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Incidence of kidney cancer, the 14th most common cancer 
worldwide, is rising, with more than 434 840 new cases report-

ed in 2022 (1). Many of these cancers are detected incidental-
ly as small, localized, asymptomatic masses (2). Contemporary 
imaging techniques cannot reliably and uniformly distinguish 
aggressive renal tumors from benign tumors or those with low 
malignant potential (3). Renal mass biopsy has a relatively high 
nondiagnostic rate, and benign biopsy does not necessarily indi-
cate that a nonmalignant entity is present (4). As a result, surgi-
cal excision is widely considered the first-line choice for manag-
ing small renal masses (SRMs) measuring less than 4 cm (cT1a 
stage), with thermal ablation serving as a minimally invasive al-
ternative (5). To address the limitations of current diagnostic and 
treatment approaches, active surveillance has emerged as a viable 
and endorsed management alternative in international guidelines 
(2,5). Active surveillance entails monitoring renal tumor size 
with serial imaging with delayed treatment in case of progression 
(6). This approach has traditionally been reserved for patients 
who are elderly, comorbid, and frail with limited life expectancy, 
for whom the risks associated with surgery outweigh the poten-
tial oncologic benefits. Nevertheless, recent studies conclude that 
active surveillance principles can be safely applied in younger 

patients (ie, ≤ 60 years at diagnosis) (7,8). Evidence suggests that 
clinicians may overemphasize primary intervention for SRMs, 
potentially leading to overtreatment (9,10). 

The most common imaging metrics prompting crossover from 
active surveillance to delayed intervention are tumor growth rate 
based on maximum axial diameter of more than 5 mm/year and 
absolute tumor size of more than 4 cm (8,11). In this context, 
contrast-enhanced CT is the standard imaging modality because 
of its relatively high reliability, speed, and low cost (11). Fur-
thermore, CT is more precise than US and more accessible than 
MRI, and it is recommended that the same imaging modality 
be used throughout the active surveillance period (11). How-
ever, the radiation dose incurred in serial CT imaging of SRMs 
is substantial and a cause of concern (12–14). There is an unmet 
need to reduce radiation dose while preserving the accuracy and 
reproducibility needed in radiographic measurements such that 
small changes in renal mass size can be appreciated. Despite rec-
ommended use of low-dose CT more than a decade ago (15), 
few studies have investigated its feasibility for active surveillance 
of SRMs, and the utility of deep learning–based techniques for 
the improvement of image quality for active surveillance has yet 
to be explored.

Purpose:  To assess the agreement between routine-dose (RD) and lower-dose (LD) contrast-enhanced CT scans, with and without Digital Imaging and 
Communications in Medicine–based deep learning–based denoising (DLD), in evaluating small renal masses (SRMs) during active surveillance.

Materials and Methods:  In this retrospective study, CT scans from patients undergoing active surveillance for an SRM were included. Using a validated simu-
lation technique, LD CT images were generated from the RD images to simulate 75% (LD75) and 90% (LD90) radiation dose reductions. Two additional 
LD image sets, in which the DLD was applied (LD75-DLD and LD90-DLD), were generated. Between January 2023 and June 2024, nine radiologists 
from three institutions independently evaluated 350 CT scans across five datasets for tumor size, tumor nearness to the collecting system (TN), and tumor 
shape irregularity (TSI), and interobserver reproducibility and agreement were assessed using the 95% limits of agreement with the mean (LOAM) and 
Gwet AC2 coefficient, respectively. Subjective and quantitative image quality assessments were also performed.

Results:  The study sample included 70 patients (mean age, 73.2 years ± 9.2 [SD]; 48 male, 22 female). LD75 CT was found to be in agreement with RD 
scans for assessing SRM diameter, with a LOAM of ±2.4 mm (95% CI: 2.3, 2.6) for LD75 compared with ±2.2 mm (95% CI: 2.1, 2.4) for RD. However, 
a 90% dose reduction compromised reproducibility (LOAM ±3.0 mm; 95% CI: 2.8, 3.2). LD90-DLD preserved measurement reproducibility (LOAM 
±2.4 mm; 95% CI: 2.3, 2.6). Observer agreement was comparable between TN and TSI assessments across all image sets, with no statistically significant 
differences identified (all comparisons P ≥ .35 for TN and P ≥ .02 for TSI; Holm-corrected significance threshold, P = .013). Subjective and quantitative 
image quality assessments confirmed that DLD effectively restored image quality at reduced dose levels: LD75-DLD had the highest overall image quality, 
significantly lower noise, and improved contrast-to-noise ratio compared with RD (P < .001).

Conclusion:  A 75% reduction in radiation dose is feasible for SRM assessment in active surveillance using CT with a conventional iterative reconstruction 
technique, whereas applying DLD allows submillisievert dose reduction.

Supplemental material is available for this article.
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This multiobserver, multi-institutional study primarily aimed 
to assess the level of agreement between routine-dose (RD) and 
lower-dose (LD) contrast-enhanced CT scans, the latter with 
and without deep learning–based denoising (DLD), for assess-
ing the maximum diameter of SRMs in an active surveillance 
setting. Secondary aims included evaluating the accuracy and 
reproducibility of active surveillance-relevant parameters of tu-
mor nearness to the collecting system and shape irregularity and 
comparing subjective and quantitative image quality, including 
contrast-to-noise ratio.

