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H I G H L I G H T S

• We propose a novel methodology to estimate the velocity of pleural sliding, inspired by functional ultrasound (fUS).

• The proposed methodology was evaluated on two datasets, comprising five different pathological populations.

• The estimated sliding velocities were within the physiological range.

• Statistical analysis and binary classification highlighted the diagnostic potential of this feature.
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A B S T R A C T

Quantitative lung ultrasound (LUS) has emerged as a way to improve current LUS data analysis, based on the 

visual interpretation of imaging patterns. However, most studies on quantitative LUS have neglected dynamic 

imaging patterns. Among these, pleural sliding is well-known for its clinical relevance, but few studies have fo­

cused on its quantitative characterization. Therefore, in this study, we introduce a novel methodology to estimate 

the velocity of pleural sliding inspired by functional ultrasound (fUS). Additionally, we assessed, through binary 

classifiers, the potential of this feature in distinguishing between lung pathologies. We applied the methodol­

ogy to two in-vivo datasets, comprising multifrequency RF data acquired from patients affected by cardiogenic 

pulmonary edema (CPE), pneumonia, COPD, fibrosis, and exacerbated. Specifically, we analyzed a total of 536 

multifrequency LUS videos from 79 patients. The resulting sliding velocity values were within the physiological 

range (≈0.49 mm/s - ≈ 4.39 mm/s). Among all pathological populations, COPD was characterized by the min­

imum velocity and pneumonia by the maximum velocity, on average. The statistical analysis highlighted some 

statistically significant differences, especially when comparing COPD with the other pathologies. These differ­

ences were confirmed also with binary classifiers that showed accuracies up to 94.06% (when differentiating 

between COPD and pneumonia). These results demonstrate the potential of this novel methodology to extract 

clinically valuable information and highlight its applicability in future diagnostic processes.

1 . Introduction

Lung ultrasound (LUS) is a non-invasive imaging technique that 

offers many advantages, such as safety, bedside availability, cost-

effectiveness, and real-time imaging [1,2]. These advantages make it 

suitable also for resource-limited environments and emergency situa­

tions, such as pandemic scenarios [3]. However, LUS does not enable di­

rect anatomical representation of the lung because air disrupts the prop­

agation of ultrasound waves beyond the pleural line [1,3]. The analysis 
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of LUS videos is therefore limited to the visual interpretation of imaging 

patterns, which is highly subjective and leads to qualitative analysis [1].

Recent studies have been focusing on quantitative approaches as a 

way to overcome this limitation. Specifically, these approaches focus on 

extracting quantitative features to characterize imaging patterns. These 

features demonstrate differentiating potential [1,4,5], showing that they 

could be used as relevant parameters during the diagnostic process. 

However, most studies on quantitative LUS focus only on the static as­

pect of imaging patterns, neglecting valuable information that could be 

obtained from dynamic features.

A well-known dynamic imaging pattern is pleural sliding, also called 

lung sliding. This pattern can be identified as a lateral movement of 

the pleural line and is thought to be caused by the two pleural lay­

ers sliding on each other [6]. Pleural sliding can be found in most of 

the LUS videos since it is an indication of aeration of the lung at the 

site of the probe placement on the chest wall [1]. The relevance of this 

pattern is already well-established, since its absence indicates a patho­

logical case that affects lung compliance and/or regional ventilation [7]. 

For example, Lichtenstein et al. [8] demonstrated that pneumothorax 

is characterized by the absence of pleural sliding. Moreover, Via et al. 

[9] reported some qualitative variations in the velocity of pleural slid­

ing across different pathologies. However, the qualitative assessment of 

these variations limits the reproducibility and accuracy of the results.

Only a few studies have focused on the quantitative characterization 

of pleural sliding, both in terms of amplitude and velocity [7,10–17]. 

