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ABSTRACT

Background: Pneumonia (PNE) and cardiogenic pulmonary edema (CPE) are characterized by reduced air-

spaces dimension and edema. Their distinction through gold standard computed tomography (CT) is challenging 

due to their pattern similarity. Lung Ultrasound (LUS) is a tool for monitoring the progression of lung pathologies. 

LUS is portable, real-time, and non-ionized; however, standard LUS (S-LUS) relies on the subjective visualization 

of imaging patterns, leading to poor reproducibility and lack of diagnostic specificity. To enhance LUS diagnostic 

utility, quantitative LUS (Q-LUS) was developed. Q-LUS quantifies imaging patterns and explores their correlation 

to different pathophysiological conditions. In literature, vertical artifacts (VA) quantification proved capable of differ-

entiating PNE and CPE, however, this approach was never compared with gold standard.

Methods: We statistically investigate and compare the clinical significance of CT, S-LUS, and Q-LUS, in differenti-

ating PNE and CPE. From a cohort of 55 patients, CT, S-LUS, and Q-LUS data are acquired. CT and S-LUS data 

of each patient are evaluated to assign a semi-quantitative CT-score and S-LUS-score. Q-LUS radiofrequency 

data are acquired in multifrequency with convex (2, 3, and 4 MHz) and linear (3, 4, 5, and 6 MHz) probes. VA are 
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Introduction

There are clinical scenarios in the branch of res-
piratory medicine, where the diagnosis of lung diseases 
is hindered due to similarities across histopathologies 
[i.e., pneumonia (PNE) and cardiogenic pulmonary 
edema (CPE)]. However, the underlying patho-
physiological mechanisms inducing to a pathologi-
cal condition could be different (e.g., the presence of 
pulmonary edema) or coexist within the same patient. 
PNE can lead to non-cardiogenic pulmonary edema 
by increasing alveolar-capillary permeability through 
local inflammation. This results in the accumulation of 
protein-rich fluid inside the alveoli due to widespread 
epithelial and endothelial injury (1). Several cytokines,  
including IL-6, TNF − α, and IL − 1β, are known 
to disrupt the integrity of the alveolar-capillary bar-
rier, allowing albumin and other plasma proteins to 
leak into the lung parenchyma at high concentration  
(> 70% of the plasma content). The higher the cytokine 
levels, the more pronounced the leakage across the 
barrier becomes (2, 3). CPE, on the other hand, arises 
through a very different mechanism. Here, fluid shifts 
occur primarily due to elevated hydrostatic pressure, 
typically from left ventricular dysfunction, while the 
alveolar-capillary membrane remains largely intact. 
This results in the movement of a more protein-poor 
fluid, usually containing less than 50% of the plasma 
protein content (4). These different pathophysiologi-
cal mechanisms are clinically relevant, as they guide 
distinct therapeutic strategies: ventilatory and anti-
inflammatory support for PNE, and diuretics and 
preload reduction for CPE. While their diagnosis is 

essentially clinical, overlapping scenarios may occur, as 
observed during COVID-19, in which differentiating 
between PNE and CPE is crucial to guide appropriate 
therapy. Gold standard CT scan, while highly sensi-
tive, lack specificity in differentiating PNE and CPE, 
underscoring a persistent diagnostic challenge (5).

Indeed, CT provides an optimal visualization of 
subtle or multilobar opacities and complications such 
as abscess or empyema, which can influence manage-
ment in complex or immunocompromised patients. 
However, CT specificity is inconsistent (7–100%) due 
to overlap with other pulmonary diseases. Addition-
ally, compared to other imaging modalities, CT entails 
high radiation exposure (1–8 mSv), high costs ($150–
$1,500), and is poorly transportable. Lung ultrasound 
(LUS) has become increasingly popular at the bedside 
for evaluating respiratory failure. Indeed, this tool is ca-
pable of real-time imaging and is characterized by non-
ionizing radiation exposure. Standard LUS (S-LUS) in 
medical practice relies on the subjective interpretation 
of imaging patterns, mostly the vertical artifacts (VA) 
for their association to pathological conditions. Indeed, 
although VA genesis remains unsolved, their visuali-
zation seems associated with the presence of acoustic 
traps along the lung surface (6). Acoustic traps are lo-
calized areas on the lung surface presenting a reduc-
tion of the air-spaces dimension. When an ultrasound 
wave at a specific frequency enters into a trap, it gener-
ates multiple scattering phenomena that are repeatedly 
radiated back to the ultrasound probe. This phenom-
enon generates a VA in the image that starts from the 
pleural line and moves synchronously with the pleural 
sliding. In S-LUS, the presence of VA is associated 

manually segmented, quantified into three spectral quantities, and statistically analyzed to extract 15 features for 

each patient. The diagnostic significance of the scores is tested through Generalized Estimating Equation models. 

