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A B S T R A C T

Purpose: To examine the impact of deep learning-augmented contrast enhancement on image quality and diag
nostic accuracy of poorly contrasted CT angiography in patients with suspected stroke.
Methods: This retrospective single-centre study included 102 consecutive patients who underwent CT imaging for 
suspected stroke between 01/2021 and 12/2022, including whole brain volume perfusion CT (VPCT) and, 
specifically, a poorly contrasted CT angiography (defined as < 350HU in the proximal MCA). CT angiography 
imaging data was reconstructed using i.) an iterative reconstruction kernel (conventional CTA, c-CTA) as well as 
ii.) an iodine-based contrast boosting deep learning model (Deep Learning-enhanced CTA, DLe-CTA). For 
quantitative analysis, the slope, contrast-to-noise ratio (CNR), and signal-to-noise ratio (SNR) were determined. 
Qualitative image analysis was conducted by three readers, rating image quality and vessel-specific parameters 
on a 4-point Likert scale. Readers evaluated both datasets for cerebral vessel occlusion presence. VPCT served as 
the reference standard for calculating sensitivity and specificity.
Results: 102 patients were evaluated (mean age 69 ± 13 years; 70 men). DLe-CTA outperformed c-CTA in 
quantitative (all items p < 0.001) and qualitative image analysis (all items p < 0.05). VPCT revealed 58/102 
patients with vascular occlusion. DLe-CTA resulted in significantly higher sensitivity compared to c-CTA (p <
0.001); (all readers put together: c-CTA: 142/174 [81.6 %; 95 % CI: 75.0 %-87.1 %] vs. DLe-CTA 163/174 [94 %; 
95 % CI: 89.0 %-96.8 %]). One false positive finding occurred on DLe-CTA (specificity 1/132) [99.2 %; 95 % CI: 
95.9 %-100 %].
Conclusions: Deep learning-augmented contrast enhancement improves the image quality and increases the 
sensitivity of detection vessel occlusions in poorly contrasted CTA.

1. Introduction

Stroke is a devastating medical condition and the second leading 
cause of death among the top five causes of cardiovascular-related 
deaths, with an increase of 47 % from 1990 (approximately 5 million 
deaths) to 2021 (approximately 7.4 million deaths) [1]. Computed to
mography (CT) imaging, in particular CT angiography (CTA), plays a 
central role in assessing stroke patients by providing essential infor
mation about cerebral vessel occlusion and guiding therapeutic 

interventions [2].
One of the major challenges in CTA imaging arises from poor 

contrast images, in which interpreting physicians may miss vascular 
pathologies. There are few options besides repeating the scan for poorly 
contrasted CTA. If dual-energy CT is utilized, one may reconstruct 
monoenergetic images, called virtual monoenergetic imaging (VMI), 
enabling enhanced iodine contrast [3]. Furthermore, studies utilizing 
virtual monoenergetic imaging have shown the potential to improve the 
image quality of thoracic CT examinations and have led to improved 

* Corresponding author at: Department of Neuroradiology, University Medical Center Mainz, Johannes Gutenberg University, Langenbeckst. 1, 55131 Mainz, 
Germany.

E-mail addresses: marius.frenzel@unimedizin-mainz.de (M. Frenzel), ahmed.e.othman@googlemail.com (A.E. Othman). 

Contents lists available at ScienceDirect

European Journal of Radiology

journal homepage: www.elsevier.com/locate/ejrad

https://doi.org/10.1016/j.ejrad.2024.111808
Received 27 July 2024; Received in revised form 15 October 2024; Accepted 27 October 2024  

European Journal of Radiology 181 (2024) 111808 

Available online 28 October 2024 
0720-048X/© 2024 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

mailto:marius.frenzel@unimedizin-mainz.de
mailto:ahmed.e.othman@googlemail.com
www.sciencedirect.com/science/journal/0720048X
https://www.elsevier.com/locate/ejrad
https://doi.org/10.1016/j.ejrad.2024.111808
https://doi.org/10.1016/j.ejrad.2024.111808
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejrad.2024.111808&domain=pdf
http://creativecommons.org/licenses/by/4.0/


visualization of the vessels, among other structures, due to increased 
contrast intensity [4,5].