Materials and Methods
The study was approved by the Norwegian Regional Commit-
tees for Medical and Health Research Ethics (reference 285666) 
and by the institutional data protection officer with a waiver for 
informed patient consent. ClariPI provided access to the com-
mercial software ClariCT.AI and technical support for simu-
lated low-dose CT. However, the authors maintained complete 
control of the data and the information submitted for publica-
tion at all times.

Patients and Data Acquisition
We queried the picture archiving and communication system at 
Akershus University Hospital in Lorenskog, Norway, to identify 
consecutive CT scans of adult patients (≥18 years) undergoing 

active surveillance for an SRM (≥25% of the mass is composed 
of enhancing tissue [16]) from January 2015 to December 
2021. Exclusion criteria included infiltrative and noncircum-
scribed masses, predominantly cystic masses with less than 25% 
enhancing tissue, masses containing macroscopic fat, masses 
measuring less than 1 cm or greater than 4 cm, severe respi-
ratory artifacts, and noncontrast CT examinations (Fig 1). An 
abdominal radiologist (J.B., with 12 years of CT experience) 
assessed patient eligibility.

An upper abdomen CT protocol was used with a body 
weight–adapted contrast medium volume of iohexol 350 mgI/
mL (Omnipaque 350; GE HealthCare) at a dosage of 2 mL/kg. 
The injection duration was 35 seconds with an 80-second delay. 
Scans were performed on a Philips Ingenuity Core or Brilliance 
iCT scanner (Philips Healthcare). The scan parameters were as 
follows: tube potential, 120 kV; collimation, 64/128 × 0.625 
mm; rotation time, 0.5 second; pitch, 1.2; matrix, 512 × 512; 
section thickness, 0.9 mm; and increment, 0.45 mm. Automatic 
tube current (DoseRight 3D-DOM; Philips Healthcare) was en-
abled, and the dose right index was set at 22. All images were 
reconstructed with 3-mm section axial images using the hybrid 
iterative reconstruction algorithm iDose (4) (level 2 or 3) with 
filter B (soft tissue).

Low-Dose Simulation
We used a simulation method for generating low-dose CT images 
that does not require raw CT data and instead uses sinogram syn-
thesis from RD Digital Imaging and Communications in Med-
icine (DICOM) images. This choice was motivated by radiation 
protection considerations, as the method eliminates the need for 
additional low-dose CT acquisitions, thereby minimizing patient 
exposure to radiation. This validated vendor-agnostic technique 
has been shown to provide realistic dose-reduced images concern-
ing noise magnitude and textural appearance, which are indistin-
guishable from real low-dose CT (17,18). Using the two above 
CT systems, we obtained multiple phantom (Catphan-600; The 
Phantom Laboratory) measurements to extract the main features 
needed to generate a model for noise generation. Based on the 
reference RD CT examinations, datasets were generated corre-
sponding to examinations at 75% (LD75) and 90% (LD90) dose 
reductions. This level of dose reduction was based on a prior ex-
ploratory study suggesting that 75% dose reduction is feasible in 
CT-based size assessment of SRMs (19).

Deep Learning–based Image Reconstruction (Denoising)
The low-dose CT images were then reconstructed using a com-
mercially available image-based DLD model (ClariCT.AI; Clar-
iPi) (20). According to the manufacturer, the DLD is based on a 
U-Net type convolutional neural network that has been trained 
using more than 1 million pairs of noise-added and original CT 
images using 24 scanner models from different CT vendors (GE 
HealthCare, Siemens, Philips Healthcare, and Canon Medical 
Systems) covering various reconstruction conditions to acquire 
a vendor-agnostic denoising capability. The DLD focuses exclu-
sively on reducing noise in the image domain and was trained 
to limit noise reduction to a level that preserves image texture 
(21,22). The model’s performance has been evaluated in several 
clinically oriented studies (23–28).

Abbreviations
DICOM = Digital Imaging and Communications in Medicine, 
DLD = deep learning–based denoising, LD = lower dose, LD75 = 
lower dose with 75% radiation dose reduction, LD75-DLD = lower 
dose with 75% radiation dose reduction with DLD, LD90 = lower 
dose with 90% radiation dose reduction, LD90-DLD = lower dose 
with 90% radiation dose reduction with DLD, LOAM = limits 
of agreement with the mean, RD = routine dose, ROI = region 
of interest, SRM = small renal mass, TN = tumor nearness to the 
collecting system or sinus, TSI = tumor shape irregularity 

Summary
Interobserver agreement for CT-based assessment of small renal 
masses during active surveillance was similar between routine-dose 
and lower-dose images acquired using iterative reconstruction, and 
deep learning–based denoising enabled dose reduction to submil-
lisievert levels.

Key Points
	■ Interobserver limits of agreement for CT-based size assessment 

of 70 small renal masses were similar for routine-dose (limits of 
agreement with the mean [LOAM] ±2.2 mm), lower-dose (75% re-
duction) with iterative reconstruction (LOAM ±2.4 mm), and 90% 
radiation dose-reduced images with deep learning–based denoising 
(LOAM ±2.4 mm).

	■ Agreement (Gwet AC2) was similar for tumor nearness to the col-
lecting system (all P ≥ .35) and tumor shape irregularity (all  
P ≥ .02; Holm-corrected threshold, P = .013) assessments across 
the three datasets.

