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Figure 7. Mean absolute difference (MAD) for inspiratory and expiratory lung volume, per 

segmentation method. Abbreviations: LUL , left upper lobe; LLL , left lower lobe; RUL, right upper 

lobe; RML, right middle lobe; RLL , right lower lobe; LM, SP, TS, UN and UNP, segmentation methods.  

Table 3 presents the ten largest participant - level differences between 

segmentation methods for lung volume and LAV950, ranked separately for 

inspiration and expiration. For lung volume, the largest inter - method difference 

was 908  mL during inspiration and 797 mL during expiration. Among the ten 

highest - ranked cases, the differences ranged from 508  mL to 908 mL during 

inspiration and from 315 to 797 mL during expiration. For LAV950, the largest 

differences were 12 percentage points during inspiration and 16 percentage 

points during expiration, with the ten highest - ranked values ranging from 4.6 to 

12 percentage points and from 3.6 to 16 percentage point s, respectively. These 

results demonstrate the magnitude of disagreement between segmentation 

methods in the most variable individual cases and should not be interpreted as 

typical differences across the full cohort.  
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Analysis of AUC using the full cohort showed that the observed differences 
across methods were small for inspiratory LAV950, with a maximum difference 
of 0.01. For expiratory LAV950, the differences were larger, ranging from 0.01 to 
0.08 across lobes (Table 4). 

Table 4. Performance by lobe and segmentation method for classification of CAL by expiratory 
LAV950. Values are AUCs with 95% confidence intervals.  

 LM SP TS UN UNP 

LUL 0.75 (0.72–0.77) 0.74 (0.72–0.77) 0.74 (0.72–0.77) 0.74 (0.71–0.76) 0.74 (0.71–0.76) 

LLL 0.78 (0.76–0.80) 0.78 (0.75–0.80) 0.76 (0.74–0.79) 0.73 (0.71–0.76) 0.73 (0.71–0.76) 

RUL 0.73 (0.71–0.76) 0.73 (0.71–0.76) 0.73 (0.70–0.75) 0.67 (0.64–0.70) 0.67 (0.64–0.70) 

RML 0.70 (0.67–0.73) 0.69 (0.66–0.72) 0.69 (0.67–0.72) 0.68 (0.65–0.70) 0.68 (0.65–0.70) 

RLL 0.76 (0.73–0.78) 0.74 (0.71–0.76) 0.74 (0.72–0.77) 0.68 (0.65–0.71) 0.68 (0.65–0.71) 

Abbreviations: LAV950, low-attenuation volume <–950 HU; HU, Hounsfield units; LUL, left upper lobe; LLL, left 
lower lobe; RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe; LM, SP, TS, UN and UNP, 
segmentation methods 

The variation in AUC range for each method (maximum–minimum) across cohort 
sizes is shown in Figure 8 for inspiratory and expiratory LAV950. Across all lobes 
and methods, the AUC range decreased markedly as cohort size increased, 
falling from values of 0.35 or higher in smaller cohorts to approximately 0.05 in 
cohorts of 500 and 1000 cases. 

Table 3. Ten largest participant-level differences 
across segmentation methods for lung volume 
and LAV950. 

Rank 
Lung volume, mL LAV950, %  

IN EX IN EX 

1 908 797 12 16 

2 745 780 8.4 12 

3 723 510 8.1 11 

4 722 504 8.0 9.2 

5 578 394 7.8 9.1 

6 558 365 7.5 8.9 

7 554 354 6.2 5.0 

8 548 348 6.0 4.7 

9 528 323 5.8 4.5 

10 508 315 4.6 3.6 

Abbreviations: IN, inspiration; EX, expiration, 
LAV950, low-attenuation volume, <–950 HU; HU, 
Hounsfield units.  
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Figure 8. Range of AUC values, calculated as the maximum minus the minimum AUC across the 

five samples at each cohort size, for each segmentation method. Columns represent the 

segmentation methods LM, SP, TS, UN, and UNP. The x-axis indicates cohort size, and the y-axis 

indicates the AUC range. Inspiratory LAV950 is shown in the top row and expiratory LAV950 in 

the bottom row. Lines represent the five lung lobes (LUL, LLL, RUL, RML, and RLL). 

The variation in AUC across methods for different cohort sizes is shown in Figure 

9 for inspiratory and expiratory LAV950. For inspiratory LAV950, the AUC range 
stabilised below 0.03 for cohort sizes of 200 and above, with a similar pattern 

observed across all lobes. For expiratory LAV950, some stabilisation was also 

observed from a cohort size of 200, although the AUC range varied among lobes, 

remaining between approximately 0.03 and 0.10. 
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Figure 9. Range of AUC values across segmentation methods, calculated as the maximum minus 

the minimum AUC, for each of five subcohorts. Columns represent cohort sizes of 25, 50, 100, 

200, 500, and 1000. The x-axis indicates subcohort, and the y-axis indicates the AUC range. 

Inspiratory LAV950 is shown in the top row and expiratory LAV950 in the bottom row. Lines 

represent the five lung lobes (LUL, LLL, RUL, RML, and RLL). 

To exemplify how large the differences in AUC can be for a specific lobe across 

cohort sizes and segmentation methods, Table 5 presents the minimum and 
maximum AUC values for expiratory LAV950 in the left lower lobe, for each 

cohort size and method. The AUC range was largest in the smallest cohort, 

particularly at n = 25, where values differed by up to 0.52. As cohort size 

increased, the variability decreased substantially. At cohort sizes of n ≥ 200, the 
minimum and maximum AUC values became more stable across all methods, 

with ranges generally narrowing to approximately 0.06–0.11.  
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Table 5. Minimum and maximum AUC values for identification of CAL by expiratory 
LAV950, left lower lobe (LLL). 

 LM TS SP UN UNP 

Cohort 
size 

min max min max min max min max min max 

25 0.42 0.94 0.67 0.94 0.69 0.94 0.64 0.92 0.63 0.92 

50 0.69 0.93 0.68 0.91 0.70 0.93 0.64 0.89 0.65 0.89 

100 0.68 0.87 0.64 0.86 0.67 0.87 0.62 0.83 0.63 0.83 

200 0.75 0.83 0.73 0.82 0.76 0.83 0.72 0.81 0.71 0.81 

500 0.74 0.80 0.72 0.78 0.73 0.79 0.70 0.75 0.70 0.75 

1000 0.75 0.81 0.72 0.79 0.74 0.80 0.69 0.76 0.69 0.76 

Abbreviations: LAV950, low-attenuation volume <–950 HU; HU, Hounsfield 
units; RLL, right lower lobe; LM, SP, TS, UN and, UNP, segmentation methods.  

5.3 Summary of results 
o Prior anatomical information from the lung vessels improved lung lobe 

segmentation mainly by increasing boundary accuracy, with the clearest 
benefit in expiratory CT. 

o The best overall performance was achieved with the multitask model, 
which segmented both lung lobes and fissures simultaneously. 

o Although average inter-method differences in lung volume were small, 
individual cases showed differences of up to 908 mL during inspiration 
and 797 mL during expiration. 

o Differences between segmentation methods had only a small effect on 
downstream CAL discrimination in the full cohort of 2,579 participants. 

o AUC variability across methods was substantial at small cohort sizes, 
decreased as cohort size increased, and stabilised at cohort sizes of 200–
1,000 participants. 
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6 Study III 
Study III extended the global analyses performed in Study I to the lobar level by 
incorporating an in-house automated method for assessing inspiratory and 

expiratory lung volumes and attenuation-based quantitative CT measures in an 

expanded cohort. Inspiratory and expiratory measures were evaluated to 
determine whether lobar measures improved the identification of chronic airflow 

limitation relative to total lung measures. Complementary thesis analyses also 

examined mean lung density, low-attenuation clusters, and ventral–dorsal 

gradients. 

6.1 Method 

Study III included 2,579 participants from the Stockholm SCAPIS cohort with 

technically adequate inspiratory and expiratory chest CT images, post-
bronchodilator dynamic spirometry, and questionnaire data. Chronic airflow 

limitation (CAL) was defined as FEV₁/FVC < 0.70. The study population 

comprised 430 participants with CAL and 2,149 without CAL, selected at an 

approximately five-to-one ratio while preserving the sex distribution. 
Participants whose images had been used for segmentation-model 

development or had image-processing errors were excluded. Smoking status 

was self-reported, and emphysema was assessed visually by a radiologist. 

Chest CT was performed during breath-hold at maximal inspiration and 

expiration according to the SCAPIS imaging protocol. Because direct 
measurements of TLC and RV were unavailable, sex-specific reference values 

were used for comparison with inspiratory and expiratory CT-derived lung 

volumes, respectively. 

The lung lobes were segmented using nnU-Net version 2, following the approach 

used in Paper II. The segmentation model achieved a mean Dice coefficient of 

0.96. Quantitative measurements were calculated for each lobe using Python 
and combined to obtain whole-lung values. Measurements included inspiratory 

and expiratory lung volumes, inspiratory–expiratory volume change, inspiratory 

fraction, and the proportions of lung tissue below −856 HU and −950 HU. 

Continuous data were presented as medians and interquartile ranges. 

Participants with and without CAL were compared using Wilcoxon rank-sum 
tests or Fisher’s exact tests. Within-participant lobar comparisons used paired 

Wilcoxon signed-rank tests with Holm correction. Associations were assessed 
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using Spearman correlations; correlations involving lung volumes were 

additionally adjusted for height. ROC analyses and elastic-net logistic regression 

with 10-fold cross-validation were used to evaluate the ability of inspiratory, 

expiratory, and regional CT measures to identify CAL. Analyses were performed 

in R, with p < 0.05 considered statistically significant. Full methodological details 
are provided in Paper III. 