This study focuses on a deep learning model trained with dual-energy 
CT data to detect and enhance iodine-based contrast on single-spectrum 
CT scans. In addition, the image quality is improved by denoising. This 
shall improve the differentiation of the vessels from the brain paren
chyma surrounding them. A big advantage is that the benefits of spectral 
imaging can be used device independent [6,7].

We hypothesized that this model may improve diagnostic accuracy 
for detecting cerebral vessel occlusions in patients with acute stroke. 
Therefore, this study aimed to assess the effects of deep learning- 
augmented contrast enhancement on image quality and diagnostic 
performance in poorly contrasted CTA.

2. Materials and methods

2.1. Study sample

This retrospective, single-centre study received approval from the 
local Ethics Committee, and all methods were performed in accordance 
with the 2008 version of the Declaration of Helsinki and were approved 
with a waiver for patient consent. We retrospectively identified 
consecutive patients with suspected ischemic stroke between 01/2021 
and 12/2022 who underwent comprehensive CT imaging, including 
CCT, VPCT, and cerebral CTA. Inclusion criteria comprised poorly 
contrasted CTA, defined as a contrast density of less than 350 HU in the 
proximal M1 segment of the MCA.

An independent reader (S.A. with respectively 8 years of experience 

in neuro-imaging) evaluated all patients with fully recorded stroke 
protocol between 01/2021 and 12/2022 using the Sectra software 
(Sectra Workstation; Linköping, Sweden) to measure the contrast in
tensity manually.

Exclusion criteria were motion and metal artifacts that limited 
assessability as well as patients with incomplete stroke protocol with, for 
example, missing VPCT.

The cohort’s identification and inclusion and exclusion criteria are 
given in a STARD flowchart (Fig. 1).

2.2. Stroke imaging protocol

The stroke imaging protocol included CCT, VPCT, and CTA. Images 
were acquired using an Aquilion Precision CT scanner (Canon Medical 
Systems Corporation; Japan). The scanner features a beam collimation 
of 0.25 mm x 160 rows.

2.3. Cranial Computed tomography

CCT was performed with 120 kV tube voltage, 0.5 mm collimation, 
and a 1.0-second rotation time. The axial CCT source images with a slice 
thickness of 0.5 mm were reconstructed in three planes with slice 
thicknesses of 3.0 mm in a 512 x 512 matrix.

2.4. Whole brain volume perfusion Computed tomography

Two sections at the level of the basal ganglia were imaged. The 
following scan parameters were used: z-axis, 8 cm; tube voltage, 80 kV; 

Fig. 1. Flowchart illustrating the study enrollment criteria. MCA = middle cerebral artery. c-CTA = conventional CTA. DLe-CTA = Deep Learning-enhanced CTA. R1- 
3 = Reader 1–3. VPCT = volume perfusion CT.
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rotation time, 0.35 s; scanning delay, 3.0 s; total scanning time, 59.2 s; 
acquisition intervals, 3.7 s.

To acquire cerebral perfusion data, we employed a commercially 
available Perfusion CT software (Canon Medical Systems Corporation), 
enabling the computation of cerebral blood flow, cerebral blood volume, 
mean transit time, and time-to-peak maps. Details of the contrast agent 
application are provided in the supplemental material (S1).

