human oversight.37 Additionally, the 
National AI Strategy-which includes objectives such as 
developing domestic language models, promoting green AI 
solutions, and enabling the secure sharing of public data-
aims to strengthen ethical governance.38

The proposed ethical roadmap is summarized in Table. This 
roadmap offers a sustainable framework to ensure that AI 
systems are developed not only with technical reliability but 
also with ethical soundness and a human-centered approach.
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CONCLUSION

The rapid rise of AI in radiology is shaped not only by 
technological advancements but also by the need for robust, 
multi-layered ethical approaches. Integrating AI into clinical 
decision-making requires reinterpreting principles such as 
transparency, explainability, fairness, and accountability 
so that they offer practical guidance in addressing issues 
like data privacy, algorithmic bias, responsibility allocation, 
and social justice. Ethical governance should place human-
centered design at its core, ensuring that clinicians retain 
ultimate responsibility for patient care. A human-in-the-loop 
approach can preserve clinical autonomy, support professional 
accountability, and maintain system explainability.

In Turkiye, where AI-related regulations are still emerging, 
national strategies should be strengthened by interdisciplinary 
collaboration and the formation of independent ethical 
oversight structures. Governance models must be inclusive, 
engaging not only technical experts but also ethics committees, 
clinicians, patients, and the wider public.

Ultimately, the safe, fair, and effective use of AI in radiology 
will depend on more than algorithmic accuracy. Embedding 
ethical principles into the foundation of AI system design 
and deployment is essential to ensure that these technologies 
advance societal benefit, safeguard patient interests, and 
respect human dignity.
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ABSTRACT
Prostate cancer is the second most common malignancy in men after lung cancer and remains a major cause of cancer-related 
mortality. Although prostate-specific antigen (PSA) testing has reduced mortality, its low specificity leads to overdiagnosis and 
unnecessary biopsies. Multiparametric magnetic resonance imaging (mpMRI) has advanced prostate cancer evaluation by 
integrating anatomical, functional, and vascular imaging. Diffusion-weighted imaging (DWI) and apparent diffusion coefficient 
(ADC) measurements provide objective markers of tumor cellularity, which correlate with Gleason score and International 
Society of Urological Pathology Grade Group. To summarize the diagnostic and prognostic role of absolute ADC values and 
the ADC ratio in prostate cancer. A narrative review of the literature from 2006 to 2025 was conducted through PubMed 
and Scopus using terms related to prostate cancer, DWI, ADC, ADC ratio, and PSA density. Thirty references were included, 
ranging from early technical reports to recent meta-analyses and guideline-based studies. Absolute ADC values decrease with 
increasing tumor aggressiveness but are limited by technical and patient-related variability. The ADC ratio, calculated as the 
lesion value relative to normal prostate tissue, reduces variability and improves diagnostic accuracy, particularly in Prostate 
Imaging Reporting and Data System (PI-RADS) category 3 lesions. When combined with PSA density, it increases accuracy for 
detecting clinically significant cancer and decreases unnecessary biopsies. ADC and the ADC ratio are promising non-invasive 
imaging biomarkers that improve lesion characterization, biopsy selection, and prognostic evaluation in prostate cancer. Future 
integration with artificial intelligence, radiomics, and radiogenomics may further enhance personalized patient management.
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INTRODUCTION

Prostate cancer is one of the most common malignancies in 
men worldwide and represents a major cause of cancer-related 
deaths.1 Although prostate-specific antigen (PSA) screening, 
which is widely used in developed countries, has partially 
reduced mortality, its low specificity has led to overdiagnosis 
and unnecessary biopsies.2 Therefore, more reliable, non-
invasive, and prognostically valuable imaging methods have 
come to the forefront in diagnosis.

In the past decade, multiparametric magnetic resonance 
imaging (mpMRI) has emerged as a groundbreaking method 
in the diagnosis and management of prostate cancer.3 By 
combining T2-weighted imaging, diffusion-weighted imaging 
(DWI), and dynamic contrast-enhanced imaging (DCE-
MRI), mpMRI provides a comprehensive assessment of 

the anatomical, functional, and vascular characteristics of 
the prostate. Furthermore, the Prostate Imaging Reporting 
and Data System (PI-RADS) guideline, developed for 
the standardization of mpMRI findings, has become an 
important reference point in clinical practice.4