Results and Conclusions: Results show areas under the curve of 74%, 72%, 65%, and 53% for Q-LUS linear, 

Q-LUS convex, CT-score, and S-LUS-score, respectively, highlighting Q-LUS as the most significant tool.

Key words: Cardiogenic pulmonary edema, computed tomography, lung ultrasound, pneumonia, quantitative lung 

ultrasound
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Figure 1. Consort flow diagram of the progress through patients that were enrolled, screened by imaging mo-
dality, and their data analyzed.

to a numerical semi-quantitative scoring-system that 
describes the severity of the pathological condition. 
However, this methodology represents a subjective 
operator-dependent practice, which inexorably leads to 
poorly reproducible outcomes. Moreover, S-LUS falls 
short in discriminating PNE from CPE, particularly 
because VA appear in both and look similar (7).

Ongoing research into the diagnostic capabilities 
of LUS has led to quantitative LUS (Q-LUS) (8-12). 
While for S-LUS the imaging patterns are analyzed 
qualitatively to assign a semi-quantitative score, with 
Q-LUS the patterns are characterized by objective 
measurements that correlate with the pathophysi-
ological status of the lung. Recent studies focused on 
the spectral characterization of VA and their cor-
relation with lung diseases. Mento et al. (12, 13) ex-
tracted spectral parameters such as native frequency,

bandwidth, and TOT
max

I
f

 to indirectly estimate the 

acoustic traps size, heterogeneity, and media content. 
The study was conducted on a cohort of 66 patients 
affected by CPE, PNE, or pulmonary fibrosis, to 
analyze Q-LUS parameters accuracy in differentiat-
ing diseases (12). While the results proved capable 
of differentiating between PNE and CPE, the study 

was performed without comparing findings to CT or 
S-LUS, nor did it investigate the importance of the 
total amount of areas scanned per patients. Thus, a 
knowledge gap remains: current lung imaging modali-
ties lacks in objectivity, and spectral characteristics of 
VA are still underinvestigated. We hypothesize that  
Q-LUS could differentiate between cardiogenic edema 
(presenting acoustic traps filled with protein-poor 
fluid) and non-cardiogenic edema (acoustic traps filled 
with protein fluid and pus) (1, 4, 12). Starting from 
these hypotheses, we expect as the most indicative

parameter the TOT
max

I
f

, as it could characterize

different absorption level in different edema compositions.
In this study, we evaluate and compare the diagnostic 

performance of four different lung imaging approaches. 
Precisely, CT scan and S-LUS, based on semi-quantitative 
scoring systems, and a Q-LUS approach based on the 
extraction of quantitative spectral features, with data ac-
quired with a linear or a convex probe.

The data acquisition across the different imaging 
modalities and the statistical analysis are described 
in Sec. 2. The obtained results are shown in Sec. 3, 
whereas the conclusions are presented with the discus-
sion in Sec. 4.
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was scanned with a Mindray M9 (Mindray Medical 
International Ltd., Shenzhen, Guangdong, China) 
scanner equipped with a Mindray convex probe C5-1s 
(frequency range: 2.3–5.7 MHz) and the cine-loops 
stored (12). To avoid potential bias, operators were 
blinded to other imaging and laboratory results at the 
time of acquisition. A total of 12 cine-loops for each 
patient were stored (see an example of S-LUS image 
in Figure 2b).

1.1.3 Q-LUS

Respect to S-LUS, Q-LUS presents a different 
acquisition setting and strategy. Indeed, with S-LUS, 
all the 12 areas were scanned with a clinical scanner, 
independently on the presence of VA. Differently,  
Q-LUS utilizes a programmable Ultrasound Advanced 
Research Platform (ULA-OP) to acquire radiofre-
quency (RF) data (20). Data were acquired depend-
ently on the presence of VA as follows. Firstly, all the 
12-zones were analyzed with the same settings utilized 
for S-LUS acquisitions; the zones presenting VA were 
successively scanned with ULA-OP connected to a 
convex probe (Esaote CA631) and the cine-loops were 
stored. Successively, the zones scanned with ULA-
OP presenting VA were rescanned with the ULA-OP 
connected to a linear probe (Esaote LA533) and the 
cine-loops were stored. Here, the cine-loops stored 
are composed of 21 and 23 multifrequency images, 
centered at 3 (2, 3, and 4 MHz) and 4 (3, 4, 5 and  
6 MHz) different center frequencies for convex and 
linear probe, respectively (20) (see an example of  
Q-LUS multifrequency images in Figure 2c and d). In 
total, all the 55 patients were acquired with the convex 
probe and 28 patients (15 CPE and 13 PNE) were ac-
quired with the linear probe. The differences in the pa-
tient scanned with convex and linear probe are related 
to the original acquisition protocol, initially designed 
for a previous study (12).