2.5. Computed tomography angiography

The CTA protocol comprised a tube voltage of 120 kV, a field of view 
of 180 mm, a rotation time of 0.35 s per rotation, and a pitch of 0.569. 
An adaptive iterative three-dimensional dose reduction tool (AIDR 3D; 
Canon Medical Systems Corporation) was applied. The axial CTA source 
images were reconstructed in three planes with slice thicknesses of 0.25 
mm, 1.0 mm, and 3.0 mm, employing a reconstruction matrix of 1024 x 
1024. Canon Medical Systems Corporation implemented an iterative 
reconstruction algorithm, the adaptive iterative three-dimensional dose 
reduction tool, which utilized an ultra-high-resolution adapted FC41 
soft tissue Kernel (Conventional CTA, c-CTA). Details of the contrast 
agent application are provided in the supplemental material (S2).

2.6. Deep learning-based iodine contrast enhancement

All CTA DICOM datasets were additionally processed using a vendor- 
agnostic solution (ClariACE, ClariPi, Seoul, South Korea). It allows deep 
learning-based selective boosting of iodine contrast agent components in 
monoenergetic CT images (Deep Learning-enhanced CTA, DLe-CTA).

The vendor-agnostic program was developed as a contrast augmen
tation algorithm for low-contrast-dose CE CT using a deep learning 
model with a two-stage U-net architecture, trained on a dual-energy CT- 
derived dataset. For the training, varying degrees of synthetic low- 
contrast-dose contrast-enhanced CT images were generated by 
combining the virtual non-contrast component image with a weight- 
adjusted iodine component image of dual-energy CT, with weights 
ranging from 0.5 to 1.5. The first stage of U-net was a pre-trained 
network for image denoising that had been developed and validated 
previously (ClariCT.AI; ClariPi). The second stage of U-net was trained 
to accept a synthetic low-contrast-enhanced CT image and predict the 
weight-adjusted iodine component image. Subsequently, the model 
outputs the contrast-augmented image by scaling the pixel intensities of 
the predicted iodine component image with a user-defined boosting 
strength and then adding the intensity-scaled image back to the input 
image. The program also allows the user to specify the denoising 
strength for the denoising process.

Figure S1 provides an overview of the steps listed above.

2.7. Image presentation

The images were evaluated using the Sectra software (Sectra Work
station; Linköping, Sweden). The platform provides key features, 
including 3D volume rendering and maximum intensity projections with 
manually adjustable slice thickness.

2.8. Quantitative evaluation

The slope, contrast-to-noise ratio (CNR), and signal-to-noise ratio 
(SNR) were determined using a Matlab tool (S3).

2.9. Qualitative evaluation and detection of cerebral vessel occlusions

To evaluate the image quality of c-CTA and DLe-CTA, three readers 
(S.S., A.E.O., M.A.A.M. with respectively 3, 11, and 8 years of experience 
in neuro-imaging. S.S. had mainly general radiological experience as a 
young professional. In contrast, A.E.O. and M.A.A.M. are experts in the 
field of neuro-imaging.), blinded to clinical patient information and the 
type of reconstruction assessed various parameters using a 4-point Likert 
scale, with 4 representing the best (Table S1). The parameters included 
overall image quality, vessel contrast, artifacts, diagnostic confidence, 
image noise, and the assessability of proximal, intermediate, and 
subcortical vessels. The evaluation of the vessel-specific items was based 
on the cerebral vascular score of Ucar et al. [8].

An independent reader (S.A. with respectively 8 years of experience 
in neuro-imaging) evaluated VPCT, serving as the reference standard, 
for the presence of relevant perfusion deficit. The other readers assessed 
c-CTA and DLe-CTA for the presence of cerebral vessel occlusions. When 
calculating sensitivity and specificity, the total number of intracranial 
vascular occlusions was considered. A division into subgroups was car
ried out for a more detailed analysis. A distinction was made between 
proximal large vessel occlusions (PLVO; intracranial internal carotid 
artery (ICA), M1 segment of the MCA, the vertebral, and basilar artery), 
medium vessel occlusions (MeVO; MCA-M2, ACA-A1, PCA-P1 depend
ing on their calibre-distal large or distal medium vessel occlusions, 
caliber 1 mm to 3 mm, NIHSS ≥ 5) and distal, medium vessel occlusions 
(DMVO; M3-M4, A2-A5, P2-P5, posterior inferior cerebellar artery, 
anterior inferior cerebellar artery, and superior cerebellar artery) 
[9,10].