	■ Subjective image quality was rated higher for lower-dose (75% 
reduction) CT images with deep learning–based denoising applied 
compared with routine-dose images (P < .001).

Keywords
CT, Urinary, Kidney, Radiation Safety, Observer Performance, Tech-
nology Assessment
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Applying a high denoising strength (level 9 of 10) and a stan-
dard kernel of the DLD, two additional sets of images were gen-
erated: LD75-DLD and LD90-DLD. This addition provided a 
total of five datasets for the analyses (Fig 2).

Observers
Eight radiology consultants (J.B., N.E.L., L.M., R.M., G.N., 
A.N., I.M.S., and J.B.F.) and one 4th-year resident radiologist 
(B.S.B.) from three university-based hospitals (Akershus Uni-
versity Hospital in Norway and Aarhus University Hospital and 
Aalborg University Hospital in Denmark) with a minimum of 
3 years of experience in reading abdominal CT scans were re-
cruited and independently analyzed the images. The radiolo-
gists had a mean age of 44.4 years ± 7.4 (SD) (range, 36–61 
years) and a mean CT experience of 13.4 years ± 7.8 (range, 
3–30 years).

Image Analysis
The anonymized CT datasets were loaded into a web-based 
platform facilitating observer performance studies in imaging 
research as used elsewhere (29). This platform offers a setting 
where image readings can be carried out through an internet 
browser with automatic data registration. The platform was 
combined with a multiplanar reconstruction-capable web-based 
DICOM viewer (Fig 3) (30).

CT Scan Assessments
The 70 reference CT scans were reconstructed into four addi-
tional datasets (LD75, LD90, LD75-DLD, and LD90-DLD), 
for a total of 350 CT scans that were analyzed across five ses-
sions by the nine observers. To minimize memory bias, we used 
a mixed-order setup in which 70 scans were read at a time with 
at least a 2-week washout period between sessions (31). CT 

scans with different dose levels with and without DLD were 
divided between the five reading sessions, and a CT case of each 
patient appeared only once per session (Fig 4). Observers were 
aware that the study was performed to evaluate scans with dif-
ferent dose levels and reconstruction methods but were blinded 
to the specific dose levels and algorithms as well as any clini-
cal details and scan assessments by the other observers. Written 
case assessment instructions and videos demonstrating the web-
based DICOM viewer functionality were given to the observers. 
All observers were trained with eight CT test cases encompass-
ing all dose levels to familiarize themselves with the DICOM 
viewer and the parameters of the case report form, including 
subjective image quality (Fig 3).

Observers determined the maximal tumor diameter using 
the available on-the-fly multiplanar reconstruction capability as 
well as windowing and leveling at the discretion of each observer. 
However, the caliper for assessing the maximal tumor diameter 
could be placed in only the axial plane, in accordance with the 
measurement approach most commonly used for growth assess-
ment in prior studies evaluating active surveillance of SRMs (11). 
To identify the renal mass for evaluation, the DICOM viewer 
displayed a green circle above the renal mass’s z level.

The observers also assessed the ordinal parameters of tumor 
nearness (TN) and tumor shape irregularity (TSI). TN is defined 
as the nearness of the tumor to the collecting system or sinus 
in millimeters in three tiers (≤4, >4 but <7, and ≥7 mm) (32). 
It is well established as an important predictor of overall com-
plications and postoperative hemorrhage after nephron-sparing 
surgery, risk of malignancy, and adverse pathology (33). TSI is 
based on overall tumor shape and contour and has been shown 
to predict adverse pathologic and oncologic outcomes preoper-
atively (34). The three TSI categories are defined as 1, a com-
pletely elliptical shape with no apparent protrusions along the tu-
mor contour; 2, an approximately elliptical shape with only focal 
(<50% of the entire circumference) and minor protrusions; and 
3, a nonelliptical shape showing extensive (≥50% of the whole 
circumference) and/or major protrusions.

Finally, subjective image quality was assessed by the observers. 
Using a five-point scale, overall image quality (1 = poor, 2 = fair, 
3 = good, 4 = very good, and 5 = excellent), presence of noise (1 
= very noisy, 2 = definitely noisy, 3 = slightly noisy, 4 = minimal 
noise, and 5 = no perceivable noise), and diagnostic confidence 
in terms of delineating the contour of the renal mass (1 = poor, 
2 = fair, 3 = good, 4 = very good, and 5 = excellent) were rated.

Quantitative Image Quality Assessment
All assessments were performed by a consultant radiologist 
(J.B.) with 12 years of experience. In the RD datasets at a 
section thickness of 3 mm, a circular region of interest (ROI) 
with an area of approximately 0.5 mm2 was placed in the sub-
cutaneous fat of the anterior abdominal wall and the psoas 
major muscle at the level of the renal mass. An additional ROI 
encompassing approximately two-thirds of the mass’s area 
was placed for homogeneous renal masses. For heterogeneous 
masses, the ROI encompassed approximately two-thirds of 
the mass’s most hyperattenuating area but was required to 
measure at least 5 mm in diameter. Furthermore, an ROI was 
placed on the renal cortex ipsilateral to the renal mass (typical 

Figure 1:  Study flowchart illustrates patient inclusion and exclusion criteria. 
cT1a = clinical stage, tumor confined to the kidney, less than 4 cm.

