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A B S T R A C T

Background: PRAGMA-CF is a clinically validated visual chest CT scoring method, quantifying relevant compo
nents of structural airway damage in CF. We aimed to validate a newly developed AI-based automated PRAGMA- 
AI and Mucus Plugging algorithm using the visual PRAGMA-CF as reference.
Material and Methods: The study included 363 retrospective chest CT’s of 178 CF patients (100 New-Zealand and 
Australian, 78 Dutch) with at least one inspiratory CT matching the image selection criteria. Eligible CT scans 
were analyzed using visual PRAGMA-CF, automated PRAGMA-AI and Mucus Plugging algorithm. Outcomes were 
compared using descriptive statistics, correlation, intra- and interclass correlation and Bland-Altman plots. 
Sensitivity analyses evaluated the impact of disease severity, study cohort, number of slices and convolution 
kernel (soft vs. hard).
Results: The algorithm successfully analyzed 353 (97 %) CT scans. A strong correlation between the methods was 
found for %bronchiectasis ( %BE) and %disease ( %DIS), but weak for %Airway wall thickening ( %AWT). The 
automated Mucus plugging outcomes showed strong correlation with visual %mucus plugging ( %MP). ICC’s 
between visual and automated sub-scores witnessed average agreement for %BE and %DIS, except for %AWT 
which was weak. Sensitivity analyses revealed that convolution kernel did not affect the correlation between 
visual and automated outcomes, but harder kernels yielded lower disease scores, especially for %BE and %AWT.
Conclusion: Our results show that AI-derived outcomes are not identical to visual PRAGMA-CF scores in size, but 
strongly correlated on measures of bronchiectasis, bronchial-disease and mucus plugging. They could therefore 
be a promising alternative for time-consuming visual scoring, especially in larger studies.

Abbreviations
A Adjacent artery to the bronchi in the measurement
AI Artificial Intelligence
AT Atelectasis
AWT Airway wall thickening
BA Bronchial-Artery analysis

Bin Bronchial inner diameter
Boa Bronchial outer area
Bout Bronchial outer diameter
Bwa Bronchial wall area
Bwt Bronchial wall thickness
Bout/A Bronchiectasis
Bwt/A Bronchial wall thickening (calculated using artery)
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Bwa/Boa Bronchial wall thickening (calculated using bronchus itself)
BE Bronchiectasis
BMI Body mass index
CF Cystic Fibrosis
COPD Chronic Obstructive Pulmonary Disease
CT Computed Tomography
CF-CT Cystic Fibrosis–Specific Computed Tomography Scoring
CFTR Cystic fibrosis transmembrane conductance regulator
DIS Disease
ECFS European cystic fibrosis society
ICC Intra- and Inter-class correlation coefficient
ILD Interstitial lung disease
MP Mucus plugging
PCD-CT photon-counting detector CT
PRAGMA-CF Perth-Rotterdam Annotated Grid Morphometric Analysis 

for cystic fibrosis
TIB Tree-in-bud

1. Introduction

Cystic Fibrosis (CF) is a genetic, multi-systemic disorder primarily 
affecting the respiratory system, causing recurrent infection, chronic 
inflammation, and progressive structural lung damage starting from 
early childhood [1]. Standard reference tests, such as pulmonary func
tion test (PFT) are often insensitive to early structural lung damage and 
fail to localize the underlying abnormalities [2]. Conversely, medical 
imaging, an essential tool used in routine follow-up of CF patients, can 
accurately visualize the extent and location of minimal structural lung 
disease [3]. Computed tomography (CT) is currently considered as the 
gold standard to assess structural lung disease, due to its high spatial 
resolution and rapid acquisition protocol [4]. Recent advancements in 
CT scanner technology have enabled ultra-low dose radiation protocols, 
allowing safe monitoring of CF lung disease progression [5].