To minimize recall bias, all reconstructions were independently 
evaluated during distinct sessions over a 6-week interval and presented 
to the readers in a randomized order. The individual readers conducted 
their assessments independently.

2.10. Statistics

Statistical analysis was performed using R-Stastistics (Version 4.1.3, 
R Foundation). First, we checked the data for normal distributions and 
determined the appropriate variable presentation. Continuous variables 
are given as mean ± 2 standard deviation if normally distributed and as 
median/IQR in case of a non-normal distribution.

The data for the quantitative analysis were assessed for normal dis
tribution using the Shapiro-Wilk test. The mean and standard deviation 
of the items rated on the Likert scale − overall image quality, vessel 
contrast, artefacts, diagnostic accuracy, image noise and assessability of 
proximal, intermediate and subcortical vessels − were calculated, and 
statistical analysis was performed using the Wilcoxon signed-rank test. 
Regarding the Likert scale, scores 2, 3, and 4 indicate good quality, while 
a score of 1 indicates poor quality. Ordinal variables were compared by 
analyzing the distribution of Likert-scale values and calculating odds 
ratios (OR). For interrrater agreement, the multi-rater Fleiss’ Kappa (χ) 
was used. The level of agreement was defined as poor, χ < 0.21; fair, χ =
0.21–0.40; moderate, χ = 0.41–0.60; substantial, χ = 0.61–0.80; and 
almost perfect, χ = 0.81–1.0 [11].

VPCT was utilized to determine the presence or absence of cerebral 

Table 1 
Patients characteristics.

Parameter All Patients (n = 102)

Age (y), mean, range 68.6 (34–91)
Gender 32 women
NIHSS ​
Before therapy, median, range 6.0 (1–30)
End of treatment, median, range 2.5 (0–28)
mRS ​
Before therapy, median, range 3.0 (1–5)
End of treatment, median, range 1.5 (0–5)
Mechanical thrombectomy (n, %) 27 (26 %)
Intravenous lysis (n, %) 33 (32 %)
Risk factors (n, %) 

High blood pressure 
Diabetes 
High blood cholesterol 
Nicotine abuse

​
75 (74 %)
27 (26 %)
38 (37 %)
27 (26 %)

Note.—y = years. NIHSS = National Institutes of Health Stroke Scale. mRS =
Modified Ranking Scale.
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Fig. 2. Comparison of SNR, CNR and slope with c-CTA and DLe-CTA in BA, MCA and SV. SNR = signal to noise ratio. CNR = contrast to noise ratio. BA = basilar 
artery. MCA = middle cerebral artery. SV = subcortical vessel. c-CTA = conventional CTA. DLe-CTA = Deep Learning-enhanced CTA.
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vessel occlusions. Sensitivity and specificity, along with their 95 % 
Confidence Intervals (95 % CI), are reported for each reader and 
compared using McNemar’s test.

P-values less than 0.05 were considered statically significant.

3. Results

3.1. Patient cohort

Between January 2021 and December 2022, 102 patients (mean age 
69 years ± 13 years 70 men) were included. 58 out of 102 patients 
presented with cerebral vessel occlusion as defined by corresponding 
abnormalities observed in VPCT. Patients’ characteristics are presented 
in Table 1.

3.2. Quantitative evaluation

Compared to c-CTA, DLe-CTA demonstrated significantly superior 
results across various parameters in the quantitative evaluation of the 
BA, MCA, and SV per patient (all items p < 0.001). DLe-CTA demon
strated a significant increase in SNR (from c-CTA = 37.8 ± 14.6 to DLe- 
CTA = 108.5 ± 40.4; p < 0.001), CNR (from c-CTA = 32.0 ± 13.7 to 
DLe-CTA = 104.5 ± 39.7; p < 0.001) and slope (from c-CTA = 177.7 ±
50.7 to DLe-CTA = 406.1 ± 124.1; p < 0.001). The results of the various 
vessel sections are shown using box plots in Fig. 2.