http://radiology-ic.rsna.org


Radiology: Imaging Cancer Volume 7: Number 4—2025  ■  radiology-ic.rsna.org� 4

Routine- and Lower-Dose CT with and without Denoising for Small Renal Masses Borgbjerg et al

Figure 2:  Contrast-enhanced CT images in the axial plane (3-mm section thickness) of three different small renal masses at various dose levels: lower dose with 90% 
dose reduction (LD90), lower dose with 90% dose reduction with deep learning–based denoising model (LD90-DLD), lower dose with 75% dose reduction (LD75), lower 
dose with 75% dose reduction with deep learning–based denoising model (LD75-DLD), and routine dose (RD). (A–E) A 2.2-cm, right-sided, well-circumscribed, homoge-
neous, exophytic small renal mass in a 70-year-old female patient. (F–J) A 3.2-cm, left-sided, heterogeneous, partly exophytic small renal mass with a contour protrusion 
in a 65-year-old male patient. (K–O) A 1.6-cm, left-sided, homogeneous, endophytic small renal mass in a 67-year-old male patient. Note the increase in image noise at 
lower-dose levels, whereas the denoising model reduces noise while maintaining image texture.

Figure 3:  Screenshot of the web-based Digital Imaging and Communications in Medicine viewer equipped with a 
case report form. A 2.1-cm exophytic small renal mass in the left kidney is depicted on a routine-dose contrast-enhanced 
CT image.
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ROI size, 5-mm diameter) using the same axial section used 
for renal mass attenuation.

Finally, a square ROI of 64 × 64 pixels was placed in the liver 
parenchyma, carefully avoiding the visible bile ducts and vessels.

These circular ROIs and the square ROIs were copied to the 
other datasets at the same positions to ensure consistency. From 
the circular ROIs, the image noise, defined as the SD of pixel 
values, was obtained in addition to the contrast-to-noise ratio, 
calculated as follows: contrast-to-noise ratio (renal mass to renal 
cortex) = HURenal cortex – HURenal mass / SDFat.

To assess variation of noise texture across datasets, noise power 
spectrum analysis was performed using the square ROIs to calcu-
late the average noise power spectrum spatial frequency (mm−1) 
for each dataset (35). Additional details about the calculation of 
the noise power spectrum are provided in Appendix S1.

Statistical Analysis
Statistical analyses were performed using Python (version 
3.9.14; https://www.python.org/).

The normality of quantitative data was assessed graphically and 
with the Shapiro-Wilk test and expressed as means ± SDs or me-
dians with IQRs as appropriate. We used the limits of agreement 
with the mean (LOAM) formulated by Christensen et al (36) to 
assess observer agreement for tumor diameter measurements in 
a multiobserver setup. The LOAM represents how much an ob-
server’s measurement may plausibly deviate from the mean of all 
observers’ measurements on the specific subject (ie, constituting 
reproducibility). Based on the data from a prior exploratory study 
on the reproducibility of size assessment of renal masses using 
LD CT (19), we found it satisfactory to obtain an approximate 
width of 0.5 mm of the 95% CIs of the LOAM. Using these data 
and the method by Christensen et al (36), we estimated that nine 
observers and at least 40 tumor CT scans would be required.

The repeated measures analysis of variance, paired t test, and 
Wilcoxon signed rank test were performed to examine the null 
hypothesis of differences between the image sets in relation to 
continuous values of quantitative image quality. Ordinal assess-
ment was significant at 0.05.

The agreement between all nine observers for ordinal param-
eters was evaluated using Gwet AC2 with its 95% CI with z tests 
to compare agreement between image sets (37,38). Gwet AC2 
accounts for weighted agreement, making it particularly suited 
for ordinal data by assigning different penalties based on the ex-
tent of disagreement between raters. This approach ensures that 
minor disagreements (eg, one category apart) are weighted less 
heavily than major ones. An estimate of less than or equal to 0.4 

was considered poor agreement, 0.41–0.60 as fair, 0.61–0.80 as 
good, and 0.81 or greater as excellent (37). The Holm method 
was used to adjust P value thresholds for significance to account 
for multiple comparisons, resulting in corrected thresholds of 
.013, .017, .025, and .05 for the four comparisons at an overall 
significance level of .05 (39).

Results

Patient Characteristics
The study sample consisted of 70 patients (mean age, 73.2 years 
± 9.2 [range, 46–88 years]; 48 male, 22 female) (Fig 1). De-
tailed patient characteristics are summarized in Table 1.

