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Purpose: Phantom studies in CT emphysema quantification show that iterative reconstruction and deep learningbased noise reduction (DLNR) allow lower radiation dose. We compared emphysema quantification on ultra-lowdose CT (ULDCT) with and without noise reduction, to standard-dose CT (SDCT) in chronic obstructive pul
monary disease (COPD).
Method: Forty-nine COPD patients underwent ULDCT (third generation dual-source CT; 70ref-mAs, Sn-filter
100kVp; median CTDIvol 0.38 mGy) and SDCT (64-multidetector CT; 40mAs, 120kVp; CTDIvol 3.04 mGy).
Scans were reconstructed with filtered backprojection (FBP) and soft kernel. For ULDCT, we also applied
advanced modelled iterative reconstruction (ADMIRE), levels 1/3/5, and DLNR, levels 1/3/5/9. Emphysema was
quantified as Low Attenuation Value percentage (LAV%, ≤-950HU). ULDCT measures were compared to SDCT as
reference standard.
Results: For ULDCT, the median radiation dose was 84 % lower than for SDCT. Median extent of emphysema was
18.6 % for ULD-FBP and 15.4 % for SDCT (inter-quartile range: 11.8–28.4 % and 9.2 %–28.7 %, p = 0.002).
Compared to SDCT, the range in limits of agreement of emphysema quantification as measure of variability was
14.4 for ULD-FBP, 11.0–13.1 for ULD-ADMIRE levels and 10.1–13.9 for ULD-DLNR levels. Optimal settings were
ADMIRE 3 and DLNR 3, reducing variability of emphysema quantification by 24 % and 27 %, at slight under
estimation of emphysema extent (− 1.5 % and − 2.9 %, respectively).
Conclusions: Ultra-low-dose CT in COPD patients allows dose reduction by 84 %. State-of-the-art noise reduction
methods in ULDCT resulted in slight underestimation of emphysema compared to SDCT. Noise reduction
methods (especially ADMIRE 3 and DLNR 3) reduced variability of emphysema quantification in ULDCT by up to
27 % compared to FBP.

1. Introduction
Lung tissue densitometry is a common method for quantifying
emphysema on CT in patients with chronic obstructive pulmonary

disease (COPD) [1–4]. These CT-derived estimates of emphysema
severity correlate well with pulmonary function test results, pathology
results, and mortality rates [5–9]. CT is often used to monitor COPD
progression, assess causes of COPD exacerbations, and to assess
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ΔLoA, distance between the limits of agreement.
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bronchiectasis [10]. Thus, cumulative radiation exposure resulting from
standard dose CT (SDCT) scans in COPD patients throughout their life
time can be considerable.
Of late, several studies have focused on the feasibility of quantifying
emphysema based on ultra-low-dose CT (ULDCT, <1 mSv). Dose
reduction increases image noise and can thus negatively affect image
quality. Specifically for quantitative emphysema analysis high levels of
noise lead to misclassification of voxels as either emphysema or healthy
[11]. Methods are being investigated to reduce CT image noise to levels
similar to SDCT [3,4,12].
Iterative reconstruction (IR) is a method often used to reduce noise to
an acceptable level for clinical decision making, at the cost of affecting
the noise texture and spatial resolution [13–15].
Recently, a fundamentally different method of noise reduction has
become available: deep learning-based noise reduction (DLNR) [16,17].
Deep learning can either be employed to reconstruct the image from the
raw data, or to reduce noise on an already reconstructed DICOM image
[16–19]. A recent phantom study suggests that both IR and DLNR allow
for substantial dose reduction in CT for emphysema quantification [11].
IR and DLNR generally remove high spatial frequencies, which reduces
both image noise and structure detail [16]. The decrease in detail may
reduce the differentiation between emphysema and healthy lung tissue
by blurring the image. It is likely that there is an optimal setting where a
substantial part of the noise is removed, but structural details are still
mostly visible in the image, allowing accurate quantification of
emphysema. The aim of this study was to compare emphysema quan
tification on ULDCT with and without state-of-the-art noise reduction
techniques to SDCT in COPD patients.

