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This study aimed to compare two deep learning reconstruction (DLR) techniques (AiCE mild; AiCE 
strong) with two established methods—iterative reconstruction (IR) and filtered back projection 
(FBP)—for the detection of monosodium urate (MSU) in dual-energy computed tomography (DECT). 
An ex vivo bio-phantom and a raster phantom were prepared by inserting syringes containing different 
MSU concentrations and scanned in a 320-rows volume DECT scanner at different tube currents. The 
scans were reconstructed in a soft tissue kernel using the four reconstruction techniques mentioned 
above, followed by quantitative assessment of MSU volumes and image quality parameters, i.e., 
signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR). Both DLR techniques outperformed 
conventional IR and FBP in terms of volume detection and image quality. Notably, unlike IR and FBP, 
the two DLR methods showed no positive correlation of the MSU detection rate with the CT dose index 
(CTDIvol) in the bio-phantom. Our study highlights the potential of DLR for DECT imaging in gout, 
where it offers enhanced detection sensitivity, improved image contrast, reduced image noise, and 
lower radiation exposure. Further research is needed to assess the clinical reliability of this approach.

Keywords  Dual-energy CT, Gouty arthritis, Imaging phantoms

In recent years, dual-energy computed tomography (DECT) has gained an increasing role in the noninvasive 
detection and quantification of monosodium uric acid (MSU) tophi in gouty arthritis1,2 owing to its ability 
to characterize different materials based on their specific attenuation at different energy levels. This allows 
differentiation of MSU and bone and calcium depositions from surrounding tissues3. DECT can diagnose gouty 
arthritis with high accuracy and can differentiate gout from other crystal arthropathies, which has been reflected 
in the ACR/EULAR guidelines since 20154. As an inherently quantitative modality, DECT can be used both for 
initial assessment and for monitoring therapeutic responses in gout patients5.

The diagnostic accuracy of DECT is particularly high in patients with established gout, where its sensitivity 
is approximately 90%; however, it is much lower in those with recent-onset gout, with an approximate sensitivity 
ranging from 35 to 55%1,6. The sensitivity of DECT is limited by the detection threshold that is defined to 
distinguish MSU from soft tissues with similar dual-energy properties and sets a balance between true-positive 
and false-positive detections that may occur5. It has been demonstrated that it is possible to lower this detection 
threshold by reducing image noise, e.g., by using iterative reconstruction (IR) instead of standard filtered back 
projection (FBP)7. Recent phantom studies in other fields have shown that deep learning reconstruction (DLR) 
can further enhance image quality and thus improve detectability compared with IR8,9. DLR is an expanding 
image reconstruction technique that uses trained artificially intelligent algorithms that recognize patterns in 
the raw or image data and create an optimized image10. Such algorithms therefore harbor the potential to lower 
radiation exposure in DECT examinations. However, to the best of our knowledge, the effect of DLR on gouty 
tophi detection in DECT imaging has not yet been investigated.

Therefore, the purpose of our study was to analyze the performance of state-of-the-art DLR compared 
with standard IR and FBP in the detection of tophi using an established phantom protocol. Based on previous 
experience, we hypothesize that DLR may increase the detected MSU volumes by reducing image noise and 
consequently improve sensitivity, reduce radiation exposure, or a combination of both.
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Materials and methods
Approval by the institutional review board was not required due to the phantom-based nature of our study. No 
live animals were involved in this research. The specimens used were obtained from animals slaughtered for food 
production and sourced from a licensed abattoir.

Phantom models
Two different phantoms were investigated in the study: an ex vivo bio-phantom and a raster phantom, both 
fabricated according to an established protocol (Fig. 1)7. To simulate gouty tophi of different concentrations, 
four 2-ml syringes were prepared, each containing MSU (linear formula: C5H3N4O3Na; molecular weight, 
190.09; Zeff, 7.7; Sigma Aldrich, St. Louis, MO, USA) in a different concentration (35%, 40%, 45%, and 50%) 
in a suspension with ultrasound gel. An additional syringe filled with pure ultrasound gel served as a negative 
control. The selection of the four MSU concentrations was based on previous studies7,11.