6.1.1 Complementary analyses to Study III 

Complementary analyses were performed in the Study III cohort to further 
investigate mean lung density (MLD), low-attenuation clusters and gravitational 

density gradients identified as relevant in Paper I. MLD and clusters of voxels 

below −950 HU and −856 HU were quantified in inspiratory and expiratory CT 

images for each lobe. Clusters were defined using 18-connectivity and a 
minimum volume of 2 µL. 

To assess gravitational effects, each lung was divided into equally sized ventral, 
middle, and dorsal regions (Figure 10). At each anatomical level, corresponding 

left- and right-lung regional measures averaged with equal weighting. Regional 

lung volume, MLD, low-attenuation volume, and cluster measures were 

calculated. For each participant, the magnitude of the ventral–dorsal gradient 
was calculated as the absolute difference between the dorsal and ventral values 

for MLD, LAV950, and LAV856. The median participant-level absolute 

differences were compared between participants with and without CAL. 

Differences across the ventral, middle, and dorsal regions within participants 
were assessed using Friedman’s test. 
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Figure 10. Chest CT image, axial view from the feet during inspiration. Regional division of the lung 

into ventral, middle, and dorsal sections for assessment of gravitational effects using chest CT. 

ROC analyses were used to evaluate the ability of individual complementary 
imaging measures to identify CAL. Additional regression models were based on 

the final model from Paper III, which included inspiratory and expiratory total and 

lobar measures. Complementary measures were then added in separate models: 

MLD measures; clustered LAV950 and LAV856 measures; ventral–dorsal 
measures, and all complementary measures combined. 

6.2 Results 

Participant characteristics are summarised in Paper III, Table 1. Of the 430 
participants with chronic airflow limitation (CAL), 179 (42%) reported respiratory 

symptoms and therefore met the study definition of COPD; 148 of these 

participants (82%) had an FEV₁ ≥50% of predicted. Although CAL was present in 
12% of the full Stockholm SCAPIS cohort, participants with CAL constituted 

approximately 17% of the analytical sample because participants without CAL 

were randomly selected at a ratio of approximately five participants without CAL 

for each participant with CAL. Participants with CAL were a median of 3 years 
older than those without CAL and were more often men and current smokers. 

The prevalence of former smoking was similar between the groups, although 

former smokers with CAL had greater pack-year exposure. Emphysema was also 

more common among participants with CAL. 
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6.2.1 Total measures of lung volume and low-attenuation volume 

Participants with CAL had significantly higher lung volumes in both INCT and 
EXCT compared with participants without CAL, and this pattern was consistent 

across lobes. Inspiratory fraction was significantly lower in the CAL group, also 

consistently across lobes. The total INCT–EXCT volume difference did not differ 

significantly between groups, although significant differences were observed in 
the upper lobes (Paper III, Table 2). Correlations between the quantitative 

measures and FEV₁/FVC were weak in both INCT and EXCT and in both study 

groups, with no correlation coefficients exceeding 0.40 in magnitude. 

 Among non-CAL participants, mean INCT volumes were approximately 20% 

lower than reference values for TLC in both men and women. Mean EXCT 
volumes exceeded reference values for RV by 52% in men and 38% in women. 

The difference between INCT and EXCT volumes corresponded to approximately 

50% of FVC in both sexes (Paper III, Table 3).  

In the complementary analyses, MLD was significantly more negative in 

participants with CAL than in those without CAL, both during inspiration and 
expiration and across all lung lobes (Table 6). Low-attenuation measures were 

consistently higher in participants with CAL across all lung lobes, including 

LAV950 and LAV856 (Paper III, Table 2). Furthermore, clustered LAV950 and 

LAV856 volumes were also higher in the CAL group (Table 7). 
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Table 6. Measures of mean lung density (MLD) derived 
from chest CT scans. Participant counts were n = 2,149 for 
non-CAL and n = 430 for CAL. 

  non-CAL CAL p 

  INCT 

Tot. -798 (-820, -772) -811 (-829, -790) *** 

LUL -806 (-826, -783) -818 (-836, -800) *** 

LLL -780 (-809, -744) -791 (-823, -764) *** 

RUL -811 (-829, -791) -823 (-838, -805) *** 

RML -811 (-826, -793) -821 (-837, -806) *** 

RLL -790 (-817, -755) -803 (-825, -774) *** 

  EXCT 

Tot. -657 (-686, -628) -695 (-720, -670) *** 

LUL -672 (-704, -640) -706 (-731, -679) *** 

LLL -608 (-640, -576) -659 (-695, -629) *** 

RUL -689 (-722, -658) -717 (-742, -693) *** 

RML -712 (-739, -682) -739 (-762, -715) *** 

RLL -625 (-657, -593) -670 (-699, -639) *** 

Note: Values are medians (IQR; Q25–Q75). Groups 
compared by Wilcoxon rank-sum test, ***p < 0.001.  

Abbreviations: non-CAL, no sign of chronic airflow 
limitation at dynamic spirometry; CAL, spirometric sign of 
chronic airflow limitation; INCT, CT performed at inspiration; 
EXCT, CT performed at expiration; LUL, left upper lobe; LLL, 
left lower lobe; RUL, right upper lobe; RML, right middle lobe; 
RLL, right lower lobe; ns, non-significant.  
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Table 7. Measures of clusters of low-attenuation volume 
derived from chest CT scans. Participant counts were n = 2,149 
for non-CAL and n = 430 for CAL. 

    non-CAL CAL p 
  INCT 

C
lu

st
er

 v
ol

um
e 

LA
V

95
0

, m
L 

Tot. 131 (50, 297) 257 (112, 501) *** 
LUL 42 (16, 94) 78 (37, 160) *** 
LLL 17 (4.8, 52) 34 (12, 95) *** 
RUL 21 (7.6, 50) 44 (19, 88) *** 
RML 24 (10, 48) 41 (19, 78) *** 
RLL 18 (6.0, 55) 39 (13, 94) *** 

EXCT 
Tot. 5.4 (3.3, 9.5) 12 (6.3, 23) *** 
LUL 0.94 (0.45, 2.2) 3 (1.2, 6.7) *** 
LLL 0.57 (0.32, 0.98) 1.2 (0.58, 2.6) *** 
RUL 0.88 (0.50, 1.5) 1.4 (0.70, 2.8) *** 
RML 1.3 (0.57, 2.8) 2.9 (1.3, 6.5) *** 
RLL 1.2 (0.73, 1.8) 1.7 (1.1, 3.0) *** 

C
lu

st
er

 v
ol

um
e 

LA
V

85
6,

 m
L 

INCT 

Tot. 2590 (1650, 
3650) 3270 (2360, 

4360) *** 

LUL 673 (470, 920) 852 (622, 1130) *** 
LLL 493 (239, 800) 641 (386, 958) *** 
RUL 507 (345, 690) 657 (487, 838) *** 
RML 307 (227, 405) 379 (276, 479) *** 
RLL 575 (298, 907) 731 (472, 1050) *** 

 EXCT 
Tot. 160 (77, 310) 406 (242, 643) *** 
LUL 44 (19, 95) 112 (66, 201) *** 
LLL 12 (5.6, 26) 47 (24, 92) *** 
RUL 31 (13, 73) 79 (43, 146) *** 
RML 42 (20, 81) 88 (45, 139) *** 

  RLL 16 (7.6, 33) 54 (28, 103) *** 

Note: Values are medians (IQR; Q25–Q75). Groups compared 
by Wilcoxon rank-sum test, *p < 0.05, **p < 0.01, ***p < 0.001.  

Abbreviations: non-CAL, no sign of chronic airflow limitation 
at dynamic spirometry; CAL, spirometric sign of chronic airflow 
limitation; INCT, CT performed at inspiration; EXCT, CT 
performed at expiration; HU, Hounsfield units; LAV950, low-
attenuation volume, <–950 HU; LAV856, low-attenuation 
volume <–856 HU; LUL, left upper lobe; LLL, left lower lobe; 
RUL, right upper lobe; RML, right middle lobe; RLL, right lower 
lobe; ns, non-significant.  
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6.2.2  Analysis of lobar quantitative measures  