Renal Tumor Assessments
The nine observers completed a total of 3150 CT scan assess-
ments from the five datasets (350 assessments per observer, 
combined across all observers). The mean and 95% LOAM 
for the diameter assessments are summarized in Table 2. The 
mean SRM diameters, averaged across all observers, were highly 
consistent across the datasets: 19.5 mm (95% CI: 17.6, 21.5) 
for RD, 19.5 mm (95% CI: 17.6, 21.5) for LD75, 19.4 mm 
(95% CI: 17.4, 21.3) for LD75-DLD, 19.3 mm (95% CI: 
17.4, 21.3) for LD90, and 19.5 mm (95% CI: 17.5, 21.4) for 
LD90-DLD (analysis of variance, P > .99). The 95% LOAM 
for tumor diameter measurements were ±2.2 mm (95% CI: 2.1, 
2.4) for RD, ±2.4 mm (95% CI: 2.3, 2.6) for LD75, ±2.3 mm 
(95% CI: 2.2, 2.5) for LD75-DLD, ±3.0 mm (95% CI: 2.8, 
3.2) for LD90, and ±2.4 mm (95% CI: 2.3, 2.6) for LD90-
DLD. Hence, the LOAM values for RD, LD75, LD75-DLD, 
and LD90-DLD were similar, with overlapping 95% CIs. In 
contrast, the LOAM for LD90 was significantly wider, as evi-
denced by its nonoverlapping 95% CI compared with the other 
datasets. The five agreement plots in Figure 5 give no indication 
of heteroscedasticity associated with the size of the renal masses. 
In alignment with the small interobserver variance components 
observed in Table 2, no observer systematically performed un-
usually small or large measurements. P values for categorical 
variables and quantitative image quality assessment between 
RD and the other sets of images are listed in Table S1.

Table 3 provides an overview of the evaluation of ordinal pa-
rameters by the nine observers. The median scores of TN and 
TSI were lower for LD90 compared with RD, with TN medians 
of 1.0 (IQR, 1.0–3.0) for LD90 and 2.0 (IQR, 1.0–3.0) for RD 
and TSI medians of 1.0 (IQR, 1.0–1.0) for LD90 and 1.0 (IQR, 
1.0–2.0) for RD (P < .001 for both comparisons). The agreement 

Figure 4:  Overview of the case assessment scheme in a mixed-order setup with at least a 2-week washout period between the five sessions, each encompassing 70 
renal tumor scans at different dose levels with and without deep learning–based denoising. The selection sequence of the sessions was randomized for each of the nine ob-
servers, and the sequence of scans within each session was also randomized. LD75 = lower dose with 75% dose reduction, LD75-DLD = lower dose with 75% dose reduc-
tion with deep learning–based denoising model, LD90 = lower dose with 90% dose reduction, LD90-DLD = lower dose with 90% dose reduction with deep learning–based 
denoising model, RD = routine dose.
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between all nine observers for TN was good for all image sets, 
with similar Gwet AC2 values of LD image sets compared with 
RD (all P ≥ .35). The agreement for TSI was good for all image 
sets, with the exception of LD90, which showed excellent agree-
ment, though we found no evidence of a difference (all compar-
isons P ≥ .02; Holm-corrected threshold for significance of .013 
for RD compared with LD90).

Subjective Image Quality Assessment
Table 3 summarizes the subjective image quality assessment. 
Regarding overall image quality, observers rated LD75-DLD 
highest (median score, 4.0; IQR, 3.0–5.0), RD next (median 
score, 4.0; IQR, 3.0–4.0), and LD90 lowest (median score, 
2.0; IQR, 1.0–2.0); scores were significantly different between 
all image sets (P < .001). The same order of ratings for the 
image sets was observed for image noise (P < .001), whereas 
for diagnostic confidence, LD75-DLD and RD were rated 
similarly (P = .68). Observer agreement ranged from fair to 
good, with the highest agreement across datasets observed for 
diagnostic confidence.

Quantitative Image Quality Assessment
The results of quantitative measurements are shown in Table 
4. Compared with the RD dataset, both the 75% and 90% 
dose-reduced datasets reconstructed with hybrid iterative re-
construction showed increased noise across all interrogated tis-
sues—for example, renal mass noise increased from 14.5 HU 
± 4.3 for RD to 27.4 HU ± 7.3 for LD75 and 51.1 HU ± 
13.5 for LD90, while contrast-to-noise ratio decreased from 
10.3 ± 6.4 for RD to 4.9 ± 3.1 for LD75 and 2.6 ± 1.7 for 
LD90. However, applying DLD to these LD images resulted in 
more than a twofold noise reduction compared with their iter-
ative-only counterparts: renal mass noise was reduced to 12.8 
HU ± 6.0 for LD75-DLD and 20.3 HU ± 6.6 for LD90-DLD. 
In alignment with the subjective assessment of overall image 
quality and noise, the LD75-DLD demonstrated superiority in 
terms of noise level and contrast-to-noise ratio compared with 
the RD dataset (for all tissues, P < .001 for both). Similarly, the 
LD90-DLD had lower noise and higher contrast-to-noise ratio 

Table 1: Patient Demographics, Tumor Characteristics, 
and CT Radiation Exposure Data (Routine-Dose Dataset)

Variable Data (n = 70)

Patient characteristic
  Age (y) 73.2 ± 9.2 (46–88)
  Sex
    Female 22 
    Male 48 
  Body mass index 27.7 ± 5.4 (13.0–40.5)
Tumor characteristic
  Mean tumor size (mm) 19.5 ± 8.3 (10.0–40.0)
  TN (mm)
    ≤4 28 (40)
    >4 but <7 8 (11)
     ≥7 34 (49)
  TSI
    1 51 (73)
    2 14 (20)
    3 5 (7)
Radiation dose
  Mean scan length (cm)* 28.1 ± 4.7 (20.4–50.4)
  Mean DLP (mGy ∙ cm) 437.0 ± 207.5 (144–1353)
  Mean CTDIvol (mGy) 15.3 ± 5.5 (6.3–28.8)
  Effective dose (mSv)† 6.4 ± 3.1 (2.2–20.3)