In particular, DWI and its derivative apparent diffusion 
coefficient (ADC) values are quantitative parameters 
reflecting the microstructural properties of prostate tissue. 
ADC values are inversely correlated with tumor cellularity 
and show a significant reduction in malignant prostate 
lesions.5,6 Studies have demonstrated that ADC measurements 
are reliable biomarkers in differentiating benign from 
malignant lesions.7
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However, absolute ADC measurements may vary due to 
scanner differences, magnetic field strength, selected b-values, 
and patient-related factors.8 For this reason, the ADC ratio 
parameter has been developed in recent years. Calculated as 
the ratio of the lesion ADC value to the ADC value of normal 
prostate tissue in the same patient, ADC ratio reduces the 
effects of individual differences and technical variability, thus 
providing more reliable results.9

Preliminary evidence suggests that the ADC ratio may 
improve diagnostic accuracy and help reduce unnecessary 
biopsies.10-12 Furthermore, its potential integration with 
established clinical parameters like PSA density (PSAD) is an 
area of active investigation, with the goal of creating stronger, 
multi-parametric predictors for clinically significant cancer.10-

12 In this context, ADC and ADC ratio measurements not only 
provide diagnostic accuracy but also hold clinical importance 
in prognostic prediction and treatment response evaluation.13,14

THE DIAGNOSTIC AND PROGNOSTIC 
ROLE OF ADC VALUE AND ADC RATIO IN 
PROSTATE CANCER
Basic Principles and Image Formation
DWI is a functional MRI technique that captures the 
Brownian motion of water molecules within tissues. Tissue 
microstructure-including cellular density, membrane 
integrity, and extracellular matrix architecture-modulates 
water mobility and thus the DWI signal.5 In malignant 
prostate tissue, increased cellularity and reduced extracellular 
space produce restricted diffusion, manifesting as a decrease 
in the ADC.6 In practice, DWI acquired with multiple 
b-values enables quantification of signal attenuation; pixel-
wise monoexponential fitting yields ADC maps that allow 
quantitative assessment of intratissue water diffusion.7,8 

Practical Measurement Considerations 
Accurate ADC quantification requires standardized 
acquisition and analysis:
•	 Field strength and coils: High-field MRI with optimized 

receiver coils, including endorectal coils when appropriate, 
improves signal-to-noise ratio and spatial resolution for 
lesion detection and characterization.7

•	 Region-of-interest (ROI) strategy: ADC can be measured 
as minimum, mean, or percentile values using whole-lesion 
segmentation. Whole-lesion histogram analysis provides 
a more reliable assessment of intratumoral heterogeneity 
than small, single ROIs.6

•	 Quality control: Geometric distortion, susceptibility to 
hemorrhage or post-biopsy changes, and motion artifacts 
must be recognized and minimized during interpretation.7,12

Pathophysiology, Malignancy, and Quantitative Behavior 
In the peripheral zone, malignant lesions typically have 
lower ADC values than benign tissue due to higher cell 
density and reduced extracellular space.6,9 Several studies 
confirm that prostate cancer shows significantly reduced 
ADC compared with benign conditions, supporting its role 
as a biomarker of malignancy.10,11 Moreover, ADC correlates 
with histopathology: minimum ADC values decrease with 

increasing Gleason grade, demonstrating the biological link 
between diffusion restriction and tumor aggressiveness.5,6

CLINICAL APPLICATIONS OF ABSOLUTE 
ADC

Lesion Characterization
Across benign mimickers-such as prostatitis, glandular 
hyperplasia, and stromal nodules-ADC values are generally 
higher than in cancer; by contrast, cancer foci demonstrate 
a marked ADC decrease.7,10 Nonetheless, atrophy and 
biopsy-related fibrosis can also restrict diffusion, so ADC 
must be integrated with T2-weighted morphology and 
dynamic contrast-enhanced MRI (DCE-MRI) for robust 
characterization.12

Risk Stratification and Prognosis
ADC metrics track with histologic grade: increasing Gleason 
score and higher ISUP Grade Groups are associated with 
lower minimum ADC values.6,13 Pooled evidence indicates 
that ADC contributes prognostic information for grade 
upgrading and clinically significant disease.8,14 Quantitative 
ADC also relates to tumor volume and burden, supporting its 
role in disease assessment beyond binary detection.15

Treatment Response Assessment
Post-radiation, ADC tends to rise in treated cancers 
consistent with reduced cellularity, supporting its use as a 
response biomarker and potential surveillance parameter 
after therapy.16 After radiotherapy, DCE-MRI findings 
correlate with biopsy results, highlighting the value of 
multiparametric follow-up in which ADC serves as a key 
quantitative component.17