1.2 Semi-quantitative scoring systems

1.2.1 Scoring system for CT scan

For each CT scan the following semi-quantitative 
scoring system was utilized to quantify parenchymal 
involvement across predefined lung regions (14). Each 

1. Methods

This is a prospective, single-center, observational 
diagnostic study conducted in the Emergency Depart-
ment (ED) of Humanitas Gavazzeni Hospital, Ber-
gamo, Italy, approved by the local Ethics Committee 
(approval number: 53/21 - 21/07/2021).

1.1 Dataset

Data were collected on adult patients presenting 
to ED with acute dyspnea or chest pain of suspected 
cardiopulmonary origin, between September 2021 and 
November 2022. From the study were excluded those 
patients presenting pregnancy, and refusal of consent. 
S-LUS and Q-LUS were performed within the first 
6 hours after presentation in ED, while chest CT was 
performed only when clinically indicated, without a 
predefined order relative to S-LUS. Chest X-ray was 
performed based on clinical indication (28/28 in the 
PNE group and 22/27 in the CPE group). From ad-
mission, all patients underwent routine blood tests and 
arterial blood gas analysis. In total, 55 patients were en-
rolled, 28 affected by PNE (50.9%) and 27 with CPE 
(49.1%). The final diagnosis was derived by means of 
standard clinical examination by a panel of senior physi-
cians integrating clinical, laboratory, and imaging data.

1.1.1 Chest CT scan

Chest CT was performed when deemed clinically 
necessary, using multidetector CT scanners available 
in the ED. Acquisition protocols followed institutional 
standards for thoracic imaging, with patients in supine 
position and scans covering the entire lung field (14) 
(see an example of CT scan image in Figure 2a). In 
total, CT scan data were acquired from 30 patients 
(54.5% with respect to the whole population), 18 af-
fected by PNE (60.0%) and 12 by CPE (40.0%).

1.1.2 S-LUS

For S-LUS, the patients were examined in su-
pine or semi-Fowler position. The examinations fol-
lowed a standardized 12-zones acquisition protocol 
(posterior zones 2 and 5 excluded) (15-19). Each area 
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Figure 2. Images acquired by different imaging modalities. CT scan in a), S-LUS in b), Q-LUS ac-
quired with the convex probe at 2, 3, and 4 MHz in c), and Q-LUS acquired with the linear probe at 
3, 4, 5, and 6 MHz in d), both displayed at 35-dB dynamic range.

lung pair imaged through a CT scan was subdivided 
into 12 areas and the peripheral (cortical) lung zone of 
each area (defined as the outermost 2 cm of the paren-
chyma) was scored. The scores were assigned accord-
ing to the predominant pattern observed: score 0, no 

evident pathological findings; score 1, initial pleural ir-
regularities and/or early ground-glass changes; score 2, 
predominant ground-glass pattern and/or mixed areas 
with small consolidations; score 3, predominant con-
solidation pattern (not evaluable in cases of abundant 
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1.3 Q-LUS spectroscopy on vertical artifacts

1.3.1 Segmentation and quantification

VA quantification is performed with the follow-
ing three-steps procedure (11, 12, 23, 24). In step 1, 
RF multifrequency images were post-processed by 
removing unwanted frequency components with a 
12th order bandpass Butterworth filter (1.8-MHz 
bandwidth centered around each transmitted center 
frequency) (11, 12, 23, 24). Thereafter, the signal enve-
lope was extracted by means of the Hilbert transform. 
Each multifrequency image was then normalized with 
respect to its maximum value (11, 12, 23, 24). At the 
end, the images were displayed in logarithmic scale 
with a 35-dB dynamic range (11, 12, 23). In step 2, VA 
were manually segmented by an operator. In this step 
it is important to clarify that a multifrequency image 
is composed of a subset of N images, where N is the 
number of selected center frequencies for each probe,  
3 and 4 for linear and convex probe, respectively. Among 
each multifrequency image, the sub-image containing 
the most extended VA was selected to define the region 
of interest (ROI). For each VA, a ROI was manually 
defined with a width that fully contains the VA and a 
depth that starts 2-4 mm under the pleural-line and ex-
tends until the bottom of the image. The defined ROI 
is then applied to each subimage of a multifrequency 
image to extract N representations of the same VA at N 
different frequencies. Step 3, each segmented VA (one 
for each center frequency) was quantitatively measured 
by means of the ITOT  (   f  ) value (11, 12, 23, 25).

pleural effusion) (14). To avoid potential bias, the 
scores were assigned by a pneumologist and an emer-
gency physician (with more than 10 years of experi-
ence in thoracic imaging), both blinded to clinical and 
ultrasound findings. Discrepancies between assessors 
were resolved by consensus between evaluating phy-
sicians. In total, 346 CT lung areas were scored (see 
Figure 3a) and used to characterize each patient in two 
ways: by the scores assigned to all the 12 areas or by the 
cumulative sum of the scores obtained by all the areas 
in a single patient.