Table 1
CT scan parameters.
Scan parameter
CT system

Standard dose protocol
SOMATOM Definition AS,
Siemens Healthineers

Ultra-low-dose protocol
SOMATOM Force, Siemens
Healthineers

Tube current-time
product
Tube potential
Spectral shaping
Scanner pitch
Slice thickness
Slice increment
Kernel
Field of view

40 mAs (fixed)

70 mAs (ref)

120 kVp
none
1.5
1.0 mm
0.7 mm
Smooth (B30f)
317− 450 mm

100 kVp
Tin filter
1.6
1.0 mm
0.7 mm
Smooth (Br40)
346− 500 mm

(Siemens Healthineers). Deep learning-based noise reduction (DLNR)
processing was based on the ULD-FBP reconstructions. DLNR (Pixel
Shine v1.2.102.07, Algomedica) processing was performed with levels
1, 3, 5, and 9. The ADMIRE and DLNR levels were chosen to analyse the
full spectrum of settings while limiting the number of scans to be
analysed.
2.3. Analysis
To measure noise, the standard deviation of Hounsfield units (HU) of
air in the trachea was measured in a circular region of interest about
1 cm above the carina with an area of 1 cm2. The same voxels were
measured for the different reconstructions, and a visual check was
performed to confirm that the tracheal wall was not included in the
measurement.
A trained technical physician (HJW), supervised by a radiologist
(MR, 3 years of post-residency experience in chest radiology), performed
visual emphysema assessment. Technical physicians are well-trained
dedicated technicians with a medical background and the supervision
during this study consisted of review and consensus read on request. The
visual assessment was used to describe the population, and was there
fore only recorded for the reference images (SDCT). The scoring was
performed according to the Fleischner criteria [2].
Low attenuation value percentages (LAV%) and lung volumes were
measured using fully automated analysis software (Syngo.Via Pulmo3D,
Siemens Healthineers) with the default threshold set at -950 HU [4,26].
A screenshot of this software is available as Supplemental Fig. 1. As
differences in segmented lung volume can alter the total measured lung
volume and possibly influence the LAV, an incorrect segmentation could
alter the emphysema extent. The automated segmentation was visually
checked for errors by a technical physician (HJW) to prevent this po
tential bias. All further analyses and data processing were performed
with MATLAB R2018a (The Mathworks). Sub-analyses were performed
for participants with a high (≥30), medium (25− 30), or normal/low
(≤25) body mass index (BMI).
To determine the effect of CT dose setting on LAV%, two potential
sources of bias were analysed. First, as described, an incorrect seg
mentation could lead to an incorrect value of LAV%. This was ruled out
by visual inspection of the segmentations. Second, as each patient was
scanned two times the scans may have been performed at slightly
different inspiration levels. A difference in inspiration levels could
introduce a difference in measured emphysema extent, as deeper
inspiration lowers the density of lung tissue. Comparing the ratio of lung
volume (of the ULDCT and SDCT scan) and the difference in LAV% (of
the same pairs) provides an indication of the occurrence of this phe
nomenon. Thus, we analysed the lung volume of both CT scans, based on
FBP reconstruction, and then compared the difference in LAV% to lung
volume ratio (i.e. by comparing LAV%ULDCT− LAV%SDCT and VULDCT/
VSDCT).

2. Materials and methods
2.1. Patient cohort
In an on-going treatment study in COPD patients, patients underwent
a non-contrast high-resolution chest CT scan (SDCT). Inclusion criteria
for this study were age 40–80 years, smoking history >10 pack-years,
and spirometry-confirmed COPD. Patients with asthma were excluded.
For the current sub-study, 50 consecutive participants who were scan
ned from February 2018 to June 2018 additionally underwent ULDCT.
The order (i.e. whether the ULDCT was acquired first or the SDCT first)
was randomized between participants, and the two scans were made
within 30 min of each other. Prior to the first scan, 100 μg Sabutamol
was administered via inhalation as part of the COPD treatment study
protocol. The institutional ethical board gave approval for this study,
and participants provided written informed consent (METC 2015/335,
clinicaltrials.gov NCT02477397). The sample size for this study was
based on the cohort size of prior studies comparing emphysema in
ULDCT to chest CT [4,13,20–22]. One participant was excluded due to
an inspiration issue during acquisition leading to a 3 l difference in lung
volume between the two acquisitions. The severity of COPD was graded
according to the GOLD 2017 guidelines [23].
2.2. CT scans
The high-resolution SDCT scans (CTDIvol 3.04 mGy) were acquired,
according to standard clinical protocol. SDCT involved fixed mAs,
conform the protocol used in the COPDGene and SPIROMICS studies
[24,25]. The ULDCT was acquired with automatic exposure control
enabled to ensure sufficient and uniform image quality despite the very
low radiation dose (median CTDIvol 0.39 mGy, range 0.19–1.34 mGy).
The field of view was adapted for each individual participant. A more
detailed list of acquisition and reconstruction parameters can be found
in Table 1.
All scans were reconstructed with filtered backprojection (FBP). For
the ULDCT scans, additional reconstructions were performed at
advanced modelled iterative reconstruction (ADMIRE) levels 1, 3, and 5
2
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2.4. Statistical analysis