Several semi-quantitative CT-based scoring methods, such as Bhalla 
score [6], Brody score [7], and Cystic Fibrosis–Specific CT Score (CF-CT) 
[7,8] have been initially developed to objectively quantify the extent of 
abnormalities like bronchiectasis, airway wall thickening, mucus plug
ging, atelectasis, and trapped air. These scores were shown to detect 
clinically relevant structural abnormalities, but were relatively insensi
tive for longitudinal monitoring of slowly progressing lung disease. The 
Perth-Rotterdam Annotated Grid Morphometric Analysis in CF (PRAG
MA-CF) was developed for this purpose, and has shown higher sensi
tivity in identifying minor progression and monitoring structural lung 
disease [9]. The PRAGMA-CF scoring is validated for its repeatability 
[10], correlation with other clinical markers of disease [11] and serving 
as an outcome measure in clinical trials [12]. However, its application in 
clinical practice is limited due to its observer-dependence, time-
consuming nature, and associated cost. These challenges could be 
addressed by utilizing Artificial Intelligence (AI)-based algorithms for 
the automated quantification of abnormalities. Several CF specific 
AI-algorithms were recently developed, including NOVAA-CT [13] and 
the LungQ platform, the latter of which includes a Bronchial-Artery (BA) 
algorithm, a Mucus Plugging algorithm, and VERA analysis for air
trapping [14]. The BA algorithm was adapted to also produce outcomes 
similar to visual PRAGMA-CF scores (PRAGMA-AI). Mucus plugging is 
not included in that PRAGMA-AI algorithm, but the separate Mucus 
Plugging algorithm is able to quantify the number and volume of mucus 
plugs obstructing the detectable airways.

This study aims to evaluate the efficiency of AI-based algorithms by 
comparing their outcomes with the clinically validated visual PRAGMA- 
CF outcomes and analyze the factors that could affect the automated 
quantification and therefore its association with the visual method. Our 
goal is to explore the feasibility of using AI-based scoring in clinical 
research and care settings. While we anticipated discrepancies in the 
outcomes due to differences in design and outcome units of the methods, 
we did expect a correlation in identifying key structural lung disease 

characteristics. Furthermore, automated algorithms could provide 
observer-independent reproducible outcomes, with the capability for 
large-scale data processing, positioning them as promising tools for 
broader clinical application [15].

2. Material and methods

2.1. Study population and Image acquisition

The retrospective study included two pediatric cohorts of patients 
with a confirmed diagnosis of CF and at least one routine CT scan 
available. The first cohort of New Zealand and Australian CF-FAB 
multicenter study included 100 children aged between 9–18 years, 
with total 186 inspiratory CT scans (FAB) [16]. The second cohort of 
Dutch Erasmus MC Sophia, Rotterdam institute, included 78 children 
aged between 6–18 years, with total 177 inspiratory routine CT scans 
(SOPHIA). FAB cohort chest CT’s were acquired with 
technician-controlled breathing technique, while for SOPHIA cohort 
spirometry-controlled breathing standards were used. Patient de
mographics and image characteristics of both cohorts are summarized in 
Table 1 and Supplementary Material. None of the patients included in 
this study were on Elexacaftor/tezacaftor/ivacaftor (ETI) modulator 
therapy.

2.2. Image analysis

The technical requirements of automated analysis were, an axial 
inspiratory CT scans with a slice thickness ≤ 1.5 mm, free of large ar
tifacts or missing slices. Both soft and hard convolution kernel re
constructions were accepted, and their effects were evaluated. All scans 
were assessed using visual PRAGMA-CF, automated PRAGMA-AI and 
Mucus Plugging scoring algorithm.

2.3. Visual analysis

The visual PRAGMA-CF score is a grid-based morphometric score, 
where 10 randomly selected equally spaced slices are overlaid with a 
squared grid. Abnormalities within each grid cell are scored hierar
chically for bronchiectasis (BE), mucus plugging (MP), airway wall 
thickening (AWT), atelectasis (AT), and normal lung and the results are 
computed as a percentage of total volume (Supplementary Material). 
Atelectasis was rare in this cohort and was not included in the %DIS 

Table 1 
Patient and imaging related characteristic of the study population.