1.2.2 Scoring system for S-LUS

S-LUS utilizes a semi-quantitative scoring sys-
tem to provide a measure on the lung condition.  
A score from 0 to 3 is assigned to each of the twelve 
cine-loops stored. The score is assigned following the 
consensus guideline consisting on assigning score 0 to 
a video presenting a continuous pleural line with the 
possible presence of horizontal artifacts. Score 1 to a 
video presenting the first appearance of abnormali-
ties, such as discontinuous pleural line and presence 
of VA. In score 2 the presence of small consolidations 
appears, reporting further loss of aeration on the lung. 
Score 3 presents a further deaerated lung presenting 
large consolidation and possibly VA (18, 21, 22). In 
total, 635 S-LUS areas were scored (see Figure 3b) 
and used to characterize each patient in two ways: by 
the scores assigned to all the 12 areas or by the cumu-
lative sum of the scores obtained by all the areas in a 
single patient.

Figure 3. Histograms of a) CT scores and b) S-LUS scores for PNE (gray bars) and CPE (green bars).
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contributed multiple regions and each region contrib-
uted several artifacts, observations were modeled us-
ing GEE with clustering at patient ID to account the 
number of measures from a single patient. To identify 
the most informative quantitative features, we fitted 
a GEE logistic model for every possible non-empty 
combination of the 15 statistical features (215–1 to-
tal models); for each model we computed the quasi-
likelihood under the independence criterion (QIC), 
and selected, separately for convex and linear probes, 
the combination with the lowest QIC as the best-fit-
ting model. For these best GEE models, we addition-
ally fitted generalized linear mixed models including a 
random intercept for patient ID to quantify between-
patient variability and derive the intraclass correlation 
coefficient (ICC). ICC was then computed to assess 
the degree of within-cluster dependence: values above 
0.05 were considered indicative of non-independence 
and justified the use of a GEE framework. Multicol-
linearity among predictors was assessed using the mul-
tivariable Variance Inflation Factor (VIF), with values 
<4 regarded as acceptable. Only after confirming a 
suitable model family, non-negligible clustering, and 
acceptable collinearity, we proceeded with the GEE 
analysis. Odds ratios, 95% confidence intervals, and 
p-values were extracted and displayed through forest 
plots to compare feature relevance across probes. Di-
agnostic discrimination was evaluated using receiver-
operating characteristic (ROC) curves and area under 
the curve (AUC), computed both at the patient and 
at the areas level for CT, S-LUS, and Q-LUS. We 
employed a repeated stratified nested k-fold cross-
validation structured as follow. At the patient-level, 
an outer loop equal to 4 and an inner fold equal to 3 
were utilized; at the area-level, an outer loop equal to 
6 and an inner fold equal to 5 were utilized. Different 
fold dimensions between patient and area level were 
selected due to different data points available. Indeed, 
at the patient level we have 28 PNE and 27 CPE, for 
a total of 55 data points: at the area level this number 
increase, as each patient has multiple scanned areas. In 
the inner fold, GEE hyperparameters are optimized 
and then tested in the outer fold, where held-out pre-
dictions on patients never seen during training are 
produced. This procedure is repeated 10 times with dif-
ferent random fold assignments to mitigate potential 
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APIX is the pixel area (5.1018 × 10–3 mm2 for the 
convex probe and 3.7877 × 10–3 mm2 for the linear 
probe), i and j are the i-th row and j-th column of the 
pixel (with intensity greater than -35 dB) (12, 23, 26). 
ROI(i,j) is the pixel intensity in logarithmic scale.

1.3.2 Features extraction

Each VA is quantitatively described by three 
and four ITOT  (  f  ) quantities (one for each center 
frequency), for convex and linear probe, respectively. 
These quantities are utilized to extract three spectral 
features for each VA: native frequency, bandwidth, and 

TOT
max

I
f

 (11, 12, 23). Native frequency is the frequency

presenting TOT
max

I
f

, bandwidth is the range of
frequencies presenting ITOT value above -6  dB from 

TOT
max

I
f

, and TOT
max

I
f

 is the maximum ITOT  (  f  ) 

of VA (11, 12, 23). The spectral features extracted are 
successively utilized to calculate minimum, 25% quar-
tile (Q25), 50% quartile (Q50), 75% quartile (Q75), 
and maximum values at the patient-level and at the 
area-level within a patient [e.g., at the patient-level, 
from a patient with 12 areas, we obtain for each pa-
tient a value for each feature; at the areas-level, we ob-
tain for each patient 12 values for each feature]. This 
yielded two datasets of 15 statistical features, one at 
the patient level, and one at the area level, within a 
patient.