The lobar distribution of measured variables was broadly similar between 
participants with and without CAL. For lung volume, in both INCT and EXCT, the 

right middle lobe was consistently the smallest, whereas the left upper and right 

lower lobes were the largest. The right middle lobe also showed the lowest INCT–

EXCT values, while the right lower lobe showed the highest values. Inspiratory 
fraction was greatest in the left and right lower lobes. For MLD, a similar lobar 

pattern was observed in both INCT and EXCT: the left lower lobe generally 

showed the highest values (least negative HU), whereas the right middle lobe 

showed the lowest values (most negative HU) (Figure 11). For low-attenuation 
measures, the highest percentages of LAV950 and LAV856 were observed in the 

right middle lobe, followed by the left upper lobe. Cluster volumes showed more 

variable lobar patterns, with detailed distributions presented in Figure 12. 
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Figure 11. Measures of lung volume and mean lung density compared across lobes and between 
the non-CAL and CAL groups. Boxplots show medians and interquartile ranges; whiskers extend 
to 1.5 × the interquartile range. Inspiratory fraction was calculated as (inspiratory volume – 
expiratory volume) / inspiratory volume. Abbreviations: CAL, chronic airflow limitation; INCT, 
inspiratory chest CT; EXCT, expiratory chest CT; LUL, left upper lobe; LLL, left lower lobe; RUL, right 
upper lobe; RML, right middle lobe; RLL, right lower lobe. 
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Figure 12. Measures of low-attenuation volume compared across lobes and between the non-
CAL and CAL groups. Boxplots show medians and interquartile ranges; whiskers extend to 1.5 × 
the interquartile range. Abbreviations: CAL, chronic airflow limitation; INCT, inspiratory chest CT; 
EXCT, expiratory chest CT; LUL, left upper lobe; LLL, left lower lobe; RUL, right upper lobe; RML, 
right middle lobe; RLL, right lower lobe; LAV950, low-attenuation volume below –950 Hounsfield 
units; LAV856, low-attenuation volume below –856 Hounsfield units. 
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Paired Wilcoxon signed-rank tests indicated that most lobe pairs differed 

significantly in both the non-CAL and CAL groups. For lung volume measures 

(Paper III, Figure 3) and MLD (Appendix A, Table A1), only a small number of 

comparisons were not statistically significant, with at most one non-significant 

lobe pair per measurement. Low-attenuation measures also showed clear lobar 
differences. For LAV950%, most lobar comparisons were significant, although 

some non-significant differences were observed, particularly on expiratory CT in 

the CAL group (Paper III, Figure 3). For LAV856%, lobar differences were more 

consistent, with nearly all pairwise comparisons significant on both inspiratory 
and expiratory CT (Paper III, Figure 3). Cluster volume measures also varied 

significantly by lobe, especially for LAV856, although a few non-significant 

comparisons remained (Appendix A, Tables A2 and A3). Overall, these findings 

indicate a clear lobe-dependent distribution of lung volume, MLD, and low-
attenuation measures in participants with and without CAL. 

Interlobar correlations were broadly similar in the non-CAL and CAL groups. Lung 

volume measures showed moderate to strong correlations across lobes, 

especially between anatomically corresponding regions such as the upper and 

lower lobes (Paper III, Figures 4 and 5). Correlations were generally stronger for 
lung volume difference and inspiratory fraction than for absolute inspiratory or 

expiratory lung volume. 

Density-related measures, including MLD (Appendix A, Figure A1) and low-

attenuation measures (Paper III, Figures 4 and 5), showed high interlobar 

correlations on inspiratory CT, suggesting relatively consistent lobar patterns 
during inspiration. In contrast, expiratory CT measures showed lower and more 

variable correlations, indicating greater regional heterogeneity. Cluster-volume 

measures followed a similar pattern, with stronger correlations on inspiratory CT 

and more variable lobar relationships on expiratory CT (Appendix A, Figure A2). 

Overall, quantitative CT measures were correlated across lobes, but the strength 

of these relationships depended on both the measure and respiratory phase. 
Expiratory low-attenuation and cluster-volume measures appeared to capture 

more lobe-specific variation than inspiratory measures. 

The distribution of lung volume across lobes was also similar between groups for 

INCT, EXCT, and INCT–EXCT. This distribution is illustrated for the non-CAL group 

during inspiration, Supplementary Figure S6 in Paper III. Overall, the right lung 
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accounted for approximately 54% of total lung volume, while the left lung 

accounted for approximately 46%. 

6.2.3 Dorsal–ventral differences in quantitative CT measures 

As a complementary analysis, regional measures of MLD, LAV950, and LAV856 in 
the dorsal, middle, and ventral lung regions are presented in Table 8. For both 

INCT and EXCT, MLD was lowest in the ventral region. In INCT, MLD values were 

similar in the dorsal and middle regions, whereas in EXCT, the highest MLD values 

were observed in the dorsal region. For the low-attenuation measures, the 
highest values were observed in the ventral region, followed by the middle and 

dorsal regions. All measures differed significantly between participants with and 

without CAL, with the CAL group showing more negative MLD values and higher 

LAV values.  
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Table 8. Measures of mean lung density and low-attenuation volume derived from 
chest CT scans. Participant counts were n = 2,149 for non-CAL and n = 430 for CAL. 

    non-CAL CAL p 

M
LD

, H
U 

INCT 

Ventral -812 (-829, -792) -824 (-842, -807) *** 

Middle -793 (-814, -769) -806 (-825, -786) *** 

Dorsal -795 (-821, -761) -807 (-829, -778) *** 

EXCT 

Ventral -710 (-735, -684) -739 (-760, -716) *** 

Middle -656 (-688, -625) -692 (-719, -668) *** 

Dorsal -624 (-656, -592) -670 (-704, -636) *** 

 L
A

V8
56

, %
 

INCT 

Ventral 64 (53-72) 69 (61-76) *** 

Middle 52 (38-63) 59 (47-67) *** 

Dorsal 41 (25-57) 48 (35-61) *** 

EXCT 

Ventral 14 (8.2-23) 24 (16-35) *** 

Middle 5.4 (2.9-9.5) 11 (7.3-18) *** 

Dorsal 2.3 (1.1-4.1) 6.0 (3.4-9.8) *** 

 L
A

V9
50

, %
 

INCT 

Ventral 6.6 (3.6-11) 9.6 (5.7-15) *** 

Middle 3.1 (1.6-5.7) 5.1 (2.6-8.2) *** 

Dorsal 1.7 (0.63-3.7) 2.8 (1.3-5.7) *** 

EXCT 

Ventral 0.5 (0.22-1.0) 1.2 (0.62-2.3) *** 

Middle 0.33 (0.23-0.45) 0.47 (0.32-0.78) *** 

Dorsal 0.083 (0.046-0.15) 0.19 (0.092-0.37) *** 

Note: Values are medians (IQR; Q25–Q75). Groups compared by Wilcoxon rank-
sum test, *p < 0.05, **p < 0.01, ***p < 0.001.  

Abbreviations: non-CAL, no sign of chronic airflow limitation at dynamic 
spirometry; CAL, spirometric sign of chronic airflow limitation; INCT, CT performed 
at inspiration; EXCT, CT performed at expiration.  
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The median dorsal–ventral difference differed significantly between the non-

CAL and CAL groups for LAV950 in both INCT and EXCT, and for MLD and 

LAV856 in EXCT only (Table 9). The Friedman test showed significant regional 

differences within both groups, indicating that the quantitative measures varied 

across the dorsal, middle, and ventral lung regions. This regional gradient 
suggests an influence of gravity on the measured variables, with differences 

between dependent and non-dependent lung regions contributing to the 

observed variation. 

Table 9. Median absolute ventral–dorsal differences in 
quantitative CT measures in participants with and without CAL. 

  non-CAL CAL p 

MLD, HU 

INCT 16 (1.2–37) 17 (3.1–36) ns 

EXCT 82 (55–111) 68 (40–100) *** 

LAV950, %  

INCT 4.2 (2.4–7.0) 6.1 (3.5–9.5) *** 

EXCT 0.40 (0.14–0.91) 0.86 (0.45–1.89) *** 

LAV856, %  

INCT 20 (12–28) 19 (11–27) ns 

EXCT 11 (6.1–19) 17 (11–26) *** 

Note: Values are medians (IQR; Q25–Q75 percentiles). p < 0.05 
considered significant, ***p < 0.001 as compared with non-
CAL group, groups compared by Wilcoxon rank-sum test. 

Abbreviations: non-CAL, no sign of chronic airflow limitation; 
CAL, chronic airflow limitation; HU, Hounsfield units; MLD, mean 
lung density; LAV950, low-attenuation volume, <–950 HU; 
LAV856, low-attenuation volume <–856 HU; ns, non-significant.  

Assessment of the dorsal–ventral differences showed limited discriminatory 

ability for classification of CAL. Discrimination was better in EXCT than in INCT 
for all measures, with the highest AUC observed for LAV950, followed by LAV856 

(Table 10). 
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Table 10. Area under the receiver operating 
characteristic curve (AUC) for classification of chronic 
airflow limitation (CAL) using ventral–dorsal differences 
of mean lung density (MLD) and low-attenuation 
measures. 

  INCT EXCT 

MLD 0.51 (0.48–0.54) 0.59 (0.56–0.63) 

LAV950 0.63 (0.60–0.66) 0.69 (0.66–0.72) 

LAV856 0.53 (0.50–0.56) 0.64 (0.61–0.67) 

Note: Values are AUC (95% CI). Values >0.70 were 
considered to represent acceptable discriminatory 
ability. 

Abbreviations: CAL, spirometric sign of chronic airflow 
limitation; INCT, CT performed at inspiration; EXCT, CT 
performed at expiration; HU, Hounsfield units; LAV950, 
low-attenuation volume, <–950 HU; LAV856, low-
attenuation volume <–856 HU. 

6.2.4 Quantitative chest CT measures for identification of chronic airflow limitation 

Overall, expiratory CT measures showed the strongest discriminatory ability for 

identifying CAL, with several expiratory lung volume, MLD, LAV950, LAV856, and 

cluster-volume measures reaching acceptable performance levels (ROC AUC 
>0.70; Paper III, Table 4 and Appendix A, Table A4). In contrast, inspiratory 

measures generally showed lower discrimination. When assessed individually, 

both the INCT–EXCT lung-volume difference and inspiratory fraction showed 

poor discriminatory ability. The highest AUCs were observed for expiratory 
LAV856 and expiratory LAV856 cluster volume, particularly for whole-lung and 

lower-lobe measures. 

DeLong tests showed significant differences between INCT and EXCT AUCs for 

all total measures, including ventral–dorsal differences. Most lobar comparisons 

also differed significantly, although some LAV950-based lobar measures 
showed non-significant differences. 