Variable Specifications

Demographics ​ ​
Cohort FAB SOPHIA
Country Australia 

New Zealand
The Netherlands

Patients 100 78
Median Age (range) 13.7 (9-18) years 11.0 (6-18) years
Functional Parameters ​ ​
Median %FEV1 86.27 (73.38 – 94.60) 102.12 (91.96 – 109.89)
Median %FVC 93.26 (82.72 – 104.18) 103.50 (97.06 – 111.42)
Median BMI 19.36 (17.67 – 20.88) 17.08 (15.70 – 19.04)
Imaging ​ ​
Imaging technique Computed tomography Computed tomography
Scanner vendor SIEMENS, PHILIPS, GE, 

TOSHIBA
SIEMENS

Image type Technician controlled 
inspiratory CT

Spirometry controlled 
inspiratory CT

Number of CT’s 
available

​ ​

Total (any kernel) 
hard kernel 
soft kernel 
Both hard and soft 
kernel

186 
34 
63 
89

177 
3 
0 
174
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score. The FAB and SOPHIA datasets were scored by two trained, 
certified and experienced observers (Y. Chen and M. Bonte respectively) 
using the in-house developed SALDSegVol software, resulting in the sub- 
scores of %BE, %AWT, %MP, %AT, and the overall composite score % 
Disease ( %DIS= %BE+ %MP+ %AWT). To evaluate reliability, intra- 
class correlation coefficients (ICC) were calculated by each observer 
through rescoring a random subset of 25 scans again at least one month 
after their first scoring. The inter-class correlation coefficient was 
computed using a randomly selected batch of 25 scans from the other 
dataset. The hardest kernel was chosen amongst multiple re
constructions if available, for optimal visual scoring of lung 
abnormalities.

2.4. Automated analysis

All scans were analyzed using the PRAGMA-AI algorithm of LungQTM 

platform, identifying %BE, %AWT, and %DIS. The PRAGMA-AI algo
rithm uses the base algorithm of previously validated LungQ-BA algo
rithm [14], a brief description of which can be found in Supplementary 
material. The measurements by the BA algorithm were validated 
against actual manual measurements performed on over 4500 individ
ual airways in CF patients and healthy controls [14]. The algorithm 
computes the PRAGMA-AI outcomes, by overlaying each CT slice with a 
virtual square grid similar to visual scoring. Each grid cell is scored hi
erarchically making use of the BA algorithm and outcomes. Predefined 
thresholds are used to define thresholds for specific lung abnormalities, 
namely bronchiectasis (bronchus-artery ratio > 1.3968), bronchial wall 
thickening (bronchial wall-artery ratio > 0.1879), or other lung tis
sue/airways. Unlike manual method, the automated PRAGMA-AI pro
vides the option to generate outcomes using 10 randomly selected slices, 
or by using all available slices. Mucus plugging and atelectasis assess
ment is not part of PRAGMA-AI algorithm. Instead, a separate Mucus 
Plugging algorithm was developed that scans the entire segmented 
airway tree and identifies total number and computes the corresponding 
volume (ml) of detectable mucus plugs causing airway obstructions. For 
the main analyses we made use of the results from all available slices and 
if multiple kernels were available for analysis, the softest convolution 
kernel appropriate for lung assessment was chosen as is recommended 
for the LungQ software.