Lichtenstein et al. [10] proposed a simple technique based on the manual 

measurement of the amplitude of pleural sliding, obtained by measuring 

the displacement of some reference points. This technique was also used 

in Şirin et al. [11] to analyze the pleural sliding of LUS data acquired 

from mechanically ventilated patients. However, the identification of 

the reference point is not straightforward, especially on healthy lungs 

where no irregularities are present, and the manual measurement of 

pleural sliding remains characterized by high subjectivity. Alternatively, 

two automated techniques have been developed to quantify this pattern: 

respectively based on Doppler ultrasound and Speckle tracking.

The application of Doppler ultrasound to LUS data was proposed 

by Rose et al. [12]. Specifically, they implemented tissue Doppler and 

qualitatively demonstrated that it could distinguish between present or 

abolished pleural sliding. Xiao et al. [13] also applied tissue Doppler 

on data acquired from patients with unilateral pneumothorax. They re­

ported values of ≈3.8 mm/s for the pneumothorax side and ≈5.9 mm/s 

for the non-pneumothorax side. Briganti et al. [7] used both a pulse wave 

Doppler to estimate the velocity of pleural sliding and a manual mea­

surement to estimate the amplitudes on B-mode data. The pleural sliding 

velocities estimated were ≈10.3 cm/s at the apex and ≈13.9 cm/s at the 

base.

Dori and Jakobson [18] first hypothesized the application of speckle 

tracking to pleural sliding quantification. This technique was used by 

Duclos et al. [14] and by Fissore et al. [15] to distinguish between 

cases of pneumothorax and non-pneumothorax. They reported results 

in terms of maximal pleural strain and demonstrated the diagnostic po­

tential of this feature when considering pneumothorax cases. Duclos 

et al. [16] also applied the same speckle tracking technique to a dataset 

of healthy volunteers. In this case, they highlighted greater lung mo­

tion in the posterior area than in the anterior one. Speckle tracking was 

also used by Tzadok et al. [17] to differentiate between Covid-19, acute 

decompensated heart failure (ADHF), and non-respiratory complaint pa­

tients. They found a significant increase in velocity in ADHF patients 

(≈3.4 mm/s), followed by Covid-19 patients (≈1.4 mm/s), and patients 

with non-respiratory complaints (≈0.2 mm/s).

However, the proposed approaches are based on existing techniques 

developed for other applications and they might not be optimal for LUS 

data. For example, speckle tracking is not applicable at the pleural in­

terface or within the lung region because a fully formed speckle pattern 

cannot be assumed to exist in these areas. Additionally, Doppler ul­

trasound is angle dependent, and velocity measurement at 90◦ is not 

possible. However, most of the LUS acquisitions are obtained with the 

probe at a 90◦ angle with respect to the pleural line. Therefore, even if 

these techniques provide some insightful results, a proper characteriza­

tion of pleural sliding may benefit from the development of a dedicated 

methodology.

Furthermore, most of these studies [12–15] and proposed deep-

learning techniques [19,20] focused merely on identifying the presence 

or absence of pleural sliding to diagnose pneumothorax. The characteri­

zation of this imaging pattern in other pathologies and in healthy lungs 

remains to be thoroughly investigated.

This paper aims to quantify pleural sliding by introducing a novel 

methodology inspired by functional ultrasound (fUS) [21]. Specifically, 

we developed a velocity model that correlates the velocity of pleural slid­

ing, the sliding velocity (𝑆𝑙𝑉 ), to the frequency content of the slow-time 

intensity (STI) signals. Additionally, within a multicenter clinical study, 

we assess the potential of 𝑆𝑙𝑉  to distinguish five different patholo­

gies: cardiogenic pulmonary edema (CPE), pneumonia (PNE), chronic 

obstructive pulmonary disease (COPD), pulmonary fibrosis (PF), and 

pulmonary fibrosis exacerbation (PFE).

The rest of the paper is organized as follows. In Section 2, the method­

ology is explained in detail. The results are shown in Section 3 and 

discussed in Section 4. Finally, Section 5 summarizes the conclusions.

2 . Methods

2.1 . Dataset

In this study, we analyzed pathological data of four different patholo­

gies: CPE, pneumonia, COPD, and fibrosis. These pathologies have been 

chosen because of their social and clinical impact [3]. Indeed, fibro­

sis has a high mortality rate [22], which worsens when the pathology 

progresses to acute exacerbation [23]. Moreover, COPD and other respi­

ratory infections, such as pneumonia, were reported among the leading 

causes of death worldwide in 2021 [24].