1.4 Statistical analysis

A comprehensive statistical analysis was per-
formed by a biostatistician to compare the diagnostic 
performance of CT score, S-LUS score, and Q-LUS 
data with convex or linear probes. For CT and S-LUS, 
diagnostic accuracy was assessed using the conven-
tional cumulative patient-level score. Complementa-
rily, a Generalized Estimating Equations (GEE) at the 
lung-area level was applied to account for patient-level 
regional correlation. For Q-LUS, because each patient 
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missing scores as the radiologist did not report them. 
Clinical characteristics of the overall study popula-
tion are summarized in Table 1. Baseline demographic 
and clinical severity variables were comparable be-
tween the PNE and CPE groups. As shown in Table 
1, all patients with pneumonia exhibited clear signs 
of systemic inflammation, with significantly higher 
white blood cell counts and C-reactive protein lev-
els. In contrast, patients with heart failure displayed 
markedly higher indices of cardiac overload, particu-
larly significantly elevated B-type natriuretic peptide 
(838 pg/mL). Notably, age, sex, days of intensive care 
unit hospitalization, degree of oxygenation, lactates, 
and oxygen support requirements were comparable 
between the two groups, indicating a similar overall 

partitioning bias. Since each patient contributes mul-
tiple observations (one per lung area), all observations 
from the same patient are kept together in the same 
fold. This prevents data leakage across folds. Missing 
CT or lung-area data were reported but not imputed.

2. Results

2.1 Semi-quantitative and quantitative data

Following the consort graph (27) in Figure 1, 30 
patients were acquired with CT scan, for a total of 346 
areas scored (average of 11.5 areas scored per patient), 
as depicted also in Figure 3a. Here, some areas present 

Table 1. List of the clinical analysis performed to find the diagnosis, divided into PNE (second column) and CPE (third column). 
The p-values of the distributions are reported on the third column.

Characteristics PNE (N = 28¹) CPE (N = 27¹) p-value²

Sex    0.200

Male 21 (75.0%) 16 (59.3%)

Female 7 (25.0%) 11 (40.7%)

Average age [years] 80.5 (68.0–88.0) 88.0 (80.0–91.0) 0.059

ICU/PACU hospitalization [days] 3 (10.7%) 1 (3.7%) 0.611

Positive nasopharyngeal COVID-19 PCR 6 (21.4%) 0 (0.0%) 0.023

History of smoking 5 (17.9%) 5 (18.5%) 1.000

PaO2/FiO2 ratio [mmHg] 269 (238–362) 259 (209–326) 0.109

Nasal prongs 0.322

No 6 (21%) 9 (33%)

Yes 22 (79%) 18 (67%)

Non-invasive ventilation 0.937

No 21 (75%) 20 (74%)

Yes 7 (25%) 7 (26%)

Lactates [mmol/L] 1.20 (1.00–2.15) 1.20 (0.90–2.10) 0.375

White blood cells [10³/µL] 12.2 (9.2–17.3) 7.9 (6.4–10.2) 0.003

C-reactive protein [mg/L] 0.56 (0.31–13.50) 0.16 (0.06–0.90) 0.019

B-type natriuretic peptide [pg/mL] 189 (100–457) 838 (500–1907) <0.001

LUS Global Score 19 (11–25) 21 (12–26) 0.600

Consolidation on X-ray 18 (69%) 5 (21%) <0.001

Interstitial diseases on X-ray 9 (35%) 19 (79%) <0.002

1n (%); Median (Q1–Q3); 2Pearson’s Chi-squared test; Wilcoxon rank sum test; Fisher’s exact test. For each dichotomous variable (e.g., Yes/No), the 
table reports the number of patients meeting the condition (Yes) and the corresponding percentage within each diagnostic group.
Abbreviations: PNE = Pneumonia; CPE = Cardiogenic Pulmonary Edema; ICU = Intensive Care Unit; PACU = Post Anesthesia Care Unit;  
PaO2 = Partial pressure of arterial oxygen; FiO2 = Fraction of inspired oxygen; mmHg = millimetres of mercury; mmol/L = millimoles per litre;  
mg/L = milligrams per litre; pg/mL = picograms per millilitre; µL = microlitre.