2.5. Statistical analysis

The two-way mixed effect ICC’s for intra- and inter-observer agree
ment below 0.5 was rated as poor, 0.5–0.75 as moderate, 0.75–0.9 as 
good, and above 0.9 as excellent [17]. Visual and automated outcomes 
were evaluated using descriptive statistics. The normality of the data 
was assessed using Shapiro-Wilk test and QQ plots. Visual and auto
mated outcomes were then compared using Spearman correlation co
efficient, where correlation lower than 0.2 was rated as very weak, 
0.2–0.4 as weak, 0.4–0.6 as moderate, 0.6–0.8 as strong, and 0.8–1.0 
as excellent [18]. Despite the outcomes not being directly comparable, 
we assessed their agreement using ICC’s and Bland-Altman plots for 
outcomes with identical units. Sensitivity analyses were performed to 
assess the impact of multiple factors, such as the number of CT slices 
used (10 vs. all slices), type of kernel (hard vs. soft), cohort, and disease 
severity on the correlation and agreement statistics. Statistical analyses 
were conducted using R software (Version- 4.4.1).

3. Results

The ICC’s, within and between two visual scorers for each sub-score 
are summarized in Table 2. Except for lower agreement in %AWT, all 
other sub-scores showed good to excellent agreement.

363 chest CT scans (FAB=186 [soft kernel: 82 %, hard kernel: 18 %] 
and SOPHIA=177 [soft kernel: 98 %, hard kernel: 2 %]) were scored 
visually and using automated algorithm of LungQ platform. The 

algorithm successfully analyzed 353 chest CT scans (97 %, FAB=181(97 
%) and SOPHIA=172(97 %)). On average a standard CT was processed 
in about 30 minutes, while a photon counting CT scan took about 50 
minutes to process using LungQ. Scans that failed during automated 
post-processing were excluded from the analysis. The reasons of failed 
scans are listed in the Supplementary material.

Descriptive statistics of visual PRAGMA-CF, automated PRAGMA-AI 
and Mucus Plugging outcomes, computed for “combined dataset” 
(FAB+SOPHIA) as well as each cohort is summarized in Table 3. The 
combined dataset consisted of 353 CT scans in total, excluding unpro
cessed scans and those with missing visual PRAGMA-CF scores.

3.1. Comparison of visual vs automated CT outcomes in Combined 
dataset

The tests conducted to check the assumption of residuals revealed 
non-normal distributions for both visual and automated sub-scores of 
the combined dataset. Therefore, spearman correlation was used to 
determine the relationship between visual and automated outcomes. A 
strong positive correlation was observed between visual and automated 
scoring methods for %BE and %DIS (0.84; CI95 %: 0.81-0.87, p<0.001 
and 0.82; CI95 %: 0.78-0.85, p<0.001, respectively). A weak correlation 
was observed for %AWT of 0.36 (CI95 %: 0.27-0.45, p<0.001). The 
comparison of visual %MP and automated number of mucus plugs as 
well as mucus volume showed strong correlations of 0.78 (CI95 %: 0.74- 
0.82, p<0.001) and 0.79 (CI95 %: 0.75-0.83, p<0.001), respectively. 
Scatterplots of these sub-scores are shown in Fig. 1.

ICC analysis and Bland-Altman plots were performed for the sub- 
scores with identical units in visual and automated analyses, namely 
%BE, %AWT, and %DIS. The ICC for %BE and %DIS indicated moderate 
agreement (0.69; CI95 %: 0.55-0.78, and 0.59; CI95 %: 0.43-0.70, 
respectively). A weak agreement was found for %AWT of 0.25 (CI95 %: 
0.15-0.35). Bland-Altman plots revealed that the limits of agreement 
were relatively wide for all outcomes (Fig. 2), and for %BE and %DIS, 
the difference between visual and automated outcomes increases when 
the average value increases. This is further supported by the correlation 
analysis and regression line plotted in Fig. 2A and C, revealing a pattern 
that automated scores tend to underestimate results compared to visual 
scores.

3.2. Sensitivity analyses

No meaningful differences were found when comparing automated 
PRAGMA-AI sub-scores, computed using 10 randomly selected slices 
(analogous to procedure in visual PRAGMA-CF) versus all available 
slices of CT scan (see Supplementary material). Therefore, automated 
results computed using all available slices were analysed and reported. 
To analyze the influence of convolution kernel, we compared automated 
outcomes generated using soft kernel CT scans with those generated 

Table 2 
Summary of Intra- and Inter-observer ICC with its corresponding 95 % confi
dence interval (CI95 %).