ADC Ratio: Rationale, Definition, and Advantages
Definition: The ADC ratio is the quotient of the lesion’s ADC 
divided by the ADC of normal-appearing prostate tissue in 
the same patient.9 By normalizing to an internal reference, the 
ADC ratio mitigates interscan and interindividual variability 
introduced by scanner hardware, field strength, chosen 
b-values, and patient-related heterogeneity-limitations that 
challenge absolute ADC harmonization across centers.9,10,19 

Through internal normalization, ADC ratio often yields 
more reliable, comparable measurements, especially in multi-
institutional or longitudinal contexts.9,10

How to Measure ADC Ratio in Practice
•	 Internal reference placement: Use normal-appearing 

tissue in the same zone (e.g., contralateral peripheral zone 
at a comparable slice level) to avoid zonal heterogeneity as 
a confounder.9,10

•	 Lesion sampling: Prefer whole-lesion or carefully placed 
ROIs that capture the most restricted areas to avoid 
partial-volume effects and to reflect clinically relevant 
tumor biology.6,9,10

•	 Reporting: Document the ROI strategy (size, location), the 
reference site, and summary statistics (minimum/mean ADC 
and the derived ADC ratio) alongside acquisition parameters, 
to facilitate reproducibility and longitudinal comparison.6,9,12
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ADC Ratio in PI-RADS 3 Lesions
PI-RADS 3 denotes indeterminate likelihood of clinically 
significant cancer and is a frequent clinical dilemma. 
Here, ADC ratio has shown particular value: multiple 
studies report that ADC ratio can outperform absolute 
ADC in differentiating benign from malignant PI-RADS 
3 lesions, likely due to its robustness against interpatient 
and interscanner variability.10,11,12 Within a comprehensive 
mpMRI framework, integrating ADC ratio with T2-weighted 
morphology and perfusion behavior supports more confident 
decisions about targeted biopsy versus surveillance.11,12,18,19

Integration with the PI-RADS Framework
Quantitative measures can refine PI-RADS categorization 
when judiciously applied. Mean ADC quantification has been 
shown to improve PI-RADS v2 categorization and validation 
of PI-RADS v2.1 demonstrates solid reader agreement and 
diagnostic performance when standardized interpretation 
is maintained-an environment where internally normalized 
metrics like ADC ratio are naturally synergistic.18,19

Pitfalls and Confounders
•	 Benign entities with low ADC: Prostatitis, fibrosis, and 

post-biopsy changes may mimic cancer by restricting 
diffusion; correlation with T2 and DCE is essential.7,10,12

•	 Heterogeneity: Focal necrosis, mucinous components, 
or hemorrhage can alter ADC distribution; whole-lesion 
analysis helps avoid sampling bias.6

•	 Technical variability: Differences in b-values, echo times, 
susceptibility artifacts, and field inhomogeneities all 
influence ADC; normalization by ADC ratio reduces, but 
does not eliminate, these effects.9,10,19

Practical Reporting Recommendations
•	 Acquisition summary: Note field strength, coil 

configuration, and diffusion scheme (multiple b-values).7

•	 Lesion quantification: Provide minimum and/or mean 
ADC and (where available) ADC histogram descriptors for 
the index lesion.6,12,20

•	 Normalization: Report an ADC ratio using same-zone 
normal tissue as reference and describe ROI placement.9,10

•	 Contextual interpretation: Integrate T2-weighted 
morphology and DCE kinetics, especially for PI-
RADS 3 lesions, and state how quantitative metrics 
influenced management recommendations (e.g., biopsy 
targeting).11,12,18,19

•	 Longitudinal use: In post-radiotherapy follow-up, 
track ADC trends as part of response assessment, 
recognizing that rising ADC generally aligns with reduced 
cellularity.16,17

Limitations and Future Directions
Although absolute ADC and ADC ratio provide biologically 
meaningful, reproducible markers of malignancy and grade, 
heterogeneity persists across studies due to differences in 
acquisition protocols, ROI strategies, and reference-tissue 

selection. Meta-analytic evidence supports diagnostic 
and prognostic utility, yet also highlights the need for 
standardized acquisition/analysis pipelines and prospective 
validation in PI-RADS 3 decision-making.8,14 Continued 
work on robust normalization schemes and automated 
whole-lesion analytics may further enhance reproducibility 
and clinical adoption.6,9,12,14

The comparative features, advantages, and limitations of 
absolute ADC versus ADC ratio are summarized in Table 1.