range 2− 1285 ml), without systematic bias (Fig. 1). The relative dif
ference in volume between the scans was 0.9 %±6.4 %. The mean ± SD
LAV% per BMI group was 31.5 ± 9.8 (BMI ≤ 25), 18.0 ± 11.6 (BMI
25− 30), and 12.0 ± 6.6 (BMI ≥ 30).
The noise level was 20.9 HU for SDCT, and 33.9 HU for ULD-FBP
(Table 3). For ULDCT, at increasing ADMIRE and DLNR level, noise
decreased. The noise level for ADMIRE 3 and DLNR 3 was closest to
SDCT reconstructed with FBP (24.6 HU and 22.5 HU, respectively).
Fig. 2 illustrates the effect of increasing levels of ADMIRE and DLNR on
visual appearance in a typical emphysema case. A chart where the image
noise is plotted against the BMI is included as Supplemental Fig. 2.
Differences in measured lung volume for the denoised ULD re
constructions versus ULD-FBP were minimal, with a maximal difference
of 68 ml (0.66 % of the lung volume) for one outlier (Fig. 3).
Median extent of emphysema was 18.6 % for ULD-FBP and 15.4 %
for SDCT (inter-quartile range: 11.8–28.4 % and 9.2 %–28.7 %,
p = 0.0026). Supplemental Table 1 contains the full description for each
separate reconstruction. In Fig. 4, the difference in LAV% (ΔLAV%,
ULD-FBP – SDCT) is plotted against the lung volume ratio (the lung
volume on ULDCT as a percentage of SDCT). The difference in LAV%
between ULDCT and SDCT ranged from − 10.7 % to 9.6 %, without a
significant trend when there was more difference in lung volume be
tween the two scans (R2 for linear trend line 0.36). Other ULDCT re
constructions showed a similar weak trend.
Compared to SDCT, the systematic bias in emphysema extent based
on ULDCT was minimal for ADMIRE 1 and DLNR 1 (0.7 LAV%point and
0.1 LAV%point, respectively), and increased for higher levels of noise
reduction (up to -4.8 LAV%point for ADMIRE 5 and -8.8 LAV%point for
DLNR 9), with more underestimation of LAV% (Fig. 5). Low levels of
denoising had high variability as assessed by distance between limits of
agreement (ΔLoA 13.1 %point for ADMIRE 1, 12.9 %point for DLNR 1);
this decreased at intermediate ADMIRE and DLNR settings (11.0 %point
for ADMIRE 3, 10.1 %point for DLNR 5). In contrast, for the highest
levels of denoising, the variability increased (11.2 %point for ADMIRE 5,
13.9 %point for DLNR 9). The optimal settings in terms of ΔLoA were
ADMIRE 3 and DLNR 3, representing a reduction in variability of 24 %
and 27 %, respectively, at a systematic bias of -1.5 and -2.9. Stratifying
by normal/low (≤25), medium (25− 30) and high (≥30) BMI did not
reveal an additional trend (Supplemental Fig. 3).
In Fig. 6, box plots show the difference between LAV% derived from
ULDCT reconstructions and SDCT as reference standard, as well as the
range in LAV%. All median differences for denoised reconstructions