Variable Intra-class 
correlation 
coefficient scorer 1* 
[CI95 %]

Intra-class 
correlation 
coefficient scorer 2* 
[CI95 %]

Inter-class correlation 
coefficient between 2 
scorer 1* and 2* [CI95 

%]

%BE 0.96 [0.92, 0.98] 0.98 [ 0.95, 0.99] 0.81 [0.21, 0.94]
%AWT 0.54 [0.21, 0.77] 0.63 [ 0.21, 0.85] 0.24 [-0.09, 0.55]
%MP 0.92 [0.83, 0.96] 0.96 [ 0.89, 0.99] 0.96 [0.91, 0.98]
%AT 0.84 [0.68, 0.93] 0.91 [ 0.72, 0.97] 0.77 [0.47, 0.90]
%DIS 0.99 [0.98, 1.00] 0.97 [ 0.93, 0.99] 0.95 [0.80, 0.98]

ICC for visual PRAGMA-CF scoring. Within and between the observers calcu
lated based on random subset of 25 scans scored in Duplo. *: Scorer Y.C. in FAB 
cohort; #: Scorer M.B. in SOPHIA cohort; $: Scorers Y.C. & M.B compared to 
each other
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from hard kernel CT scans. Out of each 174 soft and hard kernel CT scans 
of SOPHIA, 162 successfully post-processed scans common between 
both kernels were selected for this sub-study. Spearman correlation 
analysis showed good to excellent correlation for all sub-scores (Table 4
and Fig. 3A, B). However, ICC analysis revealed only a moderate 
agreement for %BE and %AWT, while good agreement for %DIS and 

excellent agreement for mucus plugs and mucus volume were noticed 
(Table 4).

Bland-Altman plots showed similar pattern to the previous compar
ison of visual and automated outcomes. Again, high correlation was 
observed between the sub-scores, but the actual values were not iden
tical. Specifically, using hard kernel CT systematically showed lower 

Table 3 
Descriptives of visual and automated outcomes for FAB, SOPHIA and combined dataset.

Outcomes Combined Dataset FAB SOPHIA

MEDIAN IQR* MEDIAN IQR* MEDIAN IQR*

Visual variables
%BE 3.63 1.68 – 7.12 4.90 2.25 – 9.90 2.89 1.39 – 4.65
%AWT 0.62 0.20 – 1.35 0.46 0.14 – 0.73 0.99 0.35 – 2.23
%DIS 5.30 3.03 – 9.39 6.01 3.05 – 12.44 4.82 3.01 – 7.12
%MP 0.00 0.00 – 0.87 0.19 0.00 – 1.30 0.00 0.00 – 0.57
%AT 0.13 0.00 – 0.51 0.06 0.00 – 0.49 0.17 0.00 – 0.55
Automated variables
%BE 3.00 1.35 – 5.24 3.47 1.37 – 6.00 2.57 1.25 – 4.58
%AWT 1.02 0.45 – 2.02 1.36 0.60 – 2.34 0.69 0.31 – 1.74
%DIS 4.32 2.42 – 6.76 5.24 2.72 – 8.03 3.76 2.23 – 5.88
Mucus plugs 1.00 0.00 – 10.00 3.00 0.00 – 17.00 0.00 0.00 – 4.00
Mucus Volume 0.03 0.00 – 0.59 0.12 0.00 – 1.17 0.00 0.00 – 0.21