In Paper III, three regularised logistic regression models were evaluated for 
identification of CAL. 

The first model included only total inspiratory CT measures: inspiratory lung 
volume, LAV950, and LAV856. This model showed limited discriminatory 
performance, with an AUC of 0.66, sensitivity of 68%, and specificity of 57%. The 
PPV and NPV were 24% and 90%, respectively. Inspiratory LAV950 contributed 
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most strongly to the model, followed by inspiratory LAV856, whereas inspiratory 
lung volume was excluded through regularisation. 

The second model included both total inspiratory and expiratory CT measures: 
lung volume, LAV950, and LAV856 from INCT and EXCT, together with INCT–
EXCT and inspiratory fraction. Incorporating expiratory imaging variables 
substantially improved model performance. Inspiratory fraction was the 
strongest predictor, followed by inspiratory and expiratory LAV950 (Paper III, 
Figure 1). The model achieved an AUC of 0.77, with 73% sensitivity and 68% 
specificity. The PPV and NPV were 31% and 93%, respectively, indicating 
improved identification of CAL compared with inspiratory imaging alone. 

The third model incorporated both total and lobar CT measures, including all 

variables from Model II and the corresponding lobar inspiratory and expiratory 

measures. This model showed the highest discriminatory performance. 

Inspiratory fraction was the strongest predictor, followed by inspiratory and 
expiratory LAV950 measures (Paper III, Figure 2). Smaller contributions were 

observed for LAV856 and selected lobar LAV950 measures. The model achieved 

an AUC of 0.81, with 79% sensitivity and 69% specificity. The PPV and NPV were 

34% and 94%, respectively. Differences in AUC between models were 
statistically significant according to DeLong’s test. 

To evaluate whether complementary measures improved discrimination of CAL, 
additional variables were added to the best-performing Paper III model. Adding 

mean lung density (MLD) produced a small increase in AUC and PPV (Table 11). 

Similar changes were observed after adding LAV cluster volumes, which resulted 

in the largest improvement in PPV. In contrast, adding ventral–dorsal differences 
in MLD, LAV950, and LAV856 did not improve AUC. 

When all complementary measures were included simultaneously, both AUC and 

PPV increased further. DeLong’s test confirmed statistically significant increases 

in AUC for the expanded models compared with the best-performing Paper III 

model, except for the model including ventral–dorsal differences. 
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Table 11. Performance metrics for Paper III regression models after addition of variables 
from the complementary analysis. New models were compared with the original Study III 
model. 
  Sensitivity Specificity PPV NPV AUC (95% CI) p 
Paper III  0.79 0.69 34% 94% 0.81 (0.78–0.83) n/a 
Paper III + MLD 0.76 0.76 38% 94% 0.82 (0.80–0.85) *** 
Paper III + LAV cluster 
volume 0.69 0.8 42% 93% 0.83 (0.80–0.85) ** 

Paper III + ventral–
dorsal differences 0.72 0.76 38% 93% 0.81 (0.79–0.84) ns 

Paper III + all  0.76 0.78 41% 94% 0.84 (0.82–0.86) *** 

Note: Values >0.70 were considered to represent acceptable discriminatory ability. Models 
compared by DeLong’s test for AUC, **p < 0.01, ***p < 0.001.  

Abbreviations: AUC, area under the receiver operating characteristic curve; PPV, positive 
predictive value; NPV, negative predictive value.  

6.3 Summary of results 
o Participants with CAL had higher inspiratory and expiratory lung volumes, 

higher low-attenuation volumes, and more negative MLD compared with 
participants without CAL. 

o Expiratory CT measures showed stronger discriminatory ability for identifying 
CAL than inspiratory CT measures, with several expiratory lung volume, MLD, 
LAV, and cluster-volume measures reaching acceptable AUC levels. 

o Quantitative CT measures showed clear lobar and dorsal–ventral variation, 
indicating regional heterogeneity in lung volume, density, and low-attenuation 
measures. 

o In regularised logistic regression, model performance improved when 
expiratory measures were added to inspiratory measures and improved 
further when lobar CT variables were included. 

o The best-performing Paper III model achieved an AUC of 0.81, while 
complementary models that added MLD or LAV cluster-volume measures 
further increased AUC and PPV. 
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7 Study IV 
Study IV built on Study III by applying a lobe-level radiomic strategy to 
inspiratory and expiratory chest CT images. The study evaluated whether 

classical radiomic features and transfer features extracted from frozen 

pretrained deep learning models improved discrimination of chronic airflow 
limitation compared with the handcrafted quantitative CT model developed in 

Study III. 

7.1 Method 

Study IV used the same analytical cohort and lung lobe segmentations as Study 
III, comprising 430 participants with chronic airflow limitation (CAL) and 2,149 

participants without CAL. 

Three lobe-based feature sets were extracted from inspiratory and expiratory 

CT images. Classical radiomic features were calculated using PyRadiomics and 
included first-order, shape, and texture features derived from original, Laplacian-

of-Gaussian-filtered, and wavelet-filtered images. In total, 1,316 features were 

extracted per lobe. 

Deep learning transfer features were obtained from the frozen encoders of 

pretrained 3D U-Net and SegResNet models from the SuPreM framework. The 

models had been pretrained on the AbdomenAtlas dataset, which was not 
developed specifically for lung imaging, and were used without additional 

training or fine-tuning. Encoder activations were summarised using global 

average pooling, yielding 960 3D U-Net and 608 SegResNet features per lobe. 

These features were therefore interpreted as frozen transfer representations 
rather than lung-optimised deep learning features. 

The radiomic feature sets were compared with the third and best-performing 

model from Study III, which included 48 handcrafted quantitative CT measures. 

This model combined the whole-lung measures from Model II with the 

corresponding lobar inspiratory and expiratory measures. 

Feature-space structure was explored using Uniform Manifold Approximation 
and Projection (UMAP). Before visualisation, features were robust-scaled and 

near-zero-variance features were removed. Classical radiomic and frozen 

transfer feature sets were reduced using principal component analysis (PCA) 

before three-dimensional UMAP embedding, whereas handcrafted features were 
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embedded without prior principal component analysis. PCA and UMAP were 

used only for exploratory visualisation and were not used for model training, 

feature selection, or performance evaluation. 

CAL discrimination was evaluated using elastic-net regularised logistic 

regression with 10-fold cross-validation. Separate models were developed using 

inspiratory, expiratory, and combined inspiratory–expiratory features from each 
feature set and selected combinations of feature sets. Model performance was 

assessed using out-of-fold predicted probabilities. 

Discrimination was evaluated using receiver operating characteristic curves and 

the area under the curve (AUC), with model AUCs compared using DeLong’s test. 

Because CAL represented approximately 17% of the analytical cohort, precision–
recall curves and the area under the precision–recall curve were also assessed. 

Calibration was evaluated using calibration plots and the Brier score. 

Classification thresholds were selected by maximising Youden’s index, after 

which sensitivity, specificity, positive predictive value, and negative predictive 

value were calculated. These threshold-dependent measures were used for 

comparative evaluation and were interpreted in relation to the prevalence of 
CAL in the analytical cohort. Statistical analyses were performed in R, and full 

methodological details are provided in Paper IV. An overview of the study 

workflow is presented in Paper IV, Figure 1. 

7.2 Results 

Exploratory UMAP embeddings showed largely overlapping distributions of 

participants with and without CAL across all feature representations. No clear 
separation between the groups was observed (Paper IV, Figure 2). 

Classical radiomics, SegResNet, and 3D U-Net models based on expiratory 

features consistently outperformed the corresponding inspiratory models, with 

absolute AUC-ROC improvements ranging from 0.03 to 0.08 (Paper IV, Table 2). 

The best-performing model was the classical radiomics model combining 

inspiratory and expiratory features. It achieved an AUC-ROC of 0.87 and 

significantly higher discrimination than the frozen SegResNet and 3D U-Net 
transfer feature models according to DeLong’s test. Its AUC was also higher than 

that of the handcrafted Study III model, which achieved an AUC of 0.81. 
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Additional evaluation of the best-performing model showed an AUC-PR of 0.63 

and a Brier score of 0.092 (Paper IV, Figure 3). The precision–recall curve 

remained above the CAL prevalence line across most recall values, and the 

calibration curve generally followed the line of identity, supporting the 

discrimination results and suggesting reasonable calibration within the analytical 
cohort. 

Compared with the expiratory-only model, combining inspiratory and expiratory 

classical radiomic features mainly improved positive predictive value, which 

increased from 41% to 49%, while the other performance measures remained 

largely unchanged. A similar increase in positive predictive value was observed 
for SegResNet. In contrast, the 3D U-Net model showed similar performance 

using expiratory-only and combined features. The handcrafted model performed 

no better than the radiomic models in either AUC or positive predictive value. 

Feature selection patterns differed between classical radiomics and the frozen 

transfer feature models. Among the 20 highest-ranked features in models 
combining inspiratory and expiratory inputs, the classical radiomics model was 

dominated by expiratory features. SegResNet showed a more balanced 

contribution from the two respiratory phases, while the 3D U-Net model 

included more inspiratory than expiratory features. 

Classical radiomics also showed a predominance of features from the lower 

lobes, whereas the frozen transfer models exhibited a more even lobar 
distribution. All 20 highest-ranked classical radiomic features were texture 

features. Most originated from images filtered using Laplacian-of-Gaussian and 

wavelet transformations. 