In the raster phantom, the five samples were arranged in a grid-like plastic container immersed in water. The 
bio-phantom consisted of a porcine foreleg, fresh from the slaughterhouse, in which five pockets for the syringes 
were created around the elbow joint. Bone, muscle, and cutaneous and subcutaneous tissues were kept intact to 
simulate gouty tophi in realistic anatomical surroundings.

DECT protocol and image reconstruction
The raster phantom and the ex-vivo bio-phantom were scanned in a 320-row volume detector CT scanner 
(Aquillion One Prism; Canon Medical Systems, Japan), implemented in 2021. A total of 10 scans per phantom 
were acquired in volume mode using the rotate-rotate method, with each scan consisting of two sequential 
acquisitions: one at the lower tube voltage of 80 kVp and one at the higher tube voltage of 135 kVp. The series 
of 10 scans per phantom was obtained within a rotation time of 0.275 s. The same tube current settings were 
applied to both phantoms in ascending order to ensure a comprehensive range of measurement points: 2.75/16.5, 
4.125/24.75, 5.5/30.25, 8.25/46.75, 11/63.25, 13.75/79.75, 19.25/110, 24.75/140.25, 30.25/173.25, and 38.5/220 
mAs for the 135 kVp and 80 kVp acquisitions, respectively. Acquisition was performed with full z-axis coverage 
of 16  cm and without table movement. The dose-length-product (DLP) and the CT dose index (CTDIvol) 
were recorded, and the estimated effective dose (EED) was calculated using a conversion coefficient for upper 
extremities of 0.0004 mSv/(mGy*cm)12.

Source images as raw-data based material pairs with water/iodine and water/calcium properties were 
reconstructed using four different methods: FBP, IR (AIDR3Dstrong: adaptive iterative dose reduction at strong 
iteration level), and two strengths of DLR: AiCE (Advanced intelligent Clear-IQ Engine) in mild and strong 
versions. Primary reconstruction was performed with a slice thickness of 0.5 mm, an interval of 0.25 mm, and 
an in-plane resolution of 0.5 × 0.5 mm, using a medium soft tissue kernel without beam hardening compensation 

Fig. 1.  Raster phantom (a)  and bio-phantom (b) . Raster phantom consisting of syringes arranged in a grid-
like container, which was subsequently immersed in water. In this study, only the syringes in the front row were 
analyzed. Porcine foreleg with four syringes containing different MSU concentrations and one negative control, 
placed around the elbow joint. The negative control is positioned at the 12 o’clock position while the other 
syringes are arranged clockwise in ascending order of MSU concentrations (35%, 40%, 45%, and 50%).
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as required by restrictions of the postprocessing software. For FBP and IR, the FC16 kernel was applied, while a 
soft tissue kernel was used for DLR.

To assess the image quality, 80 kVp source datasets for FBP and IR were reconstructed and compared to 
virtual monoenergetic images (VMIs) for DLR at 60 keV, as the reconstruction of 80 kVp images was not possible 
for DLR due to software restrictions.

Image postprocessing
The dual-energy datasets underwent secondary postprocessing to reconstruct material maps for each group 
(object formula: 100/200 Hounsfield Units (HU), gradient: 1.07). For DLR (AiCE), a standard scanner software 
(Spectral Analysis Version 7.14) was employed on a stand-alone Vitrea solution (Version 7.14.2.227, Vital 
Images, Canon Medical Systems, Japan). For IR (AIDR) and FBP, DE Image View (Version 6) on the CT console 
was used.

Image quality assessment
To compare the image quality between the different reconstruction methods, the no-reference metrics signal-
to-noise ratio (SNR) and contrast-to-noise ratio (CNR) were used. Image quality was assessed based on 80 kVp 
image data for FBP and IR, and 60 keV monochromatic data for DLR on 0.5 mm sections. For computation of 
the SNR and CNR as image quality parameters, regions of interest (ROIs) were manually placed for each scan of 
each reconstructed group according to the following procedure: For signal measurements, 17.5 mm2 ROI were 
selected within the 50% MSU syringe. Contrast was quantified as the difference between the signal in the ROI 
and a corresponding ROI situated in muscle tissue (for the bio-phantom) or in water (for the raster phantom), 
with both ROIs located in an identical spatial region. Noise was evaluated using the standard deviation calculated 
within a defined area of 1213.4 mm2 ROI within air, also in an identical location across scans and reconstructions.