IQR*: Interquartile range

Fig. 1. The scatterplots of visual vs automated measurements for (A) Bronchiectasis, (B) Airway wall thickening, (C) Disease and (D) %Mucus plugging vs Mucus 
Volume (ml).
353 CT scans of Combined dataset (FAB and SOPHIA) were used for the analysis where colors of plot indicates the clinical cohorts used, where ρ: spearman cor
relation coefficient, p-value indicates null hypothesis of correlation is zero, CI95 %: 95 % confidence interval
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automated outcomes compared to soft kernel CT (Fig. 3). The hard 
kernel overestimated %AWT, while %BE was underestimated, in com
parison to manual scoring. However, a smaller impact by kernels was 
noticed on the combined outcome %DIS. A detailed representation of 
these findings comparing, visual PRAGMA-CF outcomes with automated 
outcomes computed using hard kernel, and visual PRAGMA-CF out
comes with automated outcomes computed using soft kernel, is pro
vided in the Supplementary material.

Additional analyses looking at the effects of disease severity and 

study cohort revealed no meaningful effects on the relations between 
visual and automated results (data not shown).

4. Discussion

In this study, we compared the results of a newly developed auto
mated PRAGMA-AI and Mucus Plugging algorithms with the clinically 
validated visual PRAGMA-CF outcomes. The automated algorithm suc
cessfully processed 97 % of applied CT scans, showing its feasibility in a 
real-world clinical setting. We found strong to excellent correlations 
between visual and automated sub-score for %BE and %DIS, while the 
ICC and Bland-Altman analysis indicated only a moderate agreement. 
Interestingly, the Mucus Plugging algorithm showed excellent correla
tion with visual %MP, despite having different outcomes units, sug
gesting it can effectively capture clinically relevant mucus plugs.

A key finding of our study is the strong correlation we found between 
the methods for assessment of %BE and %DIS. Bronchiectasis is the most 
clinically relevant marker of progressive CF lung disease, associated 
with exacerbations, reduced lung function, and survival [11,16,19]. Our 
findings indicate that PRAGMA-AI can indeed detect the signal of this 
key outcome similar to visual PRAGMA-CF score. However, the mod
erate agreement between the methods highlights that they should not be 
used interchangeably.

Contrary to %BE and %DIS, a weak correlation was found for %AWT 
between the methods. The visual assessment of AWT is challenging, 
subjective and prone to considerable variability, both within and be
tween observers [12,20]. This is also clearly reflected in the low intra- 

Fig. 2. The Bland-Altman plots drawn for sub-scores of (A) %Bronchiectasis, (B) % Airway wall thickening, and (C) %Disease.
The difference between visual and automated outcomes are plotted against mean of visual and automated outcomes for each sub-score for 353 CT scans of Combined 
dataset, where colors indicate clinical cohorts used.

Table 4 
Correlation and ICC analysis comparing automated outcomes of hard kernel vs 
soft kernels.

Variable Spearman correlation Inter-class correlation 
coefficient

ρ CI95 % p-value ICC CI95 %

%BE 0.87 0.83-0.91 <0.001 0.51 -0.07-0.78
%AWT 0.81 0.75-0.86 <0.001 0.55 0.01-0.76
%DIS 0.91 0.87-0.93 <0.001 0.83 0.23-0.93
Mucus plugs 0.96 0.94-0.97 <0.001 0.99 0.98-0.99
Mucus volume (ml) 0.96 0.95-0.97 <0.001 0.99 0.98-0.99

Summary of correlation analysis and Inter-class coefficient (ICC) analysis 
computed for 162 CT scans of SOPHIA comparing automated outcomes gener
ated using soft kernel CT scans and hard kernel CT scans, where ρ: correlation 
coefficient, ICC: Inter-class correlation coefficient and CI95 %: 95 % confidence 
interval
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and interobserver ICC’s given in Table 2. In this context the visual % 
AWT assessment may not at all be considered the ideal reference test to 
compare the automated tool with. The automated %AWT on the other 
hand, by design, offers a perfect repeatability. But this does imply it is 
more accurate in detecting true AWT and estimates can be affected by 
factors like kernel type and breathing standardization. However, both 
scoring methods are hierarchical in nature and prioritize BE over AWT 
as clinically BE is considered more permanent and relevant structural 
lung damage than AWT, which leads to subsequent underestimation of 

AWT. We found excellent correlation between visual and automated 
outcomes for %DIS, despite %AWT sub-score is incorporated in it. This 
suggests that AWT only contributes a small portion to the total %DIS. 
Similar observations were made in other studies where CF is primarily 
characterized by BE rather than AWT [21,22].