Note.—Data are numbers with percentages in parentheses or 
means ± SDs with ranges in parentheses. Body mass index is 
calculated as weight in kilograms divided by height in meters 
squared. Mean tumor size, tumor nearness to the collecting sys-
tem or sinus (TN), and tumor shape irregularity (TSI) are based 
on the routine-dose dataset, with means reflecting the combined 
assessments of all nine observers. TSI is defined as 1, a completely 
elliptical shape with no apparent protrusions along the tumor 
contour; 2, an approximately elliptical shape with only focal 
(<50% of the entire circumference) and minor protrusions; and 
3, a nonelliptical shape showing extensive (≥50% of the whole 
circumference) and/or major protrusions. CTDIvol = volume CT 
dose index, DLP = dose length product.
* From the diaphragm to the iliac crest.
† Effective dose = DLP × abdominal weighting factor (0.015 mSv 
∙ mGy−1 ∙ cm−1).

Table 2: Mean Renal Mass Diameter and 95% LOAM of 350 Measurements by Nine Observ-
ers for Five CT Datasets

Dataset Mean (mm) LOAM (mm) σA (mm) σB (mm) σE (mm)

RD 19.5 (17.6, 21.5) ±2.2 (2.1, 2.4) 8.3 (6.9 to 9.7) 0.2 (0.0, 0.3) 1.2 (1.1, 1.3)
LD75 19.5 (17.6, 21.5) ±2.4 (2.3, 2.6) 8.2 (6.9, 9.6) 0.1 (0.0, 0.3) 1.3 (1.2, 1.4)
LD75-DLD 19.4 (17.39, 21.33) ±2.3 (2.2, 2.5) 8.4 (7.0, 9.8) 0.2 (0.0, 0.3) 1.3 (1.3, 1.3)
LD90* 19.3 (17.39, 21.25) ±3.0 (2.8, 3.2) 8.2 (6.8, 9.6) 0.2 (0.0, 0.4) 1.6 (1.5, 1.7)
LD90-DLD 19.5 (17.51, 21.38) ±2.4 (2.3, 2.6) 8.3 (6.9, 9.6) 0.1 (−0.1, 0.3) 1.3 (1.2, 1.4)

Note.—Data in parentheses are 95% CIs. The limits of agreement with the mean (LOAM) integrates the 
intersubject (σA), interobserver (σB), and residual (σE) variance components in millimeters. LD75 = lower 
dose with 75% dose reduction, LD75-DLD = lower dose with 75% dose reduction with deep learning–
based denoising model, LD90 = lower dose with 90% dose reduction, LD90-DLD = lower dose with 90% 
dose reduction with deep learning–based denoising model, RD = routine dose. 
* The LOAM for LD90 demonstrates a significant widening compared with other datasets, indicating 
reduced reproducibility at this dose level.
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compared with the LD75 dataset (for all tissues P < .001 and 
P < .001). The average noise power spectrum spatial frequency 
remained similar with the application of the DLD at 75% and 
90% dose reductions, showing only minor changes of −0.02 
mm−1 and 0.02 mm−1, respectively, compared with the RD data-
set (P < .001).

Figure 5:  Observer agreement plots for renal mass diameter measurements 
(in millimeters) across 70 CT cases in lower dose with 90% dose reduction (LD90), 
lower dose with 90% dose reduction with deep learning–based denoising model 
(LD90-DLD), lower dose with 75% dose reduction (LD75), lower dose with 75% 
dose reduction with deep learning–based denoising model (LD75-DLD), and 
routine-dose (RD) datasets. The horizontal axis represents the patient-specific 
mean of the renal mass diameter measurements across observers, while the vertical 
axis shows the difference between individual observer measurements and the pa-
tient-specific mean. Each colored dot represents an individual measurement by one 
of the nine observers. Note that some dots are superimposed due to overlapping 
data points. Horizontal solid lines denote the upper and lower 95% limits of agree-
ment with the mean, along with a line of zero difference. Dashed lines represent the 
95% CIs for the limits of agreement. Notably, the wider scatter of individual mea-
surements in LD90 reflects reduced reproducibility at this dose level.

Discussion
Active surveillance of SRMs, commonly based on CT, has be-
come a widely accepted clinical practice. However, adopting this 
approach raises concerns regarding the cumulative radiation dose 
patients receive from repeated CT imaging. This multiobserver 
agreement study revealed several key findings: 75% radiation 
dose-reduced CT with hybrid iterative reconstruction demon-
strated agreement with RD CT in assessing the maximum di-
ameter of SRMs under active surveillance (RD vs LD75, 95% 
LOAM ±2.2 mm [95% CI: 2.1, 2.4] vs ±2.4 mm [95% CI: 2.3, 
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2.6]). A 90% dose reduction relative to RD compromised the re-
producibility of these measurements (LOAM ±3.0 mm; 95% CI: 
2.8, 3.2). However, applying a DLD algorithm at a 90% dose re-
duction maintained the reproducibility (LOAM ±2.4 mm; 95% 
CI: 2.3, 2.6). The assessment of the ordinal parameters of TN 
and TSI demonstrated similar agreement across all image sets (all  
P ≥ .35 for TN and P ≥ .02 for TSI; Holm-corrected threshold for 
significance of .013 for RD vs LD90, respectively).