HU measurement within the proximal middle cerebral artery 
mirrored this observation with a mean vessel contrast for DLe-CTA of 
481HU ± 140 HU vs. 229HU ± 63HU in c-CTA (p < 0.001).

3.3. Qualitative evaluation

DLe-CTA provided significantly higher scores for all defined pa
rameters (p < 0.05) except for image noise and artifacts. Overall image 
quality (OR [95 % CI]: 3.23 [2;8], p < 0.001), vessel contrast (OR [95 % 
CI]: 9.05 [4;21], p < 0.001), diagnostic confidence (OR [95 % CI]: 2.56 
[1;7]; p < 0.05) and the assessability of proximal (OR [95 % CI]: 2.64 
[1;7]; p < 0.05), intermediate (OR [95 % CI]: 7.63 [4;14]; p < 0.001) 

Fig. 3. Distribution of Likert scale values with 1 representing the worst and 4 the best. c-CTA = conventional CTA. DLe-CTA = Deep Learning-enhanced CTA.

Table 2 
Comparison of the odds ratios of the various parameters.

Parameter OR CI p

Overall Image Quality 3.23 [2;8] <0.001
Vessel Contrast 9.05 [4;21] <0.001
Artifacts 1.99 [0;52] 0.509
Diagnostic Confidence 2.56 [1;7] 0.029
Image Noise 0.61 [0;2] 0.460
Assessability of Proximal Vessels 2.64 [1;7] 0.023
Assessability of Intermediate Vessels 7.63 [4;14] <0.001
Assessessability of Subcortical Vessels 5.98 [4;9] <0.001

Note.—OR = odds ratio. CI = confidence interval. p = p-value.
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and subcortical (OR [95 % CI]: 5.98 [4;9]; p < 0.001) vessels were su
perior with DLe-CTA.

Table S2 provides an overview of the individual results of the three 
readers. Fig. 3 shows the distribution of the image quality scores. OR for 
all defined parameters are presented in Table 2.

For vessel contrast, the best possible score of 4 (homogeneous 
contrast throughout all vessel sections) was given in 40.2 % of DLe-CTAs 
compared to 1 % in c-CTAs (p < 0.001).

Interrater agreement ranged between moderate and almost perfect 
(Table 3).

3.4. Diagnostic accuracy analyses

Compared to c-CTA, DLe-CTA significantly increased sensitivity 
among readers (p < 0.05), particularly for DMVO. Readers 2 and 3 both 
correctly identified 48/58 patients of cerebral vessel occlusion (83 %; 
95 % CI: 70.6 %-91.4 %) with c-CTA, compared to 55/58 patients (95 %; 
95 % CI: 85.6 %-98.9 %) with DLe-CTA. Similarly, Reader 1′s sensitivity 
increased from 46/58 patients (79 %; 95 % CI: 66.7 %-88.8 %) with c- 
CTA to 53/58 patients (91 %; 95 % CI: 81.0 %-97.1 %) with DLe-CTA.

The subgroup analysis showed no significant differences for DLe-CTA 
compared to c-CTA in PLVO (all readers 100 %, 95 % CI: 86.8 %-100 %) 
and MeVO. While readers 2 and 3 showed perfect sensitivity for DLe- 
CTA and c-CTA in MeVO (100 %, 95 % CI: 86.8 %-100 %), reader 1 
correctly recognised 12/13 in c-CTA (92 %, 95 % CI: 64.0 %-99.8 %) and 
13/13 in DLe-CTA (100 %, 95 % CI: 86.8 %-100 %). In DMVO, sensi
tivity increased significantly in all readers (readers 1–3: p < 0.05). 
Reader 1 recognised 8/19 occlusions in the c-CTA (42 %, 95 % CI: 20.3 
%-66.5 %) versus 14/19 in the DLe-CTA (73 %, 95 % CI: 40.1 %-91.3 %). 
Reader 2 and 3 performed slightly better with 9/19 in the c-CTA (47, 95 
% CI: 24.4 %-71.1 %) versus 16/19 in the DLe-CTA (84 %, 95 % CI: 60.4 
% versus 96.6 %).