The Mucus Plugging algorithm utilizes airway segmentation to 
detect localized mucus plugs causing complete occlusions in the lumen 
of detected airway generations [23]. This approach distinctly differs 
from the visual %MP sub-score, which primarily captures peripheral 

Fig. 3. Scatter- and Bland-Altman plots comparing hard vs. soft kernel automated outcomes for %Bronchiectasis, %Airway wall thickening and %Disease.
162 CT scans of SOPHIA cohort post-processed successfully, available with both hard and soft kernels were chosen for the sub-study, where ρ: spearman correlation 
coefficient, p-value indicates null hypothesis of correlation is zero, and CI95 %: 95 % confidence interval
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tree-in-bud patterns and some larger central mucus plugs. Despite these 
differences, we found excellent correlations between the two assessment 
methods of mucus plugging. We hypothesize that the majority of pe
ripheral tree-in-bud patterns often associates with centrally localized 
mucus plugs obstructing the mucus and air flow in all higher airway 
generations that branch out from that location. While visually identi
fying these plugs may be possible, it would be extremely 
time-consuming. Recently, there has been increasing focus on the role of 
mucus in the pathogenesis of bronchiectasis, both in CF and non-CF [24,
25]. Mucus may not just be a marker of inflammation but could also be a 
critical, causal component in the vicious vortex leading to bronchiectatic 
airway damage [26]. Consequently, MP may serve as an essential 
sub-score detecting active infection and inflammation [27], particularly 
in patients with clinically symptomatic bronchiectatic airway disease 
[27,28]. Unlike BE, MP likely reflects a stages of disease where imple
mented interventions could still prevent progression to permanent 
structural lung damage. Our findings suggest that the automated Mucus 
plugging algorithm is as effective as %MP of visual PRAGMA-CF, in 
detecting clinically relevant occlusions in the airways, even though the 
outcome units of the two methods are fundamentally different.

As part of a sensitivity analysis, we compared automated sub-scores 
generated using 10 randomly selected slices and all available slices with 
visual sub-scores. We found no clear difference, supporting the 
assumption that 10 randomly selected slices provide a reliable repre
sentation of overall structural lung damage [9]. However, theoretically, 
using all available slices minimizes the risk of missing small, localized 
but clinically relevant abnormalities, making this approach preferable 
for more comprehensive analysis. We also observed differences in 
automated outcomes depending on whether hard or soft CT recon
struction kernels were used. Several studies have documented the 
impact of kernel selection on lung abnormalities assessment using 
automated algorithms [29,30]. The sensitivity analysis comparing 
automated outcomes of soft and hard kernels, showed good to excellent 
correlation, but revealed substantial variation in the prevalence of 
detected abnormalities, particularly in %BE and %AWT. Importantly, 
using soft kernels resulted in higher estimates of %BE compared to hard 
kernels (Figure 3A), but lower estimates of %AWT compared to hard 
kernels (Figure 3C). The comparison of soft kernel sub-scores and hard 
kernel sub-scores with its counterpart manual sub-scores showed similar 
trend. The soft kernel sub-scores showed proportional estimates to 
manual sub-scores, while hard kernels underestimated the %BE 
sub-score and overestimated the %AWT sub-score (see Supplementary 
material). Our findings support the notion that the used convolution 
kernel can play an important role and should be chosen considerately to 
avoid introducing bias. It should however also be noted that similar 
biases may occur in manual analysis, albeit much more laborious to 
investigate. In clinical practice, optimal reconstruction kernels may not 
always be available; our findings highlight the importance to at least be 
consistent in kernel selection, particularly when tracking disease pro
gression or treatment response within patients. This also stresses the 
importance of standardization of CT image acquisition protocols in 
research and clinical care.

