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Abstract

This study aimed to assess the quantitative diagnostic accuracy of ChatGPT in
interpreting adult chest computed tomography (CT) phantom images using contrast-to-
noise ratio (CNR) as the reference standard. A quantitative descriptive—comparative
research design was employed, utilizing thirty (30) CT phantom images acquired under
adult chest CT protocols with varying milliampere-seconds (mAs). Objective image
quality was evaluated through computed CNR values, while the same images were assessed
by ChatGPT using a standardized evaluation approach. The results of both methods were
statistically compared using a paired t-test. Findings revealed that quantitative CNR values
exhibited wide variability, including both positive and negative results, reflecting
sensitivity to changes in image quality. In contrast, ChatGPT-generated values were
consistently positive and showed minimal variation, indicating stable but generalized
outputs. Comparative analysis demonstrated that ChatGPT consistently produced higher
evaluation scores than the quantitative method. The paired t-test confirmed a statistically
significant difference between the two methods (p = 0.002). These results suggest that
ChatGPT lacks sensitivity to variations in CT image quality and tends to overestimate
results. While it may serve as a supplementary tool, quantitative evaluation remains
essential for accurate assessment of image quality.
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1. Introduction

Computed tomography (CT) has become one of the most critical diagnostic
modalities in modern medicine, enabling three-dimensional visualization of internal
anatomical structures that surpasses the capabilities of conventional X-ray techniques.
Globally, CT is used for an estimated 375 million scans annually, underscoring its
indispensable role in supporting accurate clinical decision-making across diverse patient
populations (Frost & Sullivan, 2025). As worldwide CT utilization continues to expand,
ensuring consistent and reliable image quality has become a paramount concern for
radiologic professionals, researchers, and healthcare institutions alike. Traditionally, CT
image quality was assessed through subjective clinical judgment; however, recent literature
increasingly emphasizes the need for objective, quantitative evaluation methods that
provide standardized and reproducible measurements of diagnostic adequacy (Hoeijmakers
etal., 2025). Quantitative metrics such as the contrast-to-noise ratio (CNR), signal-to-noise
ratio (SNR), and spatial resolution enabled radiologists to characterize image clarity and
lesion detectability with greater precision, reducing the inherent variability of visual
assessment alone and forming the scientific foundation for quality-driven CT practice
(Hoxha et al., 2024).

Improving CT imaging quality and maximizing diagnostic reliability are essential
in addressing persistent national health burdens in the Philippines. Suanes et al. (2023)
emphasized that advancing lung cancer screening requires improved funding, region-
specific imaging protocols, and multidisciplinary collaboration supported by public—
private partnerships. Alongside enhanced diagnostic technologies, these measures may
strengthen early detection efforts and improve long-term clinical outcomes for Filipino
patients. Therefore, ensuring high-quality CT imaging remains important in supporting
accurate diagnosis and effective healthcare delivery.

The integration of innovative artificial intelligence tools, such as ChatGPT, into
radiologic workflows represents a promising avenue to support clinical practice by
reducing diagnostic workload, improving efficiency, and enabling faster interpretation of
imaging results. International studies have demonstrated moderate diagnostic performance
of ChatGPT and vision-enabled language models in image-based tasks; for instance,
Dehdab et al. (2024) reported that ChatGPT-4 Vision achieved a diagnostic accuracy of
56.8% when interpreting chest CT slices for COVID-19 and lung cancer. These findings
indicated both the potential and limitations of ChatGPT in radiology, underscoring the need
for studies that directly link objective image-quality metrics to its interpretive performance
under controlled conditions. The potential benefits of ChatGPT-assisted evaluation align
strongly with Sustainable Development Goal (SDG) No. 3, which aims to ensure healthy
lives and promote well-being for all (United Nations, 2015). By investigating how
ChatGPT evaluates adult chest CT phantom images at varying CNR levels, this study
contributes to global and national efforts to improve diagnostic accuracy, streamline
workflows, and enhance the quality of healthcare delivery.