For this study we defined systematic bias as the structural difference
in measurements between two measurement methods. Variability de
scribes how far measured values tend to deviate from the true value,
based on SDCT as reference method.
Bland-Altman analysis was performed to compare the ULDCT lung
volume and LAV% measurements to the SDCT measurements and derive
systematic bias and limits of agreement. Since SDCT was reference
standard for LAV% measurements, the results are shown in a residual
plot with the SDCT measurement plotted against the difference between
LAV% for the ULDCT and SDCT value. The distance between the limits of
agreement (ΔLoA) for emphysema quantification was taken as an indi
cator of variability between ULDCT and SDCT. Because the ΔLoA is
related to the variance, Levene’s test was used to test whether the ΔLoA
for the ADMIRE/DLNR reconstructions was significantly different from
the ULD-FBP ΔLoA. The Wilcoxon signed rank sum test was used to test
absolute differences. Normality of continuous variables was tested with
the Shapiro-Wilk test. MATLAB R2018a (The Mathworks, Natick, Mas
sachusetts) was used for the statistical analysis.
3. Results
The characteristics of the study cohort are shown in Table 2. The
median DLP of the ULDCT was 16.6 (range, 7.3–47.6), on average 84 %
lower than the radiation dose of the SDCT (range, 53 %–93 %). Visual
evaluation showed at least moderate severity of emphysema in 51 % of
patients. No errors in segmentation of lung volume were visually
apparent. For SDCT, the mean total lung volume was 6.8 l (standard
deviation 1.6 l, range 3.9–10.9). The mean absolute difference in volume
between SDCT and ULD-FBP was 270 ml (standard deviation 300 ml,
Table 2
Patient characteristics (N = 49).
Characteristic

Number (%), mean (SD) or median (25th – 75th
percentile)

Age (years)
Male gender (%)
Body mass index (kg/m2) †
Smoking history (packyears)

65.3 (7.4)
33 (67 %)
27.3 (25.3− 31.4)
36.0 (27.5− 59.5)

FEV1 (l)
FEV1 %predicted
FVC (l)
FVC %predicted
Tiffeneau index (FEV1/FVC)
TLC (l)
GOLD stage (number of
patients)
CTDIvol (mGy), standard
dose CT

1.6 (0.5)
53(16)
3.8 (1.0)
95 (19)
0.43 (0.11)
7.5 (1.6)
I: 0 II: 30 (61 %) III: 14 (29 %) IV: 5 (10 %)

†

DLP (mGy⋅cm), standard
dose CT
CTDIvol (mGy), ultra-low
dose CT †
DLP (mGy⋅cm), ultra-low
dose CT
Emphysema severity score
CT-based lung volume (l)
LAV% (based on standard
dose CT)

3.04
Overall: 104.3 (9.5)
BMI ≤25: 110.4 (11.4)
BMI 25− 30: 103.8 (97.8− 107.9)
BMI ≥30: 101.2 (9.1)
0.39 (0.35− 0.53)
Overall: 16.6 (12.2− 20.7)
BMI ≤25: 11.4 (3.0)
BMI 25− 30: 15.9 (4.6)
BMI ≥30: 20.3 (18.3− 27.8)
Trace: 9 (18 %) Mild: 15 (31 %) Moderate: 9 (18 %)
Severe: 16 (33 %)
6.8 (1.6)
Overall: 15.4 (9.2− 28.7)
BMI ≤25: 31.5 (9.8)
BMI 25− 30: 18.0 (11.3)
BMI ≥30: 11.6 (6.6)

Fig. 1. Bland-Altman plot of the lung volume for the ULDCT and SDCT scans.
The continuous line denotes the mean value and the dotted lines mark the
upper and lower limits of agreement.
ULDCT = ultra-low dose CT; SDCT = standard dose CT; LoA = limit
of agreement.

†
p < 0.05 (Shapiro-Wilk); FEV1 = forced expiratory volume in 1 s;
FVC = forced vital capacity; CTDIvol = volumetric CT dose index; DLP = dose
length product.
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were significantly different from ULD-FBP (p < 0.0001). The ΔLoA value
was significantly different for DLNR 3 (p = 0.0498).

Table 3
Image noise level by reconstruction.
Scan and reconstruction type

Strength/Level of denoising

Noise (HU)

SD-CT
ULD-CT FBP

NA
NA
1
3
5
1
3
5
9

20.9 (17.7− 24.1)
33.9 (30.2− 36.6)
30.9 (27.6− 33.3)
24.6 (22.0− 26.9)
17.4 (15.9− 18.9)
29.9 (26.2− 32.5)
22.5 (19.2− 24.6)
16.8 (14.2− 18.9)
7.0 (5.8− 8.1)

ULD-CT ADMIRE

ULD-CT DLNR (PixelShine)

4. Discussion
Our study shows that ULDCT reduced radiation dose by 84 %
compared to standard-dose CT in COPD patients. State-of-the-art noise
reduction techniques significantly reduced variability in emphysema
quantification compared to FBP. While low levels of ADMIRE/DLNR in
ULDCT had low systematic bias, they had relatively wide limits of
agreement. Higher levels of noise reduction techniques reduced vari
ability, at the cost of underestimation of emphysema. ADMIRE 3 and
DLNR 3 provided an optimal balance for emphysema quantification in
ULDCT, with decrease in variability by up to 27 % compared to FBP, at
slight underestimation of emphysema extent.
Both the segmentation of the lung and the inspiration level during
the scan can affect the emphysema extent. Because the LAV% is the
percentage of low attenuation voxels, measuring different voxels can
lead to a different outcome. As lung segmentation is computationally
easy, the segmentation itself is not expected to differ much between