S4C
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clinical severity. Furthermore, Table 1 reports imag-
ing scores of CT scan and S-LUS and the features 
of chest X-ray. Overall, apart from imaging findings 
specific to each condition (e.g. consolidations on the 
chest X-ray, clearly suggesting PNE, or interstitial dis-
eases, suggesting CPE), the main clinical and venti-
latory characteristics were largely similar between the 
two populations. For S-LUS, the whole cohort of 55 
patients were acquired, for a total of 635 areas scored 
(average of 11.5 areas scored per patient), as depicted 
also in Figure 3b. Here, some areas present missing 
scores as some scans were not performed due to the 
patient condition.

Q-LUS data with the convex probe were also 
acquired from the whole population, obtaining a 
total of 2216 VA (average of 40.3 VA per patient), 
which were segmented and quantified. Q-LUS data 
with the linear probe were acquired from 28 patients 
(50.9% with respect to the whole population), 13 
with PNE (46.4%) and 15 with CPE (53.6%). From 
these patients, a total of 857 VA were segmented and 
quantified (average of 30.6 VA per patient). Differ-
ences in number of data acquired with the convex 
and linear probe are due to the acquisition protocol 
adopted for this dataset, which was acquired for a 
previous study (12).

2.2 Statistical analysis

In Table 2 the significance of the 15 statistical 
features is depicted for both convex and linear probes. 
From the convex probe, all the statistical features

extracted from TOT
max

I
f

 are significant, with a 

particular emphasis for the max of TOT
max

I
f

, which 

shows the lowest p-value (≈ 0.0007). For the linear 
probe, 7 statistical features are significant, and well dis-
tributed between native frequency (2), bandwidth (3),

and TOT
max

I
f

 (3).

In Figure 4, the results of the QIC-based 
goodness-of-fit test depicts how the best performing  
Q-LUS model depends on the probe. For the convex 
probe, the optimal model included two features: Q25 

of the native frequency and the max of TOT
max

I
f

.

For the linear probe, the best model combined 

Q50 native frequency, Q50 of TOT
max

I
f

, and max

bandwidth. Both best models showed minimal col-
linearity, as indicated by very low VIF values (all VIF 
≤1.02), confirming the absence of multicollinearity 
among selected predictors. To quantify patient-level 
clustering, the best models were reestimated using 
logistic mixed models. Both probe configurations 
displayed extremely high intraclass correlation coef-
ficients (ICC convex = 0.999; ICC linear = 0.998), 
indicating that most variance in Q-LUS features was 
attribulele to differences between patients rather than 
within-patient regional variability.

In Figure 5 the ROC curves are represented. Both 
convex and linear probe Q-LUS models clearly outper-
formed CT scan and S-LUS. AUC scores at the patient 
level showed values of 0.72 and 0.74 for Q-LUS with con-
vex and linear probe, respectively; CT scan and S-LUS 
shows AUC of 0.65 and 0.53, respectively (Figure 5a).  
To further assess performance at a more granular reso-
lution, ROC curves were reconstructed using area-level 
GEE models that accounted for patient-level correla-
tion across lung regions (Figure 5b). Under this frame-
work, the discrimination performance of Q-LUS linear 

Table 2. P-values obtained from the Welch’s t-test. The signifi-
cant values (≤ 0.05) are highlighted in green.

Features Convex Linear 

NativeFrequency Min 0.1492 0.0217 

Q25 0.0539 0.0991 

Q50 0.2925 0.0492 

Q75 0.4846 0.6681 

Max 0.5941 0.2167 

Bandwidth Min 0.1021 0.7536 

Q25 0.0868 0.1028 

Q50 0.1702 0.0011 

Q75 0.3260 0.0075 

Max 0.1369 0.0031 

TOT
max

I
f

Min 0.0219 0.2272 

Q25 0.0068 0.0353 

Q50 0.0044 0.0148 

Q75 0.0021 0.0291 

Max 0.0007 0.0526 
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Figure 5. ROC curves comparing the GEE models with the lowest QIC and their corresponding feature sets 
for both the linear probe (green line) and the convex probe (purple line). Panel (a) displays ROC curves com-
puted at the patient level, comparing these GEE models with the cumulative CT scan score (blue line) and the 
cumulative S-LUS score (yellow line). Panel (b) shows ROC curves comparing the same GEE models with 
regional scores within individual patients, both for the CT score (blue line) and the S-LUS score (yellow line). 
The numbers displayed correspond to the area under the curve (AUC) of each ROC.