SNR was calculated by dividing the signal by the noise, while CNR was defined as the contrast divided 
by the noise. For each model, the SNR and CNR values for all 10 current levels were averaged within each 
reconstruction group.

Volumetric analysis
Volumetric analysis was performed using material decomposition with the specified software (Horos v.2.2.0, The 
Horos Project), which applies threshold-based segmentation. Voxels inside a user-defined ROI that fall within 
the specified HU range are automatically identified and aggregated to compute the total volume. Threshold 
values were set between 100 HU and 5000 HU to ensure clear differentiation of MSU crystals from soft tissue. 
The ROI, defined as the syringe containing the specific MSU concentration, was manually selected based on its 
predetermined position within the models. In cases where false-positive volumes were detected, the threshold 
was adjusted until no artifacts were visible. The volume [cm3] detected per syringe was calculated by the 
software, and the resulting data were later used to manually compute the total detected volume and the mean 
detected volume in cm3 for each individual scan of the respective tube current per model. To determine the total 
mean volume per reconstruction method, these 10 individual mean volumes per scan were then combined and 
manually averaged to obtain the overall mean volume per group.

Statistics
Statistical analysis was conducted using Prism (Version 10, GraphPad, La Jolla, CA) and IBM SPSS Statistics for 
macOS (Version 29.0). To compare the mean and individual MSU volumes across different concentrations, as 
well as to compare mean SNR and CNR values between the four reconstruction methods, the non-parametric 
Friedman test for matched data was used, followed by Dunn’s multiple comparisons test for pairwise comparisons 
between the groups. The Shapiro-Wilk test for small sample sizes was used to assess normal distribution. 
Spearman’s correlation was applied for the correlation of non-normally distributed variables. A corrected 
p-value of less than 0.05 was considered statistically significant.

Images and figures
Images used in this study were edited and combined using Canva (Canva Pty Ltd, Sydney, Australia). Tables 
were created using Microsoft Word 2021 and Microsoft Excel 2021 (Microsoft Corporation, Redmond, Washington, 
United States).

Results
DLP ranged from 7.4 mGy*cm to 100.9 mGy*cm; the corresponding EED ranged from 0.003 to 0.04 mSv. 
Acquisition and dose parameters are summarized in Table 1. Examples of reconstructed images are shown in 
Fig. 2. An overview of the mixture compositions used to obtain the specific mass fractions of MSU (35%; 40%; 
45%; 50%, and 0% as a negative control) is provided in Table 2.

Image quality
SNR and CNR differed significantly between the four reconstruction methods for both phantoms (P < 0.0001). 
The results are presented in Table 3.

Volumetric analysis
Significant differences in detected MSU volumes were observed between the four reconstruction methods (FBP, 
IR, and DLR in mild and strong version) in the raster phantom (P < 0.0001) and the bio-phantom (P < 0.0001). 
Mean detected MSU volumes are shown in Fig. 3.

Scientific Reports |        (2025) 15:18687 3| https://doi.org/10.1038/s41598-025-03012-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


All four reconstruction methods successfully detected the MSU volume in the syringe with the lowest MSU 
concentration of 35% in both phantoms, even at the lowest tube current of 2.75/16.5 mAs, as shown in Fig. 4 
for the bio-phantom. The supplementary materials provide a comprehensive overview of the detected MSU 
volumes, including descriptive statistics, statistical analyses, and normality test results for each reconstruction 
method and phantom. For the raster phantom, the mean MSU volumes detected using the four reconstruction 
methods across the different MSU concentrations are provided online in Supplementary Figure S1. Detailed 
results of descriptive statistics and statistical analyses per reconstruction method and phantom are available 
online in Supplementary Tables S1, S2, S3 and S4. The results of the Shapiro-Wilk tests for normal distribution 
are provided in Supplementary Table S5.