Alongside the growing clinical importance of quantitative metrics such as CNR,
recent phantom-based studies have consistently highlighted the value of objective image-
quality assessment across different dose conditions. Li et al. (2022) performed a multi-
scanner phantom study evaluating low-dose CT image quality across five CT systems and
found that CNR consistently served as a reliable and reproducible metric for comparing
device performance at reduced dose levels. A separate phantom study utilizing a chest



model demonstrated that deep learning—based image reconstruction (DLIR) can markedly
enhance both CNR and SNR compared with conventional filtered back-projection and
iterative reconstruction methods, even at lower milliampere-second (mAs) settings (Jung
et al., 2023). These findings reinforce the established role of phantom imaging as a
controlled, scientifically rigorous approach to evaluating how acquisition parameters affect
measurable image-quality indicators. Collectively, the evidence supports the use of
phantom-based CNR assessment as a gold-standard method for benchmarking CT image
quality, making it an appropriate reference framework for evaluating the performance of
emerging computational tools such as ChatGPT. Furthermore, a phantom study utilizing a
chest model demonstrated that deep learning—based image reconstruction (DLIR) can
markedly enhance both CNR and SNR compared with conventional filtered back-
projection and iterative reconstruction methods, even at lower mAs settings (Jung et al.,
2023).

Despite the growing integration of artificial intelligence in medical imaging, Guo
et al. (2024) explicitly acknowledged that the application of large language models, such
as ChatGPT, to computed tomography image quality assessment remains largely
unexplored, particularly in objective, quantitative evaluation contexts. While previous
studies, such as Dehdab et al. (2024), have examined ChatGPT’s diagnostic performance
on clinical CT images, none have evaluated its ability to numerically replicate quantitative
image-quality metrics, such as the contrast-to-noise ratio (CNR), derived from phantom
images acquired under controlled exposure conditions. Existing phantom-based CT image
quality studies have firmly established quantitative pixel-value methods as the gold
standard for objective assessment, yet no study has introduced ChatGPT as a comparative
evaluation tool against manually computed CNR values across varying milliampere-
second (mAs) settings. A scoping review of large language models in radiology, covering
studies from 2022 to 2024, similarly confirmed that LLM applications remain concentrated
on text-based report generation and clinical decision support, with no study evaluating
LLM performance against quantitative CT imaging parameters (PMC, 2025). This
significant gap in the literature underscored the urgent need for a study that directly
compares ChatGPT-generated CNR evaluations with objective quantitative measurements
in adult chest CT phantom images. The present investigation seeks to address this gap by
providing empirical evidence of ChatGPT’s diagnostic accuracy in a
controlled phantom setting.

Overall, the growing interdependence between quantitative CT image quality
assessment and emerging ChatGPT-based diagnostic tools represents a critical point of
convergence for advancing radiologic practice and Al-assisted imaging evaluation. The
need to rigorously assess whether ChatGPT can reliably replicate objective CNR
measurements is both timely and clinically significant, given the increasing interest in Al
tools as potential supplements to traditional radiologic workflows. Thus, this study is
undertaken to evaluate the quantitative diagnostic accuracy of ChatGPT in interpreting
adult chest CT phantom images in relation to objectively computed CNR measurements
obtained under varying mAs exposure settings. The findings were expected to provide
evidence that supports or challenges the utility of ChatGPT as a supplementary evaluation
tool in CT image quality assessment. Ultimately, this research aimed to contribute to
improved diagnostic care, strengthen radiology education, and advance progress toward
national and global health goals aligned with SDG No. 3.



The findings of this study aimed to provide empirical evidence supporting the safe,
effective, and purposeful integration of ChatGPT into CT imaging environments,
particularly as a supplementary tool for image-quality evaluation alongside established
quantitative methods. By systematically comparing ChatGPT-generated CNR estimates
with manually computed values from adult chest CT phantom images, the study provides
a rigorous, controlled assessment of the model’s numerical accuracy and consistency. This
evidence is expected to inform radiologists, medical educators, healthcare institutions, and
policymakers on the appropriate scope and limitations of Al-assisted imaging tools in
clinical and research settings. The study further contributed to the broader literature on
large language model performance on quantitative medical imaging tasks, an area that
remains under investigated despite the rapid proliferation of Al in healthcare. In doing so,
it reinforces the importance of evidence-based adoption of emerging technologies in
diagnostic radiology, ensuring that innovations such as ChatGPT are integrated
responsibly and with clearly understood boundaries.

The primary beneficiaries of this research are patients, who will receive more
accurate, timely, and reliable diagnoses through improved CT image-quality assessment
practices. A more objective and standardized evaluation framework may reduce the risk of
misdiagnosis and unnecessary radiation exposure, both of which carry significant
consequences for patient health outcomes. By supporting earlier and more accurate
detection of thoracic diseases, including lung cancer, pneumonia, and cardiovascular
conditions, this study directly contributes to improved treatment planning and disease
management. Patients in the Philippines, where chest-related diseases remain among the
leading causes of mortality, stand to benefit particularly from advances in diagnostic
accuracy and imaging standardization. Ultimately, integrating reliable Al-assisted
evaluation tools into clinical workflows has the potential to enhance the overall quality of
care for patients undergoing chest CT examinations.