Our findings on qualitative and quantitative image quality 
evaluation corroborate prior research findings that deep learning 
models can preserve image quality and texture even at signifi-
cantly reduced dose levels when applied at the CT raw data level 
or in the image domain (40). However, experience with iterative 
reconstruction techniques has shown that improved subjective 

image quality does not always equate to enhanced clinical task 
performance. Therefore, new imaging techniques, such as deep 
learning–based reconstruction, require contextual evaluation in-
volving clinically relevant imaging tasks (41). For instance, Jen-
sen et al (42) found that the ability to detect small liver lesions, 
a low-contrast task, was compromised at a 65% dose reduction 
with deep learning–based CT reconstruction. Conversely, Zhang 
et al (43) demonstrated that the high-contrast task of renal stone 
detection was maintained at a 77% dose reduction using deep 
learning–based reconstruction compared with low-dose levels 
reconstructed with hybrid iterative reconstruction. Moreover, a 
14-fold dose reduction in noncontrast CT compared with CT 
angiography has been demonstrated feasible for the task of assess-
ing abdominal aortic diameter (44).

Table 4: Quantitative Image Quality Assessment by Nine Observers for Five CT 
Datasets

Variable RD LD75 LD75-DLD LD90 LD90-DLD

Noise (HU)
  Renal mass 14.5 ± 4.3 27.4 ± 7.3 12.8 ± 6.0 51.1 ± 13.5 20.3 ± 6.6
  Renal cortex 14.2 ± 4.5 26.5 ± 7.0 12.3 ± 5.1 50.0 ± 13.7 20.0 ± 5.8
  Muscle 12.6 ± 2.8 28.5 ± 5.8 10.0 ± 4.9 56.3 ± 11.7 20.2 ± 5.7
  Fat 7.6 ± 2.2 15.8 ± 4.4 6.3 ± 2.1 29.9 ± 8.6 11.5 ± 3.3
CNR 10.3 ± 6.4 4.9 ± 3.1 12.5 ± 7.8 2.6 ± 1.7 6.8 ± 4.2
NPSfav of liver (mm−1) 0.22 ± 0.04 0.25 ± 0.03 0.20 ± 0.04 0.26 ± 0.03 0.24 ± 0.04

Note.—Data are presented as means ± SDs. CNR = contrast-to-noise ratio (renal mass to renal 
cortex), LD75 = lower dose with 75% dose reduction, LD75-DLD = lower dose with 75% dose re-
duction with deep learning–based denoising model, LD90 = lower dose with 90% dose reduction, 
LD90-DLD = lower dose with 90% dose reduction with deep learning–based denoising model, 
NPSfav = noise power spectrum average spatial frequency, RD = routine dose.

Table 3: Assessment of Tumor Nearness and Tumor Shape Irregularity and Subjective Image Quality by Nine 
Observers for Five CT Datasets

Variable RD LD75 LD75-DLD LD90 LD90-DLD

TN
  Score 2.0 (1.0–3.0) 2.0 (1.0–3.0) 2.0 (1.0–3.0) 1.0 (1.0–3.0) 2.0 (1.0–3.0)
  Gwet AC2 0.78 (0.71, 0.85) 0.77 (0.69, 0.85) 0.79 (0.71, 0.86) 0.76 (0.68, 0.84) 0.73 (0.65, 0.81)
TSI
  Score 1.0 (1.0–2.0) 1.0 (1.0–2.0) 1.0 (1.0–2.0) 1.0 (1.0–1.0) 1.0 (1.0–2.0)
  Gwet AC2 0.70 (0.63, 0.77) 0.76 (0.69, 0.83) 0.66 (0.58, 0.74) 0.81 (0.75, 0.87) 0.71 (0.63, 0.78)
Overall image quality
  Score 4.0 (3.0–4.0) 3.0 (2.0–4.0) 4.0 (3.0–5.0) 2.0 (1.0–2.0) 3.0 (3.0–4.0)
  Gwet AC2 0.56 (0.53, 0.59) 0.48 (0.44, 0.52) 0.38 (0.3, 0.42) 0.58 (0.55, 0.62) 0.47 (0.43, 0.52)
Noise
  Score 4.0 (4.0–5.0) 3.0 (2.0–3.0) 4.0 (4.0–5.0) 1.0 (1.0–2.0) 3.0 (3.0–4.0)
  Gwet AC2 0.52 (0.47, 0.56) 0.55 (0.52, 0.59) 0.53 (0.49, 0.57) 0.71 (0.68, 0.74) 0.34 (0.29, 0.40)
Diagnostic confidence
  Score 4.0 (3.0–4.0) 3.0 (3.0–4.0) 4.0 (3.0–5.0) 3.0 (2.0–3.0) 3.0 (3.0–4.0)
  Gwet AC2 0.50 (0.46, 0.54) 0.45 (0.39, 0.51) 0.44 (0.40, 0.49) 0.42 (0.37, 0.46) 0.43 (0.38, 0.47)