In Fig. 5, mean detected MSU volumes are plotted as a function of the applied CTDIvol for both phantoms. 
In both phantoms, all four reconstruction methods showed a plateau at higher CTDIvol values. Results in the 
raster phantom showed a significant positive correlation between the mean detected volume and the CTDIvol 
across all four reconstruction techniques (FBP: r = 0.733, P = 0.016; IR: r = 0.709, P = 0.022; DLR, mild version: 
r = 0.879, P < 0.001; DLR, strong version: r = 0.830, P = 0.003). In the bio-phantom, MSU detection correlated 
less strongly with the applied radiation dose than observed in the raster phantom, and a significant positive 
correlation between the mean detected volume and the CTDIvol was found only for FBP and IR reconstructions 
(FBP: r = 0.952, P < 0.001; IR: r = 0.891, P < 0.001), while no such correlation was observed for DLR images (DLR 
in mild version: r = 0.588, P = 0.074; DLR in strong version: r = 0.394, P = 0.26).

Discussion
This study aimed to evaluate two DLR techniques (AiCE mild; AiCE strong) against two established reconstruction 
methods, IR and FBP, for the detection of MSU. DLR detected more MSU compared with FBP and IR across all 
four concentrations investigated in both phantoms. Use of the DLR technique resulted in considerably higher 
MSU volumes as well as better SNR and CNR values. With all four reconstruction techniques, there was a plateau 
in MSU volume detection at higher CTDIvol values. In addition, all four reconstruction methods showed a 
positive correlation of mean detected volumes with CTDIvol in the raster phantom, while no such correlation 
was observed for the two DLR techniques in the bio-phantom. The major results of our study - MSU volume 
detection, sensitivity, and image quality - were consistent across both phantoms under equal radiation exposure 
conditions, suggesting that, due to lower image noise, DLR might improve sensitivity for tophi detection, reduce 
radiation dose reduction, or both. Interestingly, the lack of correlation between the applied radiation dose and 
the detected volume for both DLR techniques we investigated indicates that MSU detection in the bio-phantom 
is less dependent on the applied radiation dose when DLR is used, suggesting that there is a potential for further 
radiation dose reduction when DECT is used in conjunction with DLR. The plateau in MSU volume detection 
at higher CTDIvol values suggests that, above a certain threshold, higher doses will no longer improve MSU 
detection.

MSU detection by DECT imaging can generally be limited by specific characteristics of the tophus, such 
as lower density, smaller size, and enhancement, if contrast agent is administered7,13,14. Although DLR is 
increasingly applied in DECT imaging, we are unaware of any study investigating how DLR affects diagnostic 
performance in patients with gout. However, previous phantom studies and clinical research in other fields have 
shown results that align with ours15–17. For example, Chu et al. reported higher SNR and CNR values, along 
with improved detectability confidence, when comparing DLR with IR for hepatic lesions in DECT imaging16. 
Similarly, lower image noise and significantly enhanced diagnostic conspicuity were demonstrated in a study 
comparing DLR and IR in DECT imaging of pancreatic cancer17. In the setting of musculoskeletal imaging, 
Gong et al. equally observed a considerable reduction of image noise and artifacts in DECT scans acquired for 
evaluating the bone marrow of patients suffering from multiple myeloma18. Therefore, and in line with our own 
results, DLR holds the potential to improve MSU detection sensitivity. This could enable the detection of lower-
density gouty tophi, such as in early disease or in patients responding to urate-lowering therapy. For clinical 
practice, it seems crucial to apply the same reconstruction algorithm for follow-up scans to ensure consistency 
in the volumetric analysis of tophi. Spatial resolution, a key factor influencing image sharpness and noise, should 
remain the same in serial scans for reproducible results19. Temporal resolution, total scan time, and spectral 

Scan number I [mA] at 80 kVp I [mA] at 135 kVp Q [mAs] at 80 kVp Q [mAs] at 135 kVp CTDIvol [mGy] DLP [mGy* cm] EED [mSv]