Radiologists also stood to benefit significantly from enhanced workflow efficiency
enabled by Al-assisted evaluation tools such as ChatGPT. ChatGPT-assisted evaluations
can aid case prioritization, support diagnostic decision-making, and reduce cognitive load
when interpreting large volumes of imaging data. By handling certain routine evaluation
tasks, ChatGPT may allow radiologists to focus their expertise on more diagnostically
complex cases that require nuanced clinical judgment and specialized knowledge. This
redistribution of cognitive effort has the potential to reduce burnout, improve turnaround
times for imaging reports, and enhance overall radiologic service delivery. Furthermore,
understanding ChatGPT’s quantitative capabilities and limitations equips radiologists with
the knowledge needed to use Al tools judiciously and responsibly within evidence-based
practice frameworks.

Healthcare institutions may also experience significant operational and
financial advantages by adopting  standardized, Al-assisted imaging-quality
assessment  practices. Theintegration of objective imaging protocols and validated
evaluation tools can optimize resource allocation by reducing variability in CT acquisitions
and minimizing repeat examinations due to suboptimal image quality. Consistent
application of quantitative standards, such as CNR, also supports more uniform patient care
across facilities, technologists, and imaging equipment. From a quality assurance
perspective, the availability of Al tools capable of rapidly and consistently evaluating
image quality may strengthen institutional compliance with national and international



diagnostic reference levels. Ultimately, the evidence generated by this study may inform
institutional decision-making regarding the appropriate role of ChatGPT and similar tools
within hospital-based CT quality management programs.

Medical educators and radiologic technology trainees could also derive significant
educational benefits from incorporating ChatGPT into radiologic practice and academic
instruction. This technology provides an innovative, interactive educational tool that
enhances understanding of image quality assessment, diagnostic reasoning, and the
application of quantitative evaluation methods in clinical contexts. Exposure to Al-assisted
tools during training prepares future radiologic professionals to navigate a healthcare
landscape increasingly shaped by machine learning and large language model
technologies. The study’s findings can be integrated into curriculum discussions on CT
imaging physics, quality assurance, and the critical appraisal of Al-generated outputs in
medical settings. By grounding the use of ChatGPT in empirical evidence, educators can
guide trainees in developing both the technical competencies and the critical thinking skills
needed to evaluate and responsibly apply Al tools in their future professional practice.

Finally, policymakers and public health authorities stood to benefit from the
empirical evidence generated by this study in shaping evidence-based regulations and
guidelines for the use of Al in medical imaging. The findings can inform decisions on
integrating large language models, such as ChatGPT, into national quality assurance
frameworks, helping establish appropriate boundaries for their clinical application.
Policymakers may also use this research to promote safer imaging practices by supporting
the adoption of standardized, quantitative image-quality metrics, such as CNR, across
public and private healthcare facilities. Advancing such standards is particularly relevant
in the Philippines, where the absence of national CT screening guidelines and
inconsistencies in imaging protocols continue to pose challenges for early disease detection
and patient safety. In doing so, policymakers help strengthen national healthcare policies
and achieve broader population health goals, including reducing preventable mortality
from chest diseases such as lung cancer and pneumonia.

2. Objectives
This study aimed to determine the quantitative diagnostic accuracy of ChatGPT in
interpreting adult chest computed tomography phantom images.

3. Materials and Methods

This study employed a quantitative, descriptive, and comparative research design
to determine the contrast-to-noise ratio (CNR) of adult chest CT phantom images acquired
under varying milliampere-second (mAs) settings and to evaluate the diagnostic accuracy
of ChatGPT across these image quality levels.

The study was conducted at Lorma Cancer Institute in the City of San Fernando,
La Union. CT image acquisition was performed using a Philips CT scanner under the
supervision of the Radiation Oncology Department personnel. A Catphan Phantom 150
with serial number 50034197 was utilized during image acquisition.

A total of thirty (30) CT phantom image slices constituted the sample of the study.
The phantom image slices were obtained from five phantom groups scanned at varying
tube current-exposure time products (mAs), specifically 300 mAs, 250 mAs, 200 mAs, 150
mAs, and 100 mAs, to generate images with varying levels of image noise and Contrast-



to-Noise Ratio (CNR).

The researchers used RadiAnt DICOM Viewer to analyze the CT phantom image
slices and obtain the necessary quantitative image quality parameters, including the mean
signal intensity of the object, the mean signal intensity of the background, and the standard
deviation of the background noise required for the Contrast-to-Noise Ratio (CNR)
computation. The Contrast-to-Noise Ratio (CNR) was computed using the following
formula: CNR = (XT — xbg) / cbg

Where xT denoted the mean signal intensity of the object, Xbg denoted the mean
signal intensity of the background, and cbg represented the standard deviation of
background noise. Higher CNR values indicated improved image contrast and diagnostic
detectability.