Figure 4. QIC of different GEE specifications using 15 features. Each dot represents a model; the color gra-
dient indicates stability, with lighter shades denoting fewer stable models and darker shades indicating more 
stable ones. The x-axis shows the number of features included in each model, whereas the y-axis reports the 
∆QIC, defined as the difference between the estimated model’s QIC and the lowest QIC value obtained across 
all simulations. The black diamond marks the model we selected for both convex (a) and linear (b) probes.

probe improved, with an AUC of 0.75, while with the 
convex probe the results show lower AUC values re-
spect to the area level, 0.67; CT scan and S-LUS dem-
onstrated poor discrimination performance with an 
AUC of 0.50 and 0.51, respectively.

3. Discussion and conclusion

Lung imaging serves as a support strategy in the 
diagnosis of lung diseases. Current imaging modalities 
lack diagnostic specificity and include gold-standard 
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CT and S-LUS imaging support for the diagno-
sis of lung diseases rely on subjective interpretation of 
imaging patterns. CT scan represents the gold stand-
ard, however, this imaging modality presents several 
limitations due to costs, radiations, and the need to 
transport patients to radiology. Chest CT was used in 
this study as the current clinical reference imaging mo-
dality rather than as an absolute gold standard for etio-
logical discrimination between PNE and CPE. While 
CT remains highly sensitive in detecting lung involve-
ment and its extent, its specificity in differentiating 
cardiogenic from non-cardiogenic pulmonary edema 
is known to be limited due to overlapping radiological 
patterns. In this context, CT represents the best avail-
able comparator in routine clinical practice, against 
which emerging imaging approaches should be tested, 
rather than a definitive ground truth. Accordingly, the 
inferior discriminative performance of CT observed 
in this study should be interpreted as a reflection of 
its intrinsic limitations in this specific diagnostic task, 
rather than as a methodological shortcoming.

S-LUS represents the less efficient tool in the di-
agnosis of lung edema, due to the subjective interpre-
tation of the imaging patterns, the lack in diagnostic 
specificity, and the similarities between S-LUS find-
ings in PNE and CPE. Our results markedly differ 
from those reported in the literature. Two recent meta-
analysis studies showed high diagnostic performance 
for LUS, with a ROC ≥0.9 for pneumonia and acute 
heart failure. However, these papers also underscore 
that S-LUS relies on subjective interpretation of VA, 
which limits its specificity in distinguishing PNE from 
CPE (28, 29). Furthermore, the visualization of LUS 
patterns is dependent on parameters such as the ac-
quisition frequency, focal depth, Time-to-Gain Com-
pensation (TGC), and the type of probe. These factors 
limit the clinical outcome.

Results obtained with CT scan score and S-LUS 
score at the area level present low AUC values (≤0.51) 
suggesting a random discrimination of the two dis-
eases. Differences between patient and area level re-
mains invariate for S-LUS as also demonstrated in a 
randomized crossover study in ARDS patients (30). 
The regional S-LUS score reflects aeration in a spe-
cific lung area (0–3 per region) and shows substantial 
agreement with CT scan classification, whereas the 

CT scan, which exposes patients to ionizing radiation, 
and S-LUS, which is based on the subjective interpre-
tation of VA. These limitations are particularly rele-
vant in conditions that share similar histopathological 
features, such as PNE and CPE. However, despite 
these similarities, their underlying pathophysiologi-
cal mechanisms differ substantially and may be over-
looked by CT and S-LUS standard imaging.

In this study, we looked at two histology pre-
senting edema and, in line with expectations regard-
ing the physical information provided by the features, 
the most important feature is the one who represent 
change in absorption. Indeed, as reported in Table 2, 

the statistical features of TOT
max

I
f

 are the ones who 

better distinguish PNE and CPE, which are similar 
from the point of view of their altered structure, but 
different in the content of edema. Therefore, these 
diseases are expected to differ in the way they absorb 
the ultrasound waves entering in the traps. Q-LUS 
demonstrated the ability to diagnose PNE and CPE 
through the quantification of VA patterns. In this pa-
per, we compared the differential capabilities of CT 
scan, S-LUS, and Q-LUS convex and linear probes 
data acquired in-vivo from the same cohort of pa-
tients, affected by PNE or CPE. Results depict how 
Q-LUS outperforms CT scan and S-LUS in differ-
entiating PNE and CPE in terms of AUC (see Figure 
5). Q-LUS achieves the best performance when the 
linear probe is utilized, as the Welch’s t-test, the QIC, 
and the ROC results depict, supporting the results ob-
tained from previous studies (12, 13). Indeed, the linear 
probe offers a wider range of available frequencies that 
provide a more detailed characterization of the spectral 
features of a specific lung area (12, 13). With respect 
to the linear probe, the convex probe presents a limited 
range of frequencies, which limit the characterization 
of the lung areas (12, 13). The Welch’s t-test support 
the results obtained from QIC, which depict as best 
features for discrimination of PNE and CPE, Q25 

of the native frequency, and the max of TOT
max

I
f

 

(the feature with the lowest p value ≈ 0.0007) for the 
convex probe. For the linear probe, the Q50 of the 

native frequency (p-value ≈ 0.0492) and TOT
max

I
f

 

(p-value ≈ 0.0148) and max bandwidth (p-value ≈ 0.0031).
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other anatomical components may hinder the ultra-
sound wave by generating additional multiple reflec-
tion and absorption phenomena, influencing the total 
intensity and the bandwidth of VAs spectral features.