Selected SegResNet features originated from both earlier and deeper encoder 

stages, whereas most of the highest-ranked 3D U-Net features were obtained 
from the deepest encoder level. These results describe the frozen transfer 

representations used in this study and should not be interpreted as a general 

comparison between classical radiomics and lung-optimised deep learning 

models. Details of the selected features are provided in Paper IV, Additional file 
4. 

When features from classical radiomics, SegResNet, 3D U-Net, and the 

handcrafted model were combined, negative predictive value remained 

consistently high. However, no combined feature model improved AUC beyond 
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that of the combined inspiratory–expiratory classical radiomics model. 

Combining classical radiomics with handcrafted features preserved the 

performance of the classical radiomics model, whereas the remaining feature 

combinations produced only minor changes in performance (Paper IV, Table 3). 

7.3 Summary of results 
o The highest internally validated discrimination was achieved by the 

classical radiomics model combining inspiratory and expiratory 
features, with an AUC-ROC of 0.87, an AUC-PR of 0.63, and a Brier 
score of 0.092. 

o Expiratory feature models showed stronger discriminatory 
performance than inspiratory feature models across classical 
radiomics, SegResNet, and 3D U-Net. 

o The classical radiomics model relied mainly on expiratory texture 
features, particularly features derived from Laplacian-of-Gaussian- 
and wavelet-filtered images. 

o The frozen SegResNet and 3D U-Net transfer features showed slightly 
lower discrimination than classical radiomics and should not be 
considered equivalent to features obtained from models optimised 
specifically for lung CT. 

o Combining classical radiomic, frozen transfer, and handcrafted feature 
sets did not improve AUC beyond the best individual model. 

o Precision–recall and calibration analyses supported the main 
discriminatory findings, although external validation and potential 
recalibration are required before the results can be generalised to 
other populations. 
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8 Discussion 
The overall aim of this thesis was to extract, analyse, automate, and regionalise 

quantitative measures from expiratory and inspiratory chest CT images to 
investigate ventilation-related changes, normal lung structure, and imaging signs 

of CAL. Using data from a population-based cohort of middle-aged men and 

women, the studies combined classical quantitative CT measures, automated 

lung lobe segmentation, and radiomic feature extraction to investigate whether 
quantitative measures from CT could provide complementary information to 

spirometry and contribute to the identification of CAL-related abnormalities 

relevant to early COPD. 

8.1 Main findings 

The main findings show that expiratory quantitative CT provided the most 

informative imaging phase for capturing structural and ventilation-related 
differences associated with CAL. Expiratory measures showed the strongest 

discriminatory ability, supporting their added value for identifying CT signs of 

CAL. At the same time, the combination of expiratory and inspiratory CT was 

also important, as the inspiratory fraction derived from both respiratory phases 
contributed strongly to CAL identification. This supports the value of paired 

expiratory and inspiratory imaging, as the combined assessment captured 

information that was not fully represented by either respiratory phase alone. 

Beyond the importance of expiratory imaging and combined expiratory–

inspiratory assessment, the thesis demonstrated several additional findings 

related to the overall aim of extracting, automating, and regionalising quantitative 
CT measures. CT-derived lung volumes, mean lung density, and low-attenuation 

volumes were quantified in a population-based cohort, providing imaging-based 

descriptions of lung structure and ventilation-related variation. These measures 

differed between participants with and without CAL, indicating that quantitative 
CT captured structural and density-related differences associated with impaired 

airflow. The reference analyses also showed that CT-derived lung volumes 

differed from conventional pulmonary function reference values, emphasising 

that CT-based static measures should be interpreted as imaging-derived 
markers rather than direct equivalents of physiological lung volume 

measurements. 
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The studies also showed that quantitative CT measures were not uniformly 

distributed across the lungs, in either in participants with CAL or those without 

CAL. Lobar measures and dorsal–ventral gradients provided additional 

information on spatial variation, supporting the value of regional quantitative 

assessment beyond whole-lung measurements. Automated lung lobe 
segmentation was central to this work, as it enabled quantitative measures to be 

assigned to specific anatomical regions at scale. The segmentation study 

showed that anatomical prior information primarily improved segmentation 

boundary accuracy, particularly in expiratory CT, where reduced lung volume 
and less distinct anatomical boundaries make segmentation more challenging. 

Finally, the radiomics study showed that lobe-level feature-based approaches 

could be applied to both expiratory and inspiratory CT for CAL discrimination. In 

line with the quantitative CT findings, models based on expiratory radiomic and 

deep learning-derived features generally performed better than corresponding 
inspiratory models. The best overall performance was observed for the classical 

radiomics model combining expiratory and inspiratory features, which improved 

discriminatory performance compared with established quantitative CT 

measures. This indicates that radiomic features provided additional information 
when both respiratory phases were included.  

8.2 Expiratory CT and paired inspiratory–expiratory imaging 

Inspiratory and expiratory CT assess the lungs at different points in the 
respiratory cycle. Inspiratory CT provides the structural reference, whereas 

expiratory CT adds information on lung emptying. During expiration, normally 

ventilated regions decrease in volume and increase in attenuation, whereas 

regions with impaired emptying may remain expanded and low in attenuation, 
reflecting air trapping or ventilation inhomogeneity [20, 55]. Although four-

dimensional CT could describe volume changes throughout the full respiratory 

cycle, radiation dose concerns limit its routine use [131, 132]. Paired static 

inspiratory–expiratory CT therefore provides a practical approach, with the 
expiratory phase being particularly important for detecting ventilation-related 

abnormalities associated with CAL. 

In Studies I and III, expiratory CT measures were consistently more informative 

for identifying CAL than inspiratory measures. In the individual ROC analyses, 

expiratory measures generally showed higher AUC values than corresponding 
inspiratory measures, indicating that the expiratory phase captured imaging 
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features more closely related to airflow limitation. This supports previous 

findings that quantitative measures derived from expiratory images may be 

particularly useful for detecting early signs of obstructive lung disease [133-135]. 

The stronger performance of expiratory measures likely reflects that ventilation-

related abnormalities, particularly air trapping, become more apparent during 

expiration, even when structural abnormalities on inspiratory CT may be mild. 
This is relevant in a population-based cohort, where disease is often mild and 

emphysema-like changes may be limited. 

The regression analyses further supported the importance of paired inspiratory–

expiratory imaging. Inspiratory fraction contributed most strongly to CAL 

classification, suggesting that volume change between inspiration and expiration 
contains relevant information on airflow limitation. Although this CT-derived 

measure is not identical to the physiological inspiratory capacity-to-total lung 

capacity ratio, both capture aspects of hyperinflation and ventilatory limitation 

associated with functional impairment, reduced exercise capacity, and exercise 
intolerance in COPD [136-138]. While expiratory measures outperformed 

inspiratory-only models, the combined inspiratory–expiratory models provided 

the most complete assessment by linking structural information at inspiration 

with volume change and lung emptying at expiration. 

8.3 Quantitative CT as an imaging-derived measure of lung structure 

The findings of this thesis support quantitative CT as an imaging-derived 

complement to spirometry. In Studies I and III, CT-derived lung volumes, mean 
lung density, and low-attenuation measures captured structural and density-

related differences associated with CAL. Participants with CAL had larger lung 

volumes, lower mean lung density, and increased low-attenuation volumes, 

indicating increased air content and altered lung density consistent with 
obstructive lung disease. 

The interpretation of low-attenuation measures depends on both threshold and 

respiratory phase. Inspiratory LAV950 is commonly used as an emphysema-

related measure [3, 53], whereas expiratory LAV856 is often interpreted as a 

marker of air trapping [55]. In this thesis, both thresholds were evaluated in both 
respiratory phases. LAV950 showed stronger discriminatory performance on 

expiratory than inspiratory images, and LAV856 also performed best on 

expiration. These findings suggest that the meaning of low-attenuation 
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thresholds depends on respiratory phase and should not be interpreted solely 

according to their conventional labels. Since most visually assessed emphysema 

cases were mild and direct information on air trapping was not available, 

expiratory low-attenuation measures should not be interpreted as definite 

evidence of emphysema or air trapping. Rather, they may reflect phase-
dependent differences in air content and lung density, especially in mild or early 

disease. 

However, CT-derived volumes should not be interpreted as direct equivalents of 

pulmonary function test volumes. In Study I, with similar findings in Study III, 

inspiratory CT volume was lower than reference values for total lung capacity, 
expiratory CT volume was higher than reference values for residual volume, and 

the inspiratory–expiratory CT volume difference was lower than forced vital 

capacity. These differences likely reflect several methodological factors, 

including the static breath-hold nature of CT, supine positioning during image 
acquisition, variation in breathing performance, and the fact that CT estimates 

lung volume from images rather than measuring airflow during a dynamic 

manoeuvre [76, 139]. Thus, quantitative CT provides information that is related to, 

but distinct from, spirometry. Dynamic spirometry defines airflow limitation 
physiologically, while CT describes anatomical and radiodensity patterns 

associated with impaired airflow. This is important because CT-derived 

measures provide imaging-based information on lung structure, air content, and 

regional air retention, complementary to conventional pulmonary function 
measurements. 

8.4 Regional and lobar variation in CT measures 

The regional analyses showed that quantitative CT measures varied across the 
lungs, but that this variation did not translate into a single region that 

consistently provided the strongest CAL discrimination. 