After the quantitative evaluation, the same CT phantom image datasets were
converted to high-resolution JPEG format and subsequently evaluated using ChatGPT via
a standardized evaluation prompt.

A paired t-test was conducted to determine whether there was a statistically
significant difference between the quantitative CNR values obtained by the researchers and
the ChatGPT-generated evaluations.

4. Results

The results of the study showed variations in image quality across the five CT
phantoms with different mAs settings. Quantitative evaluation demonstrated both positive
and negative CNR values, indicating fluctuations in image quality and sensitivity to
changes in image noise and contrast.

Table 1. Diagnostic Accuracy in Terms of CNR of Adult Chest CT Phantom Images

with Varying mAs
Phantom mAs Slice Meanl Mean2 SD CNR CNR Evaluation
P1 300 104 113.56 98.85 7.50 1.99 Good
105 116.06 100.16 8.21 1.95 Good
106 112.96 98.61 6.58 2.13 Good
107 108.87 98.36 7.57 1.27 Good
108 99.56 98.24 5.35 0.22 Good
109 98.15 98.25 8.09 0.07 Good
Average CNR =1.27
P2 250 104 116.23 98.65 8.40 2.11 Good
105 114.14 99.88 8.72 1.66 Good
106 112.42 99.75 8.55 1.46 Good
107 92.85 98.26 8.11 -0.67 Poor
108 88.78 100.16 7.63 -1.54 Poor
109 85.58 99.52 7.78 -1.80 Poor
Average CNR =0.20
P3 200 107 110.25 98.03 7.70 1.60 Good
108 113.54 99.15 9.43 1.53 Good
109 111.44 98.06 8.96 1.56 Good
110 107.13 98.00 9.75 0.93 Good
111 92.79 98.88 9.03 -6.73 Poor




112 90.15 97.86 9.39 -0.82 Poor
Average CNR = -0.32

P4 150 104 113.52 98.62 9.71 1.56 Good
105 112.91 98.57 9.73 1.49 Good
106 112.35 98.44 9.91 1.40 Good
107 111.07 99.18 8.87 1.39 Good
108 97.55 97.09 11.51 -0.62 Poor
109 91.40 98.34 11.98 -0.58 Poor
Average CNR =0.77
P5 100 104 114.29 98.28 13.05 1.19 Good
105 114.94 99.17 12.63  1.23 Good
106 99.60 99.97 12.19  -0.05 Poor
107 92.90 99.53 12.71 -0.52 Poor
108 91.66 99.30 11.88 -0.65 Poor
109 86.79 99.45 11.27 -1.14 Poor

Average CNR = 0.01
Legend: P1-P5: PhantomI- Phantom05

Table 1 presents the diagnostic accuracy in terms of CNR of adult chest CT
phantom images with varying mAs. Phantom P1 with 300 mAs obtained an average CNR
value of 1.27 and was evaluated as Good. Phantom P2 with 250 mAs obtained an average
CNR value of 0.20. Phantom P3 with 200 mAs produced an average CNR value of -0.32,
indicating poor image quality conditions in some slices. Phantom P4 with 150 mAs
generated an average CNR value of 0.77, while Phantom P5 with 100 mAs showed an
average CNR value of 0.01. The results demonstrated that decreasing mAs levels generally
reduced image quality due to increased image noise and lower contrast detectability.

Table 2. ChatGPT Diagnostic Accuracy in the Evaluation of Adult Chest CT
Phantom Images with Varying mAs
Phantom mAs Slice Meanl Mean2 SD CNR CNR Evaluation

P1 300 104 24.9 5.5 6.4 3.06 Good
105 24.8 5.6 5.9 3.26 Good
106 249 5.6 6.4 3.02 Good
107 24.9 5.6 5.85 3.34 Good
108 249 5.6 6.45 3.00 Good
109 239 5.6 7.65 2.43 Good
Average CNR =3.18
P2 250 104 28.5 5.0 5.25 3.92 Good
105 25.5 5.0 5.2 3.95 Good
106 25.5 5.0 5.2 3.95 Good
107 25.5 5.0 5.2 3.95 Good
108 25.5 5.0 5.2 395 Good
109 25.5 5.0 5.2 3.95 Good
Average CNR =3.95
P3 200 107 23.5 6 7.25 2.42 Good
108 234 6 5.58 2.40 Good