Combination with PSA Density
PSAD, defined as the serum PSA level normalized to prostate 
volume, is a widely used clinical parameter for prostate 
cancer risk stratification and is particularly valuable in 
the assessment of indeterminate mpMRI findings such as 
PI-RADS 3 lesions. Although direct evidence evaluating 
the combined use of ADC ratio and PSAD is limited, the 
available literature suggests that integrating quantitative 
diffusion metrics with established clinical markers may 
enhance overall diagnostic confidence.

Studies have repeatedly demonstrated the prognostic and 
diagnostic utility of ADC-based measurements-including 
ADC ratio-as robust biomarkers of tumor cellularity and 
aggressiveness.9-14 Within this framework, PSAD offers 
complementary biological information that reflects glandular 
volume and PSA kinetics. Therefore, combining ADC-
derived parameters with PSAD holds conceptual promise for 
improving risk stratification, guiding biopsy decisions more 
effectively, and potentially reducing unnecessary interventions; 
however, prospective validation is still required.

Table 1. Comparison of definitions, advantages, and clinical values of 
absolute ADC vs. ADC ratio

Feature Absolute ADC ADC ratio

Definition Direct measurement of 
the lesion’s ADC value

Ratio of lesion ADC value 
to normal prostate tissue 
ADC value

Advantages

-Simple and rapid 
measurement
-Can be directly 
calculated by most 
software-widely used in 
the literature

-Reduces inter-scanner 
variability 
-Minimizes individual 
differences within the same 
patient 
-More reliable for                  
multi-center studies 
-Provides greater 
diagnostic contribution in 
PI-RADS 3 lesions

Disadvantages

-Influenced by scanner 
differences, magnetic 
field strength, and 
b-values
-Patient-related factors 
(edema, hemorrhage, 
inflammation) may alter 
results

-Variability in reference 
region selection 
-Prostate zonal 
heterogeneity may cause 
challenges 
-Lack of standardized            
cut-off values in the 
literature

Clinical value

-Strong correlation with 
tumor aggressiveness
-Decreases consistently 
with higher Gleason 
scores

-Improves diagnostic 
accuracy in PI-RADS 3 
lesions 
-Reduces need for biopsy 
when combined with PSA 
density

Future perspective -Limited role due to 
standardization issues

-Expected to become more 
prominent in multi center 
studies and AI-assisted 
analyses

ADC: Apperent diffusion coefficient, PI-RADS: Prostate Imaging Reporting and Data System,               
PSA: Prostate-specific antigen, AI: Artificial Intelligence
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By decreasing the probability of unnecessary biopsies and 
focusing diagnostic work-up on patients at higher risk of 
clinically significant prostate cancer, such multiparametric 
approaches may ultimately contribute to more cost-effective 
care pathways. Formal cost-effectiveness studies and 
guideline-level recommendations regarding the integration 
of ADC ratio and PSAD have yet to be established, and 
further multicenter investigations will be essential to define 
their optimal role.

Limitations
Despite the growing interest in ADC ratio as a quantitative 
imaging biomarker, several limitations must be 
acknowledged. 

•	 Reference region variability: There is no uniform 
consensus regarding the optimal site for measuring 
“normal” prostate tissue when calculating the ADC 
ratio. Different studies have used contralateral normal-
appearing peripheral zone, transition zone, or whole-gland 
reference regions, which may introduce variability in ratio 
calculations.9,10

•	 Zonal heterogeneity: ADC values differ between prostate 
zones due to intrinsic microstructural and cellular 
differences. As a result, ADC and ADC-ratio thresholds 
derived from peripheral-zone lesions may not be directly 
applicable to transition-zone tumors.20

•	 Heterogeneous cut-off values: Thresholds proposed for 
both absolute ADC and ADC ratio vary considerably 
across studies, partly due to differences in scanners, field 
strengths, b-value schemes, and ROI strategies.12,14 This 
heterogeneity underscores the need for standardized 
acquisition protocols and large-scale prospective validation 
before ADC ratio can be implemented uniformly in 
clinical practice.