In supine chest CT, dorsal–ventral differences in lung density are expected 

because gravity influences regional air and tissue distribution [140, 141]. In Studies 

I and III, these gradients were assessed as regional imaging markers that could 
reflect both physiological variation and disease-related changes. In Study I, this 

was assessed using a simpler approach with manually placed regions of interest, 

where a significant expiratory gradient was observed in participants without CAL, 

but not in participants with CAL. Using the images from Study III, a later 
complementary analysis applied a new approach to the larger cohort by dividing 
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the supine lungs into dorsal, middle, and ventral regions. These analyses 

confirmed systematic dorsal–ventral variation and showed group differences 

between participants with and without CAL, particularly on expiratory CT. The 

pattern was measure-dependent, with larger expiratory low-attenuation 

gradients in CAL but a smaller expiratory MLD gradient. Thus, airflow limitation 
appeared to affect regional density patterns during expiration, although the 

gradients had limited discriminatory ability and did not improve the best-

performing regression model. Further studies are needed to determine whether 

these findings can serve as imaging markers of lung elasticity. 

In Study III, automated lobe segmentation enabled regional assessment at the 
lobar level. Lobar lung volumes and low-attenuation measures differed in 

absolute value, confirming that quantitative CT measures are not evenly 

distributed across anatomical regions. Participants with CAL had higher 

inspiratory and expiratory lung volumes and higher LAV950 and LAV856 across 
all lobes, while inspiratory fraction was lower at both the whole-lung and lobar 

levels. However, moderate-to-strong correlations among lobes, together with 

similar discriminatory performance across lobes, suggested that no single lobe 

showed a clear advantage over the others or over whole-lung measures. 

The added value of lobar analysis was therefore primarily regional and 
descriptive rather than strongly diagnostic. Including lobar variables modestly 

improved model performance, but their main contribution was to describe the 

spatial distribution of abnormalities rather than to substantially increase 

discrimination. This suggests that regionalisation can refine the anatomical 
description of CT abnormalities, but its practical and future clinical value 

depends on whether the additional information justifies the added requirements 

for segmentation, processing, and quality control. 

Overall, these findings suggest that regional CT analysis may provide 

complementary information to whole-lung measures. Whole-lung measures offer 

robust summary information, whereas lobar and regional measures may help 
characterise the distribution of structural and ventilation-related changes. 

8.5 Automated lung lobe segmentation for scalable regional analysis 

Study II evaluated automated lung lobe segmentation in inspiratory and 
expiratory CT and provided methodological context for the regional analyses in 

Studies III and IV. Automated segmentation allows quantitative and radiomic 



 

 68 

measures to be assigned to individual lung lobes, thereby facilitating large-scale 

regional assessment. In Study II, segmentation performance was robust in both 

respiratory phases, while the incorporation of lung vessel connectivity mainly 

improved boundary accuracy, particularly in expiratory images, in which 

anatomical boundaries are less distinct. 

In Study III, automated segmentation was used to quantify lobar lung volume, 
mean lung density, and low-attenuation measures in more than 2,500 

participants. The analyses demonstrated clear regional differences in absolute 

values, but also moderate-to-strong correlations among lobes. Adding lobar 

variables resulted in only a modest improvement in CAL discrimination. The 
principal contribution of lobar segmentation was therefore to provide scalable 

anatomical localisation of quantitative measures rather than a substantial 

improvement in classification performance. 

In Study IV, radiomic features were extracted at the lobe level from both 

inspiratory and expiratory CT. This made it possible to compare regional feature-
based models across respiratory phases and to assess whether complex 

imaging features improved CAL discrimination beyond established quantitative 

CT measures. 

The complementary analyses associated with Study II further showed that the 

choice of segmentation method can influence downstream quantitative results, 

particularly in smaller cohorts and for expiratory measures. In the full Study III 
cohort, however, differences between segmentation methods had only a limited 

effect on CAL classification. Taken together, these findings indicate that 

automated lobe segmentation is a practical approach for scalable regional CT 

analysis, while also highlighting the importance of methodological robustness 
and quality control, particularly in smaller datasets and technically challenging 

expiratory images. 

8.6 Radiomics and frozen deep learning transfer features 

Study IV indicated that lobe-based radiomic features may provide 

discriminatory information related to CAL beyond that represented by 

established quantitative CT measures. The higher internally validated 
performance of the classical radiomics model suggests that CAL-related 

changes may not be fully captured by predefined measures such as lung volume 
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and low-attenuation volume, but may also be reflected in more complex 

intensity and texture patterns within the lung parenchyma. 

The highest discrimination was achieved by the classical radiomics model 

combining inspiratory and expiratory features, which performed better than the 

handcrafted quantitative CT model from Study III. However, the improvement 

over the expiratory-only radiomics model was small. This suggests that paired 
imaging provided some additional information, while expiratory features 

accounted for much of the discriminative performance once expiratory texture 

patterns were included. Expiratory feature models also consistently 

outperformed their inspiratory counterparts across classical radiomics and both 
frozen transfer feature sets, in agreement with the greater discriminatory value 

of expiratory CT observed in Studies I and III. 

The predominance of texture features among the highest-ranked classical 

radiomic features suggests that CAL-related abnormalities may be associated 

with subtle spatial heterogeneity in addition to changes in global lung volume or 
mean attenuation. Features derived from Laplacian-of-Gaussian- and wavelet-

filtered images were frequently selected, suggesting that patterns represented 

at different spatial scales may contribute to CAL classification. This may be 

particularly relevant in a population-based cohort with predominantly mild 
airflow limitation, in which established structural abnormalities may be less 

pronounced. 

The frozen SegResNet and 3D U-Net transfer features also showed 

discriminatory ability but did not outperform classical radiomics. Combining 

transfer, radiomic, and handcrafted feature sets did not further improve 

discrimination. This may indicate that the representations contained partly 
overlapping information, although the absence of improvement could also reflect 

limitations of the analytical cohort, model specification, or the transfer features 

themselves. In particular, the networks had been pretrained on an abdominal 

imaging dataset and were used without fine-tuning. Their performance should 
therefore be interpreted as an evaluation of frozen, non-lung-specific transfer 

representations rather than as a general comparison between classical 

radiomics and deep learning models optimised for lung CT. 

Overall, Study IV showed that lobe-based classical radiomics provided higher 

internally validated discrimination of CAL than the established quantitative CT 
model used for comparison. The findings also demonstrate that frozen 



 

 70 

representations from pretrained segmentation encoders can contain information 

relevant to CAL, although they did not provide an advantage over classical 

radiomics in this setting. Radiomic and transfer features may be sensitive to 

image acquisition, reconstruction, pre-processing, segmentation, feature 

extraction, and model-development choices [142]. External validation, evaluation 
of feature stability, and comparison with models trained or fine-tuned 

specifically for lung CT are therefore required before the findings can be 

generalised or considered for clinical application. 

8.7 Methodological considerations 

Several methodological aspects should be considered when interpreting the 
findings of this thesis. The analyses were based on data from the population-

based SCAPIS cohort, which enabled assessment of quantitative CT measures in 

middle-aged men and women not selected primarily because of respiratory 
disease. This setting is relevant for studying early or mild imaging signs of CAL, 

but it also means that disease-related differences may be subtle. Most 

participants with study-defined COPD had mild airflow limitation, and visually 

assessed emphysema was generally mild. The results may therefore not 
translate directly to clinical cohorts with more advanced or heterogeneous 

COPD, or to populations outside the SCAPIS age range. 

The CT protocol was another important consideration. Inspiratory and expiratory 

scans were acquired using a standardised low-dose protocol, allowing paired 

assessment of lung structure and ventilation-related change. However, CT was 
performed during static breath-holds in the supine position, without direct 

measurement of airflow or exhaled volume during image acquisition. Spirometry 

and CT were not performed on the same day, and bronchodilators were not 

administered before CT. Variation in breathing performance may therefore have 
affected inspiratory and expiratory lung volumes, attenuation measures, and 

derived variables such as inspiratory fraction. This is particularly relevant for 

expiratory imaging, where incomplete expiration may reduce the visibility of air 

trapping, regional density differences, and incomplete lung emptying. 

The comparison between CT-derived volumes and pulmonary function 
reference values should also be interpreted cautiously. In SCAPIS, static 

pulmonary function testing was not performed, and CT-derived inspiratory and 

expiratory volumes were therefore compared with reference values for TLC and 

RV, while inspiratory–expiratory CT volume difference was compared with FVC 
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from SCAPIS. Since CT estimates lung volume from images acquired during 

separate breath-holds, these measures do not represent the same physiological 

manoeuvre as spirometry or body plethysmography. Supine positioning, cranial 

displacement of the diaphragm, breathing effort, and interindividual variation in 

lung mechanics may all contribute to differences between CT-derived and 
pulmonary function-derived volumes. 

CAL was defined using post-bronchodilator FEV₁/FVC < 0.70. This definition is 

widely used and facilitates comparison with previous COPD-related studies, but 

it may classify some older individuals differently from lower-limit-of-normal 

criteria. To assess the influence of this definition, an LLN-based classification 
was also tested in Study III, resulting in a smaller CAL group. Applying the LLN 

definition to the model including inspiratory, expiratory, and lobar measures did 

not improve AUC, suggesting that the main findings were not strongly dependent 

on the fixed-ratio definition. 

CAL was the primary physiological outcome in this thesis. Study-defined COPD 
required both CAL and at least one self-reported respiratory symptom. This 

operational definition identified a symptomatic subgroup but did not represent a 

comprehensive clinical diagnosis based on individual medical history, exposure 

assessment, and exclusion of alternative causes of airflow limitation. Because not 
all participants with CAL reported respiratory symptoms, imaging findings were 

primarily interpreted in relation to airflow limitation rather than clinically 

established COPD. The use of a population-based cohort also means that 

predictive values depend strongly on disease prevalence and sampling strategy. 