109 234 6 7.25 2.40 Good
110 234 6 7.25 2.40 Good
111 234 6 7.25 2.40 Good
112 234 6 7.25 2.40 Good
Average CNR =2.40
P4 150 102 24.5 6 6.25 2.96 Good
103 24.4 6 6.25 2.95 Good
104 24.4 6 6.25 2.95 Good
105 24.4 6 6.25 2.95 Good
106 24 .4 6 6.25 2.95 Good
107 40.6 0.8 12.50 3.19 Good
Average CNR =2.99
P5 100 104 38.1 2.3 15.6 2.33 Good
105 37.1 2.3 16.5 2.13 Good
106 36.5 2.3 17.5 1.76 Good
107 35.5 2.3 18.5 1.77 Good
108 35.5 2.3 19.5 1.69 Good
109 34.5 2.3 20.5 1.57 Good

Average CNR = 1.88

Legend: P1-P5: Phantoml- Phantom5

Table 2 presents the ChatGPT diagnostic accuracy in the evaluation of adult chest
CT phantom images with varying mAs. The results showed consistently positive CNR
values across all slices and phantoms. Average ChatGPT CNR values were 3.18 for P1,
3.95 for P2, 2.40 for P3, 2.99 for P4, and 1.88 for P5. All evaluations were classified as
Good despite variations in mAs exposure settings.

Table 3.1 Comparison Between Quantitative Evaluation and ChatGPT on Image
Quality of Adult Chest CT Phantom Images

Phantom mASs Manual Evaluation ChatGPT Evaluation
Pl 300 1.27 3.18
P2 250 0.20 3.95
P3 200 -0.32 2.40
P4 150 0.77 2.99
P5 100 0.01 1.88

Legend: P1-P5: Phantoml- Phantom5

Table 3.1 presents the comparison between quantitative evaluation and ChatGPT
on image quality of adult chest CT phantom images. The results showed a clear discrepancy
between the two methods, with ChatGPT consistently yielding higher CNR values
compared to the manual evaluation. For instance, P2 demonstrated a manual CNR value of
0.20, while ChatGPT produced a significantly higher value of 3.95. Similarly, in P3, the
manual evaluation yielded a negative CNR value of —0.32, whereas ChatGPT still reported
a positive value of 2.40.



Mean Variance t-Value df  t-crit p-Value Reject Remarks

Manual

Evaluation 0.37 0.40 715 4 213 0.002 Reject  Significant

ChatGPT ) ) ) Ho Difference
. 2.88 0.62

Evaluation

Table 3.2 presents the summary of statistical values between the quantitative
evaluation and ChatGPT evaluation. The manual evaluation yielded a mean CNR of 0.37,
whereas ChatGPT produced a mean of 2.88. The computed t-value was —7.15 with a p-
value of 0.002. Since the p-value was lower than the 0.05 significance level, the null
hypothesis was rejected, indicating a statistically significant difference between the
quantitative evaluation and ChatGPT evaluation.

5. Discussion

The findings demonstrated that quantitative CNR evaluation effectively identified
variations in CT image quality across different acquisition settings. The presence of both positive
and negative CNR values confirmed the sensitivity of the method in distinguishing acceptable from
poor-quality images.

In contrast, ChatGPT-generated evaluations consistently produced positive and less
variable CNR values. This indicated that ChatGPT may lack sensitivity to subtle and extreme
changes in image quality, particularly in conditions where image noise dominates.

The results further showed that ChatGPT consistently overestimated image quality relative
to the quantitative evaluation. While ChatGPT provided stable and consistent outputs, it failed to
adequately reflect degraded image conditions observed in lower mAs settings.

These findings support Image Quality Theory and Signal Detection Theory, which explain
that increased image noise from lower mAs settings reduces contrast resolution and diagnostic
performance.

Overall, the findings reinforce the importance of quantitative evaluation as the standard for
objective and sensitive assessment of CT image quality while emphasizing that Al-assisted tools
such as ChatGPT should only serve as supplementary evaluation methods.

6. Conclusion

The study demonstrated that significant differences exist between quantitative evaluation
and ChatGPT-assisted evaluation of adult chest CT phantom images. Quantitative evaluation
revealed fluctuating image quality across varying mAs settings, including positive and negative
CNR values, while ChatGPT consistently produced higher and more stable image quality
evaluations.

The paired t-test confirmed a statistically significant difference between the two methods
(p = 0.002), indicating that ChatGPT tends to overestimate image quality and lacks sensitivity to
variations in image noise and contrast.

Although ChatGPT may serve as a supplementary image assessment tool, quantitative
evaluation remains essential for accurate and objective CT image quality assessment.
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