Note.—Scores are medians with IQRs in parentheses; Gwet AC2 coefficients are shown with 95% CI in parentheses. LD75 = 
lower dose with 75% dose reduction, LD75-DLD = lower dose with 75% dose reduction with deep learning–based denoising 
model, LD90 = lower dose with 90% dose reduction, LD90-DLD = lower dose with 90% dose reduction with deep learn-
ing–based denoising model, RD = routine dose, TN = tumor nearness to the collecting system or sinus, TSI = tumor shape 
irregularity.
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Research by Borgbjerg et al (19) showed that contrast-en-
hanced low-dose CT yielded similar agreement to RD CT (mean 
CT dose index-volume, 12.6 mGy) for assessing maximum re-
nal tumor diameter, with comparable reproducibility of diame-
ter measurements to the well-known study by Punnen et al (45). 
However, the Borgbjerg et al (19) study was limited by a relatively 
small sample size (n = 40) from Siemens CT systems and used 
either filtered-back projection or hybrid iterative reconstruction 
(SAFIRE). Additionally, the study used a low-dose simulation 
technique based on simple noise addition to DICOM images, 
approximating a 75% dose reduction. The study did not evaluate 
renal tumor morphology, which, along with tumor size, is part of 
the American College of Radiology imaging recommendations 
(46). Hence, our study adds to the existing literature by validat-
ing the findings of Borgbjerg et al (19), demonstrating that the 
accuracy and reproducibility of size assessment of SRMs has sub-
stantial resistance to decreased image quality in LD CT.

Furthermore, we observed resistance in assessing TN and TSI 
and demonstrated that applying the DLD allows for size assess-
ment with a 90% dose reduction relative to RD levels. The DLD 
was applied in conjunction with CT images using iterative re-
construction, and it is compatible with both older and newer CT 
systems without necessitating manufacturer-specific hardware or 
software, making it potentially widely applicable. The results of 
our study have considerable implications for the safety of active 
surveillance in terms of radiation exposure. Based on recommen-
dations from a review of imaging protocols for active surveillance 
of SRMs (47) and using an average dose of 6.4 mSv per CT scan 
derived from the RD dataset, the cumulative radiation dose for a 
10-year active surveillance regimen (13 CT scans) is estimated at 
83 mSv. This total exceeds the suggested 55-mSv threshold, above 
which cancer risk increases substantially, as a recent review indicates 
(48). However, applying hypothetical dose reductions of 75% and 
90% would lower the cumulative dose to 20.8 mSv and 8.3 mSv, 
respectively, offering a promising strategy to reduce associated risks.

In terms of growth detection, the observed LOAMs in this 
study align with the reproducibility reported in the influential 
study by Punnen et al (45) widely referenced in clinical guide-
lines, except for LD90, where the slightly wider LOAM intro-
duces additional variability. Importantly, even at the extremes of 
the CIs, the LOAMs for LD75, LD75-DLD, and LD90-DLD 
remain within the clinically significant threshold of more than 
5 mm/year, commonly used to guide delayed intervention de-
cisions in active surveillance. We recognize that a lack of statis-
tically significant difference between evaluated datasets does not 
inherently establish equivalence. However, our findings provide 
evidence that the above dose reductions are feasible for the clin-
ical task of renal mass active surveillance. Hence, the robustness 
of these findings within established clinical standards implies in-
terchangeability regarding clinical applicability rather than strict 
equivalence. Yet, regardless of CT dose level, caution is warranted 
when measurements approach critical intervention thresholds. 
Variability in such instances may lead to unnecessary referrals for 
resection or ablation or delay appropriate interventions.

Our study had limitations. First, a minimum 2-week wash-
out period between reading sessions might not entirely eliminate 
recall bias; however, a memory-mitigating strategy involving a 
mixed-order reading scheme was used to address this. Second, 
our study included CT scans from only two systems by a single 

vendor. However, regarding the generalization of findings, the 
CT dose reduction potential and image quality in abdominal 
applications have previously been comparable to iDose in two 
other hybrid interactive reconstruction algorithms by General 
Electric and Siemens, suggesting the generalizability of these 
findings (49). In addition, the DLD model applies to multiple 
CT systems and is comparable in dose reduction potential to 
vendor-specific deep learning–based reconstruction (40). Third, 
the low-dose simulation method has been extensively studied 
and validated in a real-world pig study, and it has been used in 
prior CT low-dose studies (17). Still, simulated data may only 
partially reflect the finesses of real-world clinical imaging situ-
ations. Fourth, we did not evaluate cystic renal masses, which 
are also frequently surveilled. However, surveillance of cystic 
masses relies on the Bosniak classification, with a more rigor-
ously defined emphasis on changes in mass morphology rather 
than absolute change in the size of the cystic mass (16). The use 
of LD CT for this purpose is an avenue for future investiga-
tions. Finally, although the maximum axial diameter was used 
to assess tumor size for consistency and alignment with clinical 
guidelines and prior studies, we recognize that this approach 
does not fully account for the complexity of irregularly shaped 
lesions. Future studies may benefit from exploring volumetric 
techniques, including segmentation, but these methods were 
not included here to maintain consistency with prior literature 
and clinical applicability.

In conclusion, our findings demonstrate that a 75% 
dose-reduced CT obtained using an iterative reconstruction 
technique is in agreement with RD CT for the purpose of 
assessing SRMs under active surveillance. Furthermore, apply-
ing a DLD model allows for a 90% reduction in radiation 
exposure with similar performance. Future clinical guidelines 
should reflect the feasibility of substantial dose reductions 
with conventional CT and denoising methods, addressing 
concerns regarding radiation exposure.
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