1 60 10 16.5 2.75 0.5 7.4 0.003

2 90 15 24.75 4.13 0.7 11.1 0.004

3 110 20 30.25 5.5 0.9 14.1 0.006

4 170 30 46.75 8.25 1.3 21.5 0.009

5 230 40 63.25 11 1.8 28.9 0.012

6 290 50 79.75 13.75 2.3 36.3 0.015

7 400 70 110 19.25 3.2 50.5 0.02

8 510 90 140.25 24.75 4 64.6 0.026

9 630 110 173.25 30.25 5 79.4 0.032

10 800 140 220 38.5 6.3 100.9 0.04

Table 1.  Image acquisition parameters per scan. CTDIvo, CT dose index; DLP, dose-length product; EED, 
estimated effective dose.
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projection delay are equally important since higher temporal resolution minimizes spectral projection delay, 
leading to better synchronization and more accurate spectral data reconstruction and hence reliable comparison 
between initial and follow-up scans20,21.

To further improve MSU detection, particularly in early gout, post-processing protocols provide an additional 
avenue for optimization22. While lower thresholds increase the risk of artifact formation and/or false-positive 
detection, studies have shown that reducing the threshold improves the MSU detection rate23. Research on the 
effect of DLR in both DECT and single-energy computed tomography (SECT) imaging has demonstrated its 
ability to reduce the variability of iodine concentration and minimize artifacts17,24. Nevertheless, further clinical 
research is needed to develop optimized postprocessing protocols for patients with gout that incorporate the 
effects of DLR on image quality and artifact reduction.

Another key challenge for gout imaging with DECT is selecting a tube current setting that ensures an optimal 
balance between achieving sufficient image quality and minimizing patient radiation exposure25. Concerns about 

Fig. 2.  Material maps of DECT scans reconstructed with different reconstruction methods and corresponding 
CT images (80 kVp image data for FBP and IR, 60 keV monochromatic data for DLR). The color lookup table 
‘Rainbow 2’ provided by the software (Horos v.2.2.0, The Horos Project) was used for parts a–c and g–i, with a 
window level of 220 and a window width of 220, corresponding to a range of 110 HU to 330 HU. Upper section 
(raster phantom): Concentration-color-coded 3D images of the MSU maps and corresponding CT images 
reconstructed with FBP (a, d), IR (b, e), and DLR (strong, c, f). The syringes, presented from left to right, 
contain MSU concentrations in descending order (50%, 45%, 40%, and 35%). Lower section (bio-phantom): 
Concentration-color-coded 3D images of the MSU maps and corresponding CT images reconstructed 
with FBP (g, j), IR (h, k), and DLR (strong, i, l). The syringes, containing different MSU concentrations, are 
arranged around the elbow joint in ascending clockwise order. An increase in true-positive detections with a 
decrease in false-positive artifacts is seen for DLR as compared with FBP and IR.
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higher radiation exposure in DECT can be countered, as it has been demonstrated that the combination of DLR 
and low-dose DECT, compared to standard-dose SECT, allows significant dose reduction while maintaining 
the image quality essential for diagnostic accuracy20,26–28. Potentially, the use of DLR for tophi identification in 
DECT imaging might even further pave the way for additional tube current adjustment and improved radiation 
protection of patients. This is particularly crucial in patients with chronic gouty arthritis, who may need repeated 
imaging examinations.

Ultimately, our findings may expand the already broad application of DLR in DECT imaging of soft tissues, 
as they align with previous research demonstrating its superiority in reducing image noise, improving image 
contrast and overall image quality, and enabling dose reduction 15–17,26–28. Our study found no consistent 
significant differences between the mild and strong versions of DLR for MSU detection at the concentrations 
investigated. Notably, studies comparing high-strength DLR (DLR-H) with medium-strength DLR (DLR-M) 

Fig. 3.  Mean detected MSU volumes using the four reconstruction techniques investigated in our 
experimental study. Both DLR methods (AiCE1 – DLR mild; AiCE2 – DLR strong) detected significantly 
higher amounts of MSU (monosodium uric acid) than FBP (filtered back projection) and IR (iterative 
reconstruction: AIDR strong).