In summary, DLe-CTA is significantly superior to c-CTA in the 
detection of DMVO. In contrast, there are no significant differences in 
the detection of PLVO and MeVO.

Readers 2 and 3 had no false positive findings (specificity: 100 %; 95 
% CI: 92.0 %-100 %). On the other hand, Reader 1 had one false positive 
finding in DLe-CTA, resulting in a specificity of 43/44 (98 %; 95 % CI: 
88.0 %-99.9 %).

Table 4 summarizes the readers’ sensitivity and specificity.
Figs. 4 and 5 illustrate examples of c-CTA and DLe-CTA of patients 

with suspected stroke, in which readers could detect vessel occlusions 
using DLe-CTA but not in the c-CTA images. Fig. 6 shows the false 
positive finding on DLe-CTA produced by Reader 1.

4. Discussion

This study investigates the effects of a deep leaning-based algorithm 
for detecting and selectively enhancing iodinated contrast agents in 
single-energy images on overall image quality and the sensitivity and 

Table 3 
Results of the interrater agreement.

Fleiss‘ Kappa c- 
CTA

Fleiss‘ Kappa DLe- 
CTA

Overall Image Quality 0.66 0.64
Vessel Contrast 0.68 0.71
Artifacts 0.67 0.44
Diagnostic Confidence 0.75 0.71
Image Noise 0.66 0.61
Assessability of Proximal Vessels 0.63 0.81
Assessability of Intermediate 
Vessels

0.74 0.77

Assessability of Subcortical 
Vessels

0.69 0.80

Note.—c-CTA = conventional CTA. DLe-CTA = Deep Learning-enhanced CTA.
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specificity for detecting cerebral vessel occlusions in patients with sus
pected stroke. Our analyses demonstrated that DLe-CTA achieved 
significantly superior values for SNR and CNR, as well as notable in
crease in contrast intensity and slope compared to c-CTA in the quan
titative evaluation. These findings were corroborated by the objective 
assessment, which revealed significantly higher values for all defined 
parameters, including overall image quality, vessel contrast, diagnostic 
confidence and assessability of various vessel segments. The analysis of 
sensitivity and specificity in the detection of vascular occlusions ulti
mately showed a significant increase in the detection of DMVO, while no 
significant differences were found in the detection of PLVO and MeVO.

Dual-energy CT and photon-counting CT, as well as virtual mono
energetic imaging reconstruction, is an active area of research in various 
organ systems [3,12–14]. Virtual monoenergetic imaging re
constructions utilise the different energy levels of dual-energy CT to 
generate images at specific virtual energies, enhancing tissue differen
tiation and improving the vascularization of vascular structures [15]. 
They have been shown to improve image quality and contrast in various 
body regions [16–21]. Weiss et al. investigated the impact of sensitivity 

enhancement using virtual monoenergetic imaging reconstruction. The 
authors found virtual monoenergetic imaging reconstruction to signifi
cantly increase vessel contrast at low energy levels, allowing for better 
morphological assessment of pulmonary in detecting incidental pul
monary embolism in oncology patients [22].

Artificial intelligence makes it possible to create algorithms through 
deep learning that learn/imitate these properties and possibilities of 
spectral imaging in parts. These can then be used independently of the 
device through secondary image processing.