It is important to clarify that the manual seg-
mentation of vertical artifacts represents a subjective 
practice, which may lead to potential operator biases. 
Although this introduces a margin of subjectivity,  
Q-LUS is more objective than other imaging tools that 
present subjectivity in the detection of imaging patters 
and in the assignment of semi-quantitative scores. Ad-
ditionally, to minimize operator-dependent variability, 
vertical artifacts were segmented by a single operator 
and successively verified and confirmed by expert cli-
nicians with more than 15 years of experience in lung 
ultrasound. In future studies, to fully leverage Q-LUS 
objectivity, automatic segmentation algorithms need 
to be utilized. These algorithms need to be tested and 
optimized on larger amount of data to avoid further 
biases, overfitting, or poor performances.

Q-LUS with the linear probe is the most success-
ful model, but it also presents the most limited number 
of samples, weakening the overall analysis. In future 
studies, additional patients, presenting both CT, S-
LUS, and Q-LUS imaging exams, could be analyzed 
to strengthen the results of the analysis. We want to 
clarify that in daily clinical practice, the standard di-
agnostic pathway to discriminate between PNE and 
CPE is merely clinical: adding symptoms to imaging 
and response to drug/ventilatory therapy. Indeed, the 
focus of this study is not to differentiate PNE and 
CPE, but to evaluate and compare with the state of 
the art a new technology that supports the clinicians 
in three ways. First, the execution of a real-time and 
portable imaging modality, especially in hemodynami-
cally and ventilatory insatiable patients. Second, a tool 
that enables monitoring of the lung pathology during 
time, in ways not possible with ionizing radiation ex-
posure. Third, in case of overlapping pathologies (i.e., 
for PNE and CPE), the capability to distinguish dif-
ferent pathophysiological mechanisms.

To conclude, Q-LUS moves LUS beyond its tra-
ditional role as a bedside substitute for complex imag-
ing. By reflecting real changes in lung microstructure, it 
provides information that are closer to the underlying 
pathology than current radiation-based or subjective 

global S-LUS score sums regional values across 12 
lung regions (0–36), providing an overall assessment of 
lung aeration and correlating strongly with mean CT 
scan density. However, the statistical approach in that 
trial was limited to paired tests and repeated-measures 
ANOVA without the use of GEE, despite the nested 
and repeated nature of the data. Such an approach may 
limit the robustness and generalizability of the find-
ings, as it does not fully account for the hierarchical 
structure of the measurements (i.e., patient and lung 
areas). Indeed, the examination of single lung areas 
could reduce the ability to accurately describe the over-
all pathophysiological status of the lung. Instead, they 
could describe a different stage of the same pathology, 
or the presence of patterns formed by other causes (e.g. 
mechanical trauma) (31). Contrary, the areas-level 
method outperforms the patient-level method.

Spectral Q-LUS parameters (i.e., native frequency, 

bandwidth, and TOT
max

I
f

) originate from the spectral

spectral analysis of VA and offer a window into mi-
croscopic changes occurring at the lung surface. Their 
interpretation stems from the acoustic trap hypothesis: 
when the peripheral air-spaces are altered, they can 
trap ultrasound waves, and the characteristics of these 
trapped waves reveal information about the underlying 
tissue. Considering that the native frequency reflects 
indirectly the size of the trap dimension, bandwidth 

shows their homogeneity, and TOT
max

I
f

 describe the 

filling content of the traps. With these measures, our 
best-performing model relied on the median native 

frequency and TOT
max

I
f

, together with the maximum

bandwidth, since these parameters capture the very 
essence of how the diseased lung reshapes and be-
haves. Here, we primarily associated different at-
tenuations of the ultrasound backscattered signal 
to edema composition inside the acoustic traps: i.e., 
protein-rich and protein-poor fluids. Indeed, we ex-
pect that a protein-rich edema has a higher attenu-
ation coefficient compared to protein-poor edema, 
leading to less intense VA. However, edema composi-
tion is not the only attenuating factor; other patho-
logical elements (e.g., cellular debris) contribute with 
the alteration of the ultrasound wave propagation 
in complex ways. The presence of cellular debris or 
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