 

Raster phantom Bio-phantom

SNR (80 kVp/60 keV) CNR (80 kVp/60 keV) SNR (80 kVp/60 keV) CNR (80 kVp/60 keV)

FBP 11.90 ± 0.77 11.38 ± 0.71 36.53 ± 13,93 16.31 ± 5.83

IR 12.26 ± 0.41 11.69 ± 0.36 55.39 ± 20,57 24.86 ± 9.09

DLR mild 63.52 ± 24.70 59.99 ± 23.66 53.58 ± 16.98 28.42 ± 7.69

DLR strong 112.80 ± 35.98 107.20 ± 34.30 84.03 ± 20.65 43.80 ± 9.98

P < 0.0001 < 0.0001 < 0.0001 < 0.0001

Table 3.  Image quality parameters: mean SNR and CNR with standard deviation. Mean SNR (signal-to-noise 
ratio) and CNR (contrast-to-noise ratio) showed significant differences between the four image reconstruction 
methods for both phantoms. FBP, filtered back projection; IR, iterative reconstruction (AIDR strong); DLR 
mild, deep learning reconstruction in mild version; DLR strong, deep learning reconstruction in strong 
version.

 

Mass fraction of MSU

Mixture composition

MSU mass Mass of ultrasound gel

0% 0 4 g

35% 1.4 g 2.6 g

40% 1.6 g 2.4 g

45% 1.8 g 2.2 g

50% 2.0 g 2.0 g

Table 2.  MSU mass fractions investigated. Masses of MSU and ultrasound gel used to obtain specific MSU 
mass fractions for volume analysis.
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in abdominal SECT reported minor blurring for very small lesions when using DLR-H24 and no improved 
visualization of target structures despite reduced image noise with DLR-H29. Further research is needed to 
explore the subtle effects of DLR-H on the detection of hypoattenuating target structures and how these effects 
may vary across different radiation dose levels24.

As for limitations, our findings derived from using the rotate-rotate method can only be transferred to other 
scanners and DECT techniques to a certain extent, as applied reconstructions and tube currents may vary 
significantly, which can greatly influence tophus detection25. We analyzed a restricted set of MSU concentrations 
based on our group’s experience. However, our data suggest that lower MSU concentrations might be detectable. 
We did not compare DLR from different or independent vendors, so our results are confined to the scanners and 
reconstructions used in our study. Additionally, our DECT scanner does not allow generation of standard 80 
kVp images with DLR from a DECT dataset, so 60 keV virtual monochromatic images were used as surrogates 
for 80 kVp acquisitions, with all inherent limitations. Furthermore, primary input data reconstructed with 
DLR and IR/FBP are not compatible with all software versions for further postprocessing. However, as material 
formulas and gradients for postprocessing were the same, we suspect no severe confounders from the different 
software versions. Challenges in manufacturing crystal suspensions hinder a dependable measurement of syringe 
volumes. Consequently, no definitive reference for volume metrics can be provided. We acknowledge that the 
absence of similarity metrics in our evaluation is a limitation. Further studies incorporating these metrics are 
necessary to validate the trends observed in our results. As our results are derived from phantom experiments, 
replication in patients is needed before DLR can be safely used for gout imaging in clinical practice.

Our data suggest that DLR allows more sensitive detection of MSU deposits compared with IR and FBP by 
reducing image noise and detection thresholds. Use of DLR of DECT has the potential to identify tophi with 
lower density while simultaneously reducing radiation exposure. Importantly, the same reconstruction methods 
should be used for follow-up examinations to ensure comparability of findings. Yet, this is an explorative 

Fig. 4.  Mean MSU volumes detected with the four reconstruction methods for different MSU concentrations 
in the bio-phantom. FBP and IR (AIDR strong) detected significantly smaller MSU volumes, and there were 
more noticeable variations in detected volumes at different tube currents compared with the two DLR methods 
(AICE1 - DLR mild version; AICE2 - DLR strong version).
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phantom approach of applying a deep learning algorithm for DECT image reconstruction that requires clinical 
validation in patients before it can be used routinely.

Data availability
The datasets generated and analyzed during the current study are available from the corresponding author upon 
reasonable request.

Fig. 5.  Representation of mean detected MSU volumes [cm3] as a function of the CT dose index (CTDIvol) 
[mGy].
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