The reliability of regional analyses depended on accurate lung and lobe 

segmentation. Study II showed that automated lobe segmentation was feasible 
in both inspiratory and expiratory CT, and that anatomical prior information from 

lung vessel connectivity mainly improved local boundary accuracy, particularly in 

expiratory images. Improvements in Dice score were modest, likely because 

conventional nnU-Net-based segmentation already performed well, leaving 
limited room for further gains. Nevertheless, improved boundary accuracy may 

be relevant when quantitative measures or radiomic features are assigned to 

individual lobes. Segmentation remains a potential source of measurement 

variability, especially in regions with incomplete fissures, reduced lung volume, or 
less distinct anatomical boundaries. 
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The complementary analyses showed that differences between segmentation 

methods can propagate to downstream quantitative measurements, particularly 

in expiratory CT and in smaller samples. Although these differences had limited 

impact on CAL discrimination in the full Study III cohort, this should not be 

interpreted as evidence that the segmentation methods are interchangeable. 
Rather, the classification models may have been relatively robust to small 

measurement differences in a large dataset, whereas analyses of individual lobar 

measures, smaller cohorts, or technically challenging images may be more 

sensitive to segmentation variability. These findings emphasise the importance 
of segmentation quality control and of evaluating the robustness of downstream 

results for the specific outcome and population under study. 

The statistical and modelling approaches also require consideration. ROC 

analyses were useful for evaluating the discriminatory ability of individual CT 

measures, whereas regularised logistic regression allowed multiple correlated 
imaging variables to be combined while reducing overfitting. Cross-validation 

was used to estimate model performance, but external validation was not 

available. The analytical cohorts in Studies III and IV were enriched for CAL 

compared with the underlying SCAPIS population, which limits interpretation of 
absolute risk estimates. Thus, sensitivity, specificity, PPV, and NPV should be 

interpreted in relation to the sampling strategy and disease prevalence. Because 

predictive values depend on disease prevalence, the PPV and NPV observed in 

the enriched analytical cohorts may not generalise to populations with different 
CAL prevalence. The high negative predictive values observed in this thesis may 

therefore not generalise directly to clinical populations with higher disease 

prevalence. 

Radiomics and deep learning transfer feature analyses introduce additional 

methodological considerations. Radiomic features may be sensitive to CT 
acquisition, reconstruction, image pre-processing, segmentation, and feature 

extraction settings. Breath-hold variability may further affect features extracted 

from paired inspiratory and expiratory CT. Deep learning-derived features were 

computationally feasible but less directly interpretable than classical radiomic or 
handcrafted quantitative CT measures. In addition, the pretrained networks used 

for feature extraction were not specifically optimised for lung CT, which may 

have limited their added value. The finding that combining feature types did not 

improve performance suggests that several feature representations may have 
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captured overlapping information in this population-based cohort with 

predominantly mild disease. 

Overall, the models developed in this thesis should be viewed as evidence of 

imaging associations and discriminatory potential rather than as clinically 

validated prediction tools. The findings support the value of expiratory CT, paired 

respiratory-phase imaging, automated lobar segmentation, and radiomic feature 
extraction for studying CAL. However, external validation in independent cohorts, 

broader age ranges, different CT protocols, and populations with more advanced 

or heterogeneous disease is needed before quantitative CT or radiomics-based 

models can be considered for clinical implementation. 

8.8 Strengths and limitations 

A major strength of this thesis was the use of data from the population-based 

SCAPIS cohort, including paired inspiratory and expiratory chest CT, post-

bronchodilator spirometry, and questionnaire data. This allowed quantitative CT 
measures to be studied in a cohort not selected primarily on the basis of 

respiratory disease, which is relevant for investigating early or mild imaging signs 

of CAL. The inclusion of both inspiratory and expiratory CT enabled assessment 

of lung structure, lung emptying, and ventilation-related volume change across 
respiratory phases. 

Another strength was the combination of complementary image analysis 

approaches. Classical quantitative CT measures provided interpretable markers 

of lung volume, density, and low-attenuation, while automated lobe 

segmentation enabled regional assessment at scale. Radiomics and deep 
learning-derived features further allowed evaluation of whether more complex 

image patterns improved classification beyond established quantitative CT 

measures. Together, these approaches provided a broad assessment of CT-

derived information related to CAL. 

Several limitations should also be acknowledged. The cohort included 

predominantly mild disease and a relatively narrow age range, which may limit 
generalisability to younger or older populations and to patients with more 

advanced COPD. CAL was defined using a fixed post-bronchodilator FEV₁/FVC 

threshold, and not all participants with CAL had clinical COPD. Therefore, the 

findings should be interpreted in relation to physiological airflow limitation rather 
than as direct imaging markers of clinically established COPD. 
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The CT protocol introduced further limitations. CT-derived measures were 

influenced by static breath-hold acquisition, supine positioning, and breathing 

performance. Static lung volume measurements were not available, and direct 

information on the actual presence of air trapping was lacking. Consequently, 

CT-derived volumes, low-attenuation measures, and inspiratory fraction should 
be interpreted as imaging-derived markers rather than direct equivalents of 

physiological lung volume measurements or definitive evidence of specific 

pathological processes. 

Finally, quantitative CT and radiomic measures may be affected by technical 

factors such as CT acquisition, reconstruction, segmentation, pre-processing, 
and feature extraction choices. Although automated segmentation made 

regional analysis feasible, segmentation variability remains a potential source of 

measurement error, particularly in expiratory CT or small datasets. The models 

were evaluated using internal cross-validation, and the analytical cohorts were 
enriched for CAL, which affects predictive values. External validation in 

independent cohorts and across different scanners, protocols, and disease 

severities is therefore needed before clinical implementation can be considered. 

 

 



 

  75 

9 Conclusions 
This thesis demonstrates that quantitative CT can provide imaging-derived 

measures associated with CAL. Expiratory CT provided the most informative 
measures for CAL discrimination, while paired inspiratory–expiratory imaging 

provided complementary information on volume change and lung emptying. 

CT-derived lung volumes, mean lung density, and low-attenuation measures 

captured structural and density-related differences associated with CAL. These 

measures should be interpreted as imaging markers rather than direct 
pulmonary function equivalents, but they offer complementary information on 

lung structure, air content, and regional air retention. Regional and lobar analyses 

further described the spatial distribution of CT abnormalities, although their 

added discriminatory value was modest. 

Automated lobe segmentation enabled large-scale regional analysis and was 
essential for applying both lobar quantitative CT and radiomic feature extraction. 

Anatomical prior information mainly improved segmentation boundary accuracy, 

particularly in expiratory CT. Differences among segmentation methods had a 

limited effect on CAL discrimination in the full cohort, although the resulting 
variability was sufficient to influence classification performance in smaller 

samples. 

Classical radiomic and deep learning transfer features could be used for CAL 

discrimination. The combined inspiratory–expiratory classical radiomics model 

performed best and outperformed the handcrafted quantitative CT model, while 

combining all feature types provided no further improvement. 

Overall, the findings support quantitative inspiratory and expiratory CT as a 
potential complement to spirometry for studying CAL-related imaging changes 

relevant to early COPD. With further validation, these methods may contribute to 

improved imaging phenotyping and a better understanding of structural and 

ventilation-related abnormalities in early obstructive lung disease. 
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10 Points of perspective 
The findings of this thesis suggest that expiratory CT may be valuable for 

detecting CAL-related imaging changes relevant to early COPD, particularly in 
population-based settings where disease is often mild and inspiratory 

abnormalities may be limited. Paired inspiratory–expiratory CT may support 

more comprehensive phenotyping by combining structural information with 

measures of lung emptying, retained air, and ventilation-related density change. 
Further dose reduction could lessen the practical impact of the additional 

radiation exposure and support broader use of paired imaging in research and 

selected clinical settings. 

Future studies should validate these findings in independent cohorts spanning 

wider age ranges, different scanners and acquisition protocols, and more 
advanced or heterogeneous COPD. Longitudinal analyses should determine 

whether expiratory CT measures, regional abnormalities, radiomic features, and 

deep learning-derived features predict lung function decline, respiratory 

symptoms, exacerbations, or progression to clinically established COPD. The 
ongoing SCAPIS re-examination, scheduled for completion in 2026, provides a 

unique opportunity to investigate how imaging findings obtained at the baseline 

examination, conducted between 2013 and 2018, relate to subsequent changes 

in lung function, respiratory health, and disease status. 

Emerging CT technologies may offer further opportunities. Photon-counting CT 
could improve spatial resolution, dose efficiency, and depiction of fine 

pulmonary structures. Combined with automated regional analysis, this may 

enable more refined imaging phenotypes. Lobar analysis could identify 

preferential anatomical distributions, while dorsal–ventral gradients could 
provide complementary information on regional lung density, expansion, and 

emptying. 

A logical next step is to move beyond predefined anatomical and gravitational 

regions and analyse spatially corresponding locations throughout the lung. 

Deformable registration of inspiratory and expiratory CT images could be used 

to quantify local changes in attenuation, volume, and tissue deformation. Voxel-
wise methods, such as parametric response mapping, could further distinguish 

emphysema-like changes from functional small-airway abnormalities. Combining 

these local measures with information on lobar distribution and dorsal–ventral 

gradients could help determine whether early CAL is characterised primarily by 
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focal abnormalities, altered gravitational patterns, or more diffuse impairment. 

Applied longitudinally to the SCAPIS re-examination, these methods could also 

assess whether local imaging abnormalities emerge before measurable 

spirometric decline or the development of respiratory symptoms. 