Our study has several notable strengths. It includes multi-center data 
that encompasses a diverse range of disease severities and incorporates 
CT scans acquired using various vendors and protocols, enhancing 
generalizability of our findings. The large sample size enabled us to 
examine the effects of various factors affecting automated scoring 
mechanism, most notably reconstruction kernel. Highly experienced 
scorers performed the visual scoring, limiting the variability and 
ensuring an optimal reference for comparison with the automated out
comes. However, there are several limitations to our study. Although 
visual PRAGMA-CF is used as the gold standard, may not be a perfect 
reference method for the comparison, and the observed differences be
tween visual and automated scores could in fact be due to mis
classifications by either method. Additionally, the automated algorithm 
did not incorporate all sub-scores, (e.g. atelectasis), and used a different 

method for assessing mucus plugging, making direct comparisons 
challenging. The algorithm is also limited by its inability to quantify 
abnormalities in the most peripheral airways. We found that the auto
mated algorithm is prone to the effects reconstruction kernel used in CT 
acquisition and the fact that soft kernels were not available for all CT 
scans likely influenced the outcomes. Finally, it should be noted that this 
analysis only investigates the PRAGMA-AI tool in relation to the well 
validated manual PRAGMA-CF tool. Other AI-supported tools to quan
tify CF structural lung disease have been developed and may have 
benefits over PRAGMA-AI such as BA algorithm, NOVAA-CT etc. [13,
14]. Direct comparison of these outcomes with PRAGMA-CF is less 
relevant due to fundamental differences in the algorithm’s underlying 
principles, the types of abnormalities they detect, and the units in which 
outcomes are reported.

What are the clinical implications of our findings? Our analysis 
suggests that the PRAGMA-AI and Mucus Plugging algorithms are 
capable of effectively quantifying the most relevant abnormalities of CF, 
similar to visual PRAGMA-CF. In large clinical trials, registry studies, 
and in busy routine clinical care where visual scoring seems impractical, 
the automated algorithm could serve as a quick alternative, alleviating 
the burden of manual labor, while providing consistent, observer- 
independent quantified outcomes. Especially in the post-CFTR modu
lator era, the need for a sensitive clinical measures to detect and monitor 
the earliest signs of CF lung disease progression has become paramount, 
as traditional tests like flow-volume curves and sputum cultures have 
become less sensitive and more challenging [31]. Over the last decade, 
chest CT has become a common modality for routine monitoring and 
assessment of the progression of structural lung abnormalities in many 
CF centers in Europe and Australia [4,20]. Using automated algorithms 
like PRAGMA-AI and Mucus plugging can pave the way to leverage the 
information captured in these routine CT scans to advance our under
standing of structural lung damage in CF. We aim to use these algorithms 
in the ENRICH study, adding automated quantified structural lung 
outcomes of 5.000-10.000 chest CT scans to the ECFS patient registry. 
The results from these analyses will add to our knowledge and under
standing of the ability of PRAGMA-AI and other LungQ outcomes to 
detect structural lung abnormalities in PwCF, to monitor disease pro
gression over time and to assess treatment effects of ETI in this 
population.

In conclusion, the newly developed PRAGMA-AI and Mucus Plugging 
algorithms can effectively quantify structural lung abnormalities in 
children with CF and correlate strong with outcomes of the clinically 
validated visual PRAGMA-CF score. The excellent correlation implies 
that the automated algorithm can successfully replicate the key out
comes of visual method, while the moderate agreement indicates that 
they should not be considered equivalent or used interchangeably. For 
the future large clinical trials and registry studies, automated quantifi
cation algorithms are likely to play a pivotal role in assessing CF struc
tural lung disease.
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