To our knowledge, our study is the first to evaluate the effects of deep 
learning-enhanced iodine contrast on image quality and diagnostic ac
curacy of CTA in stroke patients. In addition to denoising, the deep 
learning-based algorithm in this study is trained with dual-energy CT 
data and can detect iodine and selectively enhance it in single-energy 
data (ClariACE, ClariPi) [23–25]. To better understand the effect of 
deep learning-enhanced contrast intensity on stroke imaging, we 
selected CTAs with poor contrast to detect potential advantages of this. 
The increase in sensitivity of DMVO for the CTAs we defined as poorly 
contrasted is a remarkable result. Especially in the context of the 

Fig. 4. Comparison of c-CTA (A) and DLe-CTA (B) with VPCT as a reference standard in a 65-year-old male patient with M2 occlusion on the left side (arrows) and a 
suitable correlate in the VPCT (C). Two of the three readers only detected the vessel occlusion in the DLe-CTA. c-CTA = conventional CTA. DLe-CTA = Deep Learning- 
enhanced CTA. CBF = cerebral blood low. CBV = cerebral blood volume. MTT = mean transit time. TTP = time to peak.
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Fig. 5. Comparison of c-CTA (A) and DLe-CTA (B) with VPCT as reference standard in a 37-year-old male patient with M3 occlusion on the right side and a suitable 
correlate in the VPCT (C) with compensated CBV. This closure was recognized by all three readers exclusively in the DLe-CTA. c-CTA = conventional CTA. DLe-CTA =
Deep Learning-enhanced CTA. CBF = cerebral blood low. CBV = cerebral blood volume. MTT = mean transit time.

Fig. 6. This figure compares the false positive finding of Reader 2 in DLe-CTA (B) with c-CTA (A). In the enlargements, the false positive finding is marked on the 
right and a similar “finding” is marked on the opposite side for clarification. Symmetrical visualization of VPCT (C) without evidence of cerebral vessel occlusion. c- 
CTA = conventional CTA. DLe-CTA = Deep Learning-enhanced CTA. CBF = cerebral blood low. CBV = cerebral blood volume. MTT = mean transit time. TTP = time 
to peak.
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increasing importance of mechanical thrombectomy of such occlusions, 
algorithms such as the one analysed here could contribute to an 
improvement in the treatment of stroke patients [26–28].

An interesting point would be the combination of different AI algo
rithms and metaheuristic optimization techniques, such as the Prairie 
Dog Optimisation Algorithm and the Dwarf Mongoose Optimisation 
Algorithm [29,30]. There is already scientific evidence that hybrid ap
proaches, which combine multiple metaheuristic strategies, perform 
better than one approach alone, as they utilise the respective strengths 
more efficiently and compensate for the weaknesses [31,32]. Future 
studies should analyse how algorithms at different levels of processing 
interact with each other and how their positive effects and weaknesses 
affect each other.

This study has limitations. The retrospective study design may have 
led to selection bias. Another point is that the small sample size could 
lead to a lower power. Both aspects may limit the generalizability of the 
results. Furthermore, this study analyzed data from a single center on a 
single scanner, but the deep learning model is vendor diagnostic. 
Therefore, further research, such as prospective studies or trials 
involving multiple centers, is needed to validate and generalize our 
findings. They should include all patients with suspected stroke to 
investigate to what extent the positive results of using vendor diagnostic 
advantages of spectral imaging observed in this study can be generalized 
under everyday examination conditions. Another limitation must be 
discussed in the VPCT used as a gold standard. The VPCT is very sus
ceptibility prone for movement artifacts and application problems of the 
contrast medium. Further, some ischemic areas, such as lacunary de
fects, are challenging to detect.

5. Conclusion

We found Deep-learning enhanced contrast and noise reduction to 
improve the diagnostic accuracy of DMVO in poorly contrasted CTA, 
potentially contributing to better treatment of patients with acute 
stroke, especially in the context of the increasing importance of me
chanical thrombectomy for distal vascular occlusions.
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