Data are shown as median (25th – 75th percentile). SD-CT = standard dose CT,
FBP = filtered
backprojection,
ULD-CT = ultra-low
dose
CT,
ADMIRE = advanced modelled iterative reconstruction, DLNR = deep learningbased noise reduction.

Fig. 2. Axial CT slices from a typical case with visible emphysema. Top row (from left to right): clinical baseline CT (SD-FBP), ULD-FBP and ADMIRE level 1, 3, and
5. Bottom row: SD-FBP, and DLNR 1, 3, 5, and 9 for ULDCT. The window level is WW 1600/WL -700. Part A contains the full-size slices, part B contains a cropped
area indicated by the red box.
SD-FBP = standard dose CT filtered backprojection; ULD-FBP = ultra-low-dose CT filtered backprojection; ADMIRE = advanced modelled iterative reconstruction;
DLNR = deep learning-based noise reduction; ULDCT = ultra-low-dose CT.
4
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Fig. 3. Lung volume measurement difference for ULDCT reconstructions (ADMIRE and DLNR volume minus FBP volume) compared to the lung volume based on
SDCT. Part A contains the ADMIRE results, part B contains the data for the DLNR.
ULDCT = ultra-low dose CT; FBP = filtered backprojection; ADMIRE = advanced modelled iterative reconstruction; DLNR = deep learning-based noise reduction;
SDCT = standard dose CT.

LAV difference caused by the segmentation alone.
4.1. Prior literature
In a study by Iyer et al., participants were coached during
spirometry-guided CT scans in one scan session with two standard dose
acquisitions on the same CT system [27]. They found a ΔLoA of 1.77 %
point, which represents the inherent variability in a best-case scenario.
Under more usual clinical circumstances, the variation in LAV has been
studied in lung cancer screening trials [28–31]. Compared to our study
cohort, there tended to be only a limited amount of emphysema in these
studies. By design, the paired scans in prior studies were made with the
exact same CT protocol, dose level, and CT system. The present study did
not. Thus, the results from prior studies are not fully applicable.
There are two factors in this study that may have a major influence
on the emphysema quantification. The first aspect is the effect of
denoising on emphysema quantification. Two studies with a study
design close to ours are by Messerli et al. and Den Harder et al. [4,32].
Both looked at the effect of iterative reconstruction on emphysema
quantification in ULDCT with a clinical protocol as reference standard.
The general trend in their results, and that of extensive prior research on
iterative reconstruction, was similar to ours: higher levels of iterative
reconstruction reduce image noise, and lower the measured LAV [4,13,
21,22,32,33]. The change in LAV may be related to the effect of IR on the
HU value of tissues with a density close to air [11]. This same trend is
visible in the results with DLNR, although the research on this topic has
hitherto been limited [34,35]. It should be noted that it is not a given
that all DLNR systems will have the same effect on emphysema quan
tification. If suppression of high spatial frequencies is the principal
consequence of both, that would explain the similar effect on LAV un
derestimation. The second aspect is the effect of dose reduction itself.
Dose reduction seems to have the opposite effect of IR on LAV quanti
fication, resulting in LAV overestimation [13,20,32]. This indicates that
the right combination of scan and reconstruction parameters is required
to minimize the differences in emphysema quantification.
Variability in LAV% measurement is also affected by these two fac
tors. Messerli et al. did not report the ΔLoA, but reported a confidence

Fig. 4. Ratio of the measured volume plotted against the ΔLAV% (LAV% ULDFBP minus LAV% SDCT). The dotted line is a linear trendline.
SDCT = standard dose CT; ULD-FBP = ultra-low dose CT filtered back
projection; LAV = low attenuation value.

different reconstructions of the same scan. A difference in inspiration
level for the SDCT and ULDCT scans could introduce a difference in LAV
by affecting the density of the tissue itself, but our results show that in
nearly all patients the inspiration level for both scans was similar (mean
difference 270 ml). The volume differences between denoised re
constructions for ULDCT, and ULD-FBP were not dependent on the
actual lung volume, and were minimal (− 21 ml to +68 ml). This sug
gests that the segmentations are sufficiently similar to not expect any
5

H.J. Wisselink et al.