Clinical Applications
ADC and ADC ratio are among the most valuable 
quantitative parameters guiding clinical decision-making in 
the diagnosis and prognosis of prostate cancer today. Their 
clinical applications can be summarized as follows:

•	 Differentiation of benign and malignant lesions: ADC 
values play a critical role in distinguishing prostate cancer 
from benign conditions. Prostatitis and benign prostatic 
hyperplasia usually show higher ADC values, whereas 
malignant lesions present with marked decreases.7,10 
However, fibrotic changes or atrophy may also cause 
restricted diffusion, so ADC measurements should always 
be interpreted together with T2-weighted and DCE-MRI 
findings.12

•	 Prediction of tumor aggressiveness: There is a 
strong relationship between ADC measurements and 
histopathological aggressiveness. Meta-analysis and 
quantitative studies have confirmed that ADC is a reliable 
biomarker in predicting tumor aggressiveness.14,20 ADC 
ratio, compared with absolute ADC, stands out as a more 
stable parameter. Lower ADC (and, in some studies, ADC 

ratio) values have been significantly associated with higher 
Gleason scores.13,21 Therefore, ADC ratio can be used as 
an additional prognostic tool for early identification of 
aggressive tumors.

•	 Determining biopsy indications: Adding ADC ratio 
increases diagnostic accuracy in detecting clinically 
significant prostate cancer.11,22 Its combination of mpMRI 
scores and PSAD reduces unnecessary biopsy rates and 
makes significant contributions to patient management.14,23

•	 Active surveillance and treatment response monitoring: 
ADC measurements can be used to predict tumor 
progression during active surveillance of low-risk prostate 
cancer. Progressive decreases in ADC may indicate 
worsening tumor biology. In addition, increases in ADC 
values after radiotherapy and androgen deprivation 
therapy have been shown to correlate with decreased 
tumor cellularity.15-17

•	 Potential impact on clinical guidelines: Recent evidence 
suggests that ADC and ADC ratio, particularly when 
combined with PSA density, may be integrated into 
clinical guidelines.24,25 This approach may help base biopsy 
indications on more objective data, providing clinicians 
with a reliable roadmap.

A structured overview of the diagnostic, prognostic, and 
clinical roles of absolute ADC and ADC ratio is provided in 
Table 2.

FUTURE PERSPECTIVES

Future applications of ADC values and ADC ratio in 
prostate cancer are expected to be strongly influenced by 
developments in quantitative imaging, artificial intelligence, 
and personalized medicine. Although these parameters 
already demonstrate diagnostic and prognostic value, several 

Table 2. Clinical application of absolute ADC vs. ADC ratio

Clinical Application Role of absolute ADC Role of ADC ratio

Differentiation 
between benign and 
malignant lesions

Markedly reduced 
ADC values in 
malignant lesions

More reliable than absolute 
ADC in distinguishing benign 
from malignant lesions

Prediction of tumor 
aggressiveness

-Minimum ADC 
values 
-Correlates with 
Gleason score and 
ISUP Grade Group

-Lower ADC ratio - Shows 
a stronger association with 
higher Gleason scores

Biopsy indication Limited contribution 
in clinical practice

Supports biopsy decision in 
PI-RADS 3 lesions, reducing 
unnecessary biopsies

Active surveillance
Decrease in ADC 
may indicate 
progression

May represent a more 
stable and reliable 
parameter for follow-up

Assessment of 
treatment response

Increase in ADC 
after radiotherapy 
indicates treatment 
response

Currently limited data, but 
promising for the future due 
to normalization advantage

Integration into 
guidelines

Currently used 
indirectly

High potential for 
integration into clinical 
guidelines in combination 
with PSA density

ADC: Apperent diffusion coefficient, ISUP: International Society of Urological Pathology, PI-RADS: 
Prostate Imaging Reporting and Data System, PSA: Prostate-specific antigen 
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domains require further exploration and validation before 
full clinical adoption.

Artificial Intelligence and Automated Measurements
Manual ROI placement is one of the main reasons for 
variability in ADC analysis. Differences in observer 
experience and lesion sampling strategies can lead to 
inconsistent results, especially in heterogeneous tumors. The 
integration of AI-based algorithms promises to automate 
ROI selection and standardize ADC quantification, thereby 
reducing interobserver variability. Initial studies integrating 
ADC maps into multiparametric machine learning pipelines 
have shown improved lesion classification and diagnostic 
accuracy.12,26,28 AI tools may also provide real-time biopsy 
guidance by highlighting regions with lowest ADC or 
abnormal ADC ratio, potentially redefining workflow in both 
diagnosis and active surveillance.

Radiomics and Multiparametric Integration
Conventional ADC reporting often relies on mean or 
minimum values, which may fail to capture intratumoral 
heterogeneity. Radiomics can extract a broad range of 
texture, shape, and histogram-based features from ADC 
maps, offering a more comprehensive representation of 
tumor biology. Several studies have demonstrated that 
radiomic models integrating ADC features with T2-weighted 
or DCE-MRI improve the discrimination between clinically 
significant and insignificant prostate cancer.12,26,28 In the 
future, radiomics may not only refine PI-RADS classification 
but also contribute to individualized treatment planning, 
for example by predicting response to focal therapy or 
radiotherapy.