Future machine-learning approaches could build on the segmentation, feature-

extraction, and classification methods evaluated in this thesis. Self-supervised or 
broadly pretrained models may reduce the need for extensive manual 

annotation and allow a single model to be adapted to multiple imaging tasks. 

Multimodal models could then integrate imaging-derived measures, including 

voxel-wise maps, lobar measures, gravitational gradients, and airway and 
vascular characteristics, with spirometry, symptoms, biomarkers, and exposure 

history. When applied to repeated examinations, such models could be used to 

study disease trajectories rather than cross-sectional differences alone. This 

may be particularly valuable for less well-characterised phenotypes, including 
COPD in never-smokers. However, their clinical and scientific value will depend 

on whether they provide reproducible, interpretable, and externally validated 

information beyond that obtained from simpler quantitative measures. 

Further dose reduction may also increase the quantitative value of CT 

examinations performed for other purposes, including lung cancer screening. 
Ultra-low-dose CT combined with deep learning-based reconstruction could 

support automated assessment of emphysema, airway abnormalities, lung 

density, and other respiratory markers. Screening programmes may therefore 

provide opportunities for large-scale longitudinal research and earlier detection 
of respiratory abnormalities. However, improved resolution and lower image 

noise do not guarantee comparable quantitative measurements. Detector 

technology, radiation dose, reconstruction, and slice thickness can affect 

attenuation values, texture features, and measured abnormality volumes, making 
harmonisation and repeatability assessment essential. 

MRI is not routinely used for structural or quantitative assessment of COPD, but 
future applications may provide complementary information without ionising 

radiation. Ultrashort echo-time imaging and hyperpolarised xenon-129 MRI could 

offer regional measures of lung structure, ventilation, and gas transfer. Wider use 

will depend on availability, standardisation, and evidence of clinical value. 

Other longer-term possibilities include upright and four-dimensional CT. Supine 
and upright imaging could reveal posture-dependent changes in lung volumes, 
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gravitational gradients, airway dimensions, and regional ventilation. Four-

dimensional CT could extend assessment from static inspiration and expiration 

to the respiratory cycle as a whole, providing regional information on expansion, 

emptying, density change, and tissue motion. Broader application will depend on 

further dose reduction and advances in acquisition, motion correction, 
processing, and standardisation. 

Together, these developments could support a transition from global and static 

CT measures towards more regional, dynamic, and multimodal assessment of 

lung structure and function. Longitudinal imaging could be combined with 

pulmonary function, clinical information, biomarkers, and exposure data to 
develop more individualised computational models. Such models may help 

explain how structural and functional abnormalities develop and interact over 

time and, ultimately, support estimates of disease progression or treatment 

response. This remains a long-term objective requiring robust modelling, 
harmonised longitudinal data, external validation, and demonstrated clinical 

benefit. By demonstrating the value of inspiratory and expiratory CT, automated 

regional analysis, and feature-based methods, this thesis provides a basis for 

further development of quantitative imaging in chronic airflow limitation. 
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14 Appendix A (Study III) 
 

Table A1. Lobar comparison of measures mean lung density in the 
non-CAL and CAL group. 

non-CAL CAL 

MLD INCT MLD INCT 

 LU LL RU RM RL   LU LL RU RM RL 

LU -     LU -     

LL *** -    LL *** -    

RU *** *** -   RU *** *** -   

RM *** *** ns -  RM *** *** ns -  

RL *** *** *** *** - RL ns *** *** *** - 

MLD EXCT MLD EXCT 

 LU LL RU RM RL   LU LL RU RM RL 

LU -     LU -     

LL *** -    LL *** -    

RU *** *** -   RU *** *** -   

RM *** *** *** -  RM *** *** *** -  

RL *** *** *** *** - RL *** *** *** *** - 

Note: Lobes were compared by pair-wise Wilcoxon signed-rank test 
with Holm correction. ***p < 0.001; ns, not significant. 

Abbreviations: non-CAL, no sign of chronic airflow limitation; CAL, 
chronic airflow limitation; INCT, CT performed at inspiration; EXCT, 
CT performed at expiration; MLD, mean lung density. 
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Table A2. Lobe comparison of quantitative measures of clusters of 
low-attenuation below –950 HU in the non-CAL and CAL group. 

non-CAL CAL 

INCT INCT 

  LU LL RU RM RL   LU LL RU RM RL 

LU -         LU -         

LL *** -       LL *** -       

RU *** ns -     RU *** ns -     

RM *** ns ns -   RM *** ns *** -   

RL *** *** ns ns - RL *** ns ns ns - 

EXCT EXCT 

  LU LL RU RM RL   LU LL RU RM RL 

LU -         LU -         

LL *** -       LL *** -       

RU *** *** -     RU *** ns -     

RM *** *** *** -   RM ns *** *** -   

RL *** ns *** *** - RL *** *** *** *** - 

Note: Lobes were compared by pairwise Wilcoxon signed-rank test 
with Holm correction. ***p < 0.001; ns, not significant. 

Abbreviations: non-CAL, no sign of chronic airflow limitation; CAL, 
chronic airflow limitation; INCT, CT performed at inspiration; EXCT, 
CT performed at expiration; HU, Hounsfield units; LAV950, low-
attenuation volume, <–950 HU. 
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Table A3. Lobar comparison of quantitative measures of low-
attenuation below –856 HU in the non-CAL and CAL group. 

non-CAL CAL 

INCT INCT 

  LU LL RU RM RL   LU LL RU RM RL 

LU -         LU -         

LL *** -       LL *** -       

RU *** ns -     RU *** ns -     

RM *** *** *** -   RM *** *** *** -   

RL *** *** *** *** - RL *** *** *** *** - 

EXCT EXCT 

  LU LL RU RM RL   LU LL RU RM RL 

LU -         LU -         

LL *** -       LL *** -       

RU *** *** -     RU *** *** -     

RM *** *** *** -   RM *** *** ns -   

RL *** *** *** *** - RL *** *** *** *** - 

Note: Lobes were compared by pair-wise Wilcoxon signed-rank test 
with Holm correction. ***p < 0.001; ns, not significant. 

Abbreviations: non-CAL, no sign of chronic airflow limitation; CAL, 
chronic airflow limitation; INCT, CT performed at inspiration; EXCT, 
CT performed at expiration; HU, Hounsfield units; LAV856, low-
attenuation volume <–856 HU. 
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Figure A1. Correlations among mean lung density measurements in the five lung lobes in the non-

CAL and CAL groups. Abbreviations: CAL, chronic airflow limitation; INCT, inspiratory chest CT; 
EXCT, expiratory chest CT; MLD, mean lung density; LU, left upper lobe; LL, left lower lobe; RU, 

right upper lobe; RM, right middle lobe; RL, right lower lobe. 
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Figure A2. Correlation among measures of clusters of low-attenuation in the five lung lobes for 

the non-CAL and CAL group. Abbreviations: CAL, chronic airflow limitation; INCT, inspiratory chest 
CT; EXCT, expiratory chest CT; LU, left upper lobe; LL, left lower lobe; RU, right upper lobe; RM, 

right middle lobe; RL, right lower lobe; LAV950, low-attenuation volume below –950 Hounsfield 

units; LAV856, low-attenuation volume below –856 Hounsfield units. 
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Table A4. Area under the receiver operating characteristic curve 
(AUC) for classification of chronic airflow limitation (CAL) by 
measures of mean lung density and clusters of low-attenuation. 
Values >0.70 were considered to represent acceptable 
discriminatory ability. 

  MLD, HU 

  INCT EXCT 

Tot. 0.62 (0.59-0.64) 0.71 (0.67-0.75) 

LU 0.62 (0.59-0.65) 0.67 (0.63-0.71) 

LL 0.6 (0.60-0.63) 0.74 (0.69-0.78) 

RU 0.62 (0.59-0.64) 0.64 (0.60-0.68) 

RM 0.63 (0.60-0.66) 0.66 (0.62-0.69) 

RL 0.60 (0.57-0.62) 0.73 (0.69-0.77) 

  Cluster volume LAV950 

  INCT EXCT 

Tot. 0.65 (0.63-0.68) 0.72 (0.70-0.75) 

LU 0.65 (0.62-0.68) 0.74 (0.71-0.76) 

LL 0.63 (0.60-0.66) 0.71 (0.68-0.73) 

RU 0.66 (0.63-0.69) 0.64 (0.61-0.67) 

RM 0.64 (0.61-0.67) 0.67 (0.6-0.70) 

RL 0.63 (0.60-0.66) 0.66 (0.63-0.69) 

  Cluster volume LAV856 

  INCT EXCT 

Tot. 0.63 (0.61-0.66) 0.77 (0.75-0.79) 

LU 0.64 (0.62-0.67) 0.74 (0.72-0.76) 

LL 0.61 (0.58-0.64) 0.80 (0.78-0.82) 

RU 0.65 (0.63-0.68) 0.72 (0.70-0.75) 

RM 0.63 (0.60-0.66) 0.70 (0.68-0.73) 

RL 0.61 (0.58-0.63) 0.79 (0.77-0.81) 

Note: Values are AUC (95% CI). 

Abbreviations: CAL, spirometric sign of chronic airflow limitation; 
INCT, CT performed at inspiration; EXCT, CT performed at 
expiration; HU, Hounsfield units; LAV950, low-attenuation volume, 
<–950 HU; LAV856, low-attenuation volume <–856 HU; LU, left 
upper lobe; LL, left lower lobe; RU, right upper lobe; RM, right 
middle lobe; RL, right lower lobe.  

 

 