European Journal of Radiology 138 (2021) 109646

Fig. 5. Residual plots showing the results of the Bland-Altman analysis for LAV%, including the confidence intervals for the mean and limits of agreement. Each
subplot compares a different ULDCT reconstruction to SDCT.
SDCT = standard dose CT; ULDCT = ultra-low dose CT; FBP = filtered backprojection; ADMIRE = advanced modelled iterative reconstruction; DLNR = deep learningbased noise reduction; LAV = low attenuation value; ΔLoA = distance between limits of agreement.

COPD, using 120 kV at low mA setting [13]. The ΔLoA in that study was
14.7 %point, compared to 14.4 %point for the equivalent comparison in
our study (i.e. ‘uFBP-Stnd vs sFBP-Stnd’). Thus, variability was compa
rable between our studies. This suggests that the differences between
ULDCT and SDCT are not caused by the differences in CT system (e.g. tin
filtration) but are primarily related to the radiation dose itself.
4.2. Strengths
A strength of this study is the well-described cohort of COPD patients
with a distribution of emphysema, unlike other studies [13,28,30].
Another strength is that the reference scan was specifically acquired for
parenchymal analysis, and therefore did not involve intravenous
contrast. Furthermore, SDCT and ULDCT scans were performed on the
same day with a standardised protocol, ruling out disease progression.
This also mimics the clinical situation where frequent disease moni
toring or screening would be performed with ULDCT, while diagnostic
scans would often be made with a standard-dose protocol on a routine
CT system.
One particular advantage of the use of DLNR is that this software can
be applied to CT scans from any CT system or vendor, even long after
scan acquisition. This adds to the generalizability of the results of this
study, although the specific ULDCT protocol in our study is so far only
available from one CT vendor.

Fig. 6. Boxplots showing the difference between the LAV% derived from
ULDCT (FBP, ADMIRE and DLNR) and LAV% based on SDCT as reference
standard.
SDCT = standard dose CT; ULDCT = ultra-low dose CT; FBP = filtered back
projection;
ADMIRE = advanced
modelled
iterative
reconstruction;
DLNR = deep learning-based noise reduction; LAV = low attenuation value.

4.3. Limitations
The reference standard to determine the severity of emphysema is
pathology. Many studies use LAV as a proxy measure, since LAV corre
lates well with pulmonary function and pathology results [5–9,36]. This
correlation is not perfect [6,9,37], but is at this moment the best
non-invasive measure available.

interval for the LAV% difference instead. The narrowest confidence in
terval was 9.7 %point for ADMIRE 4 [4]. A more recent study analysed
the interscan variability in LAV% for different radiation dose levels and
reconstruction kernels of ULDCT scans in 49 patients without confirmed
6
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Another possible limitation of this study was the differences due to a
second acquisition, i.e. different inspiration levels between SDCT and
ULDCT and the inherent differences of the CT systems (e.g. different
reconstruction kernels).
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4.4. Future research
The results of this study suggest that ULDCT at 84 % reduced radi
ation dose is able to yield emphysema measurements close to SDCT,
although agreement was not perfect. Subsequent investigations should
determine if a simple baseline correction is sufficient to correct for the
systematic bias and reliably determine the level of parenchymal
destruction. Alternatively, as suggested by Den Harder et al., the
threshold value could be changed depending on the reconstruction pa
rameters [32].
Future research is needed to assess if the scans are sufficiently ac
curate and detailed, so that no relevant structural information required
for visual assessment is lost. This is of additional relevance when
studying bronchial wall thickness, which is an important parameter in
the bronchopathy phenotype of COPD. Whether the results of this study
are generalizable to CT systems from different vendors remains to be
seen, especially in the case of DLNR. Future research is additionally
required to confirm these results in a larger cohort, before clinical
implementation can be proposed. In the context of such a study, it would
also be interesting to see whether the correlation between LAV% and
pulmonary function test parameters is similar for ULDCT.
5. Conclusions
Ultra-low-dose CT in COPD patients allows dose reduction by 84 %.
State-of-the-art noise reduction methods in ULDCT resulted in slight
underestimation of emphysema compared to SDCT. Noise reduction
methods (especially ADMIRE 3 and DLNR 3) reduced variability of
emphysema quantification in ULDCT by up to 27 % compared to FBP.
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