Radiogenomics and Molecular Correlations
Linking imaging features to genomic alterations is a 
promising field. Quantitative ADC metrics and ADC 
ratios may correlate with molecular subtypes, proliferation 
markers, and genetic signatures of aggressiveness. Early 
studies suggest that ADC-based measures can predict 
biochemical recurrence and treatment outcomes after 
radical prostatectomy.13,30 Radiogenomics could enable a 
“virtual biopsy,” allowing non-invasive assessment of tumor 
heterogeneity and guiding targeted treatment without relying 
exclusively on tissue sampling. In the long term, radiogenomic 
signatures combining ADC features with genomic risk scores 
may offer powerful prognostic tools in precision oncology.

Standardization and Multicenter Validation
One of the critical challenges is methodological heterogeneity. 
Scanner hardware, magnetic field strength, diffusion encoding 
(b-values), and ROI strategies lead to wide variability in ADC 
values across institutions. Current meta-analyses emphasize 
the lack of standardized cut-offs for distinguishing benign 
from malignant lesions or for predicting aggressiveness.8,14,29 
Future research should focus on multicenter prospective 
trials with harmonized acquisition protocols, automated 
segmentation pipelines, and clearly defined reference tissues. 
Standardization will be essential for integrating ADC ratio 
into international guidelines, especially for PI-RADS 3 
lesions where decision-making remains a clinical dilemma.

Clinical Workflow and Decision Support
In the next decade, ADC-derived metrics are likely to become 
part of multiparametric decision-making tools that combine 
imaging biomarkers with clinical and laboratory data. The 
prospective integration of quantitative MRI biomarkers 
like the ADC ratio with clinical data such as PSA density, 
Gleason score, and ISUP Grade Group holds the potential to 
refine integrated risk calculators.14,19,22 Such multi-parametric 
models could ultimately optimize biopsy decisions and reduce 
overtreatment, though this requires validation in future clinical 
trials. In active surveillance, monitoring ADC dynamics over 
time may allow early detection of tumor progression, enabling 
timely therapeutic intervention. Such integrative models 
could also be embedded into clinical information systems, 
supporting radiologists and urologists in daily practice.

Expanded Roles Beyond Diagnosis
ADC and ADC ratio are no longer limited to initial diagnosis. 
Evidence suggests they are valuable in treatment monitoring: 
post-radiotherapy and post-hormonal therapy, rising ADC 
values reflect reduced tumor cellularity and successful 
response.16,17,27 Furthermore, combining ADC with perfusion 
parameters from DCE-MRI may improve early prediction 
of therapeutic outcomes. Another promising area is the use 
of absolute ADC as a prognostic biomarker for biochemical 
recurrence after radical prostatectomy.30 In the future, these 
parameters may guide selection of patients for focal therapies, 
immunotherapies, or novel targeted agents, broadening their 
role well beyond traditional diagnosis.

EXPANDED OUTLOOK

The future role of ADC and ADC ratio in prostate cancer 
management is likely to evolve from simple quantitative 
markers into multifunctional imaging biomarkers, integrated 
within AI-driven platforms, radiomics pipelines, and 
radiogenomic models. To realize this potential, rigorous 
standardization, multicenter validation, and incorporation 
into clinical guidelines will be essential. Ultimately, these 
developments may establish ADC-derived metrics as 
indispensable tools for personalized, non-invasive, and cost-
effective prostate cancer care.

CONCLUSION

ADC values and ADC ratio represent promising quantitative 
biomarkers for the diagnosis and prognostic assessment of 
prostate cancer. By improving lesion characterization and 
supporting biopsy decisions-particularly in PI-RADS 3 cases-
they have the potential to enhance clinical decision-making 
and reduce unnecessary interventions. Their association with 
tumor aggressiveness also highlights their role in prognostic 
evaluation and treatment monitoring.

Nevertheless, challenges such as variability in imaging 
protocols, lack of standardized thresholds, and zonal 
heterogeneity within the prostate remain barriers to 
routine clinical adoption. Addressing these limitations 
through prospective multicenter studies with harmonized 
methodology will be essential.
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Looking ahead, integration with artificial intelligence, 
radiomics, and radiogenomics is expected to further 
strengthen the value of ADC-based metrics, paving the 
way for more objective and personalized prostate cancer 
management.
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