In this study, we consider patients affected by a worsening condi­

tion of fibrosis, fibrosis exacerbated, as a different population. In total, 

we therefore evaluated five pathological populations from two different 

datasets: LUSARD dataset and SAURON dataset. The acquisition process 

of the two datasets followed similar protocols, and the harmonization 

of the different probes was guaranteed by the equalized pressure out­

puts. Both the protocol and harmonization process are described in Refs. 

[4,5]. For both datasets, patients were in a sitting position and asked to 

breathe normally for the entire length of the acquisition. No mechanical 

ventilation was used.

The LUSARD dataset was acquired at the Emergency and Urgency 

department of Humanitas Gavazzeni (Bergamo, Italy) within the con­

text of the lung ultrasound for acute respiratory disease study. The study 

was approved by the independent ethics committee for clinical studies of 

IRCCS clinical institute Humanitas of Rozzano: protocol number 553/21. 

The dataset is described in details in Mento et al. [4]. Radio frequency 

(RF) data were acquired using an Ultrasound Advanced Open Platform 

(ULA-OP)[25] and a linear probe (LA533, Esaote, Florence, Italy: 192 

elements, 245 𝜇𝑚 pitch). Data were acquired with a multifrequency ap­

proach (center frequencies of 3, 4, 5, 6 MHz), with a sampling frequency 

of 50 MHz. A speed of sound of 1546 m/s was assumed for the time-to-

space conversion. A subaperture of 64 elements was implemented for 

both transmission phase and reception phase, forming images of 129 

lines. A different number of cycles for each center frequency was set to 

guarantee a pulse length of 2 𝜇𝑠 for all center frequencies. The pulse 

repetition frequency (PRF) was 4 kHz, resulting in a frame rate of 31 Hz 

(PRF/#lines = 4000/129). If we consider only frames of the same center 

frequency, the actual frame rate is obtained by dividing by the number 

of center frequencies, in this case equal to 31/4 = 7.75 Hz. The focal 

point was set at 2 cm, depth at which, on average, the pleural line is 

found. At the focal point, the −12 dB lateral resolution was measured to 

be 0.81, 0.66, 0.65, and 0.54 mm at the center frequency of 3, 4, 5, and 

6 MHz, respectively [4]. Each patient was scanned in 12 different areas 
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as described in Mento et al. [4] and according to the protocol described 

in Soldati et al. [26]. Specifically, these 12 areas were chosen from the 

acquisition protocol, including all the areas except the mid-posteriors 

(areas 2 and 5). However, it is important to note that, due to the aim 

for which this dataset was acquired, data were collected for a given area 

only if vertical artifacts and consolidations were detected. Data were 

acquired from 28 patients: 13 affected by pneumonia (8 males and 5 

females, with ages ranging from 51 to 90 with an average of 72.6 years) 

and 15 affected by CPE (8 males and 7 females, with ages ranging from 

48 to 91 with an average of 79.7 years). The diagnoses were derived 

with standard clinical examinations, e.g., computed tomography (CT).

The SAURON dataset was acquired at Fondazione Policlinico 

Universitario Agostino Gemelli (Rome, Italy) and approved by the 

Ethical Committee of the Fondazione Policlinico Universitario Gemelli 

IRCCS in Rome, protocol 0002865/22, ID 4710. The dataset is described 

in detail in Perpenti et al. [5]. Data were acquired using an ULA-

OP research scanner [25] connected to a linear probe (LA523, Esaote, 

Florence, Italy: 192 elements, 245 𝜇𝑚 pitch). Each patient was scanned 

in 10 different areas as described in Perpenti et al. [5] and according to 

the protocol described in Soldati et al. [26]. Specifically, these 10 areas 

were selected from the acquisition protocol, including all the areas ex­

cept the mid-posterior (areas 2 and 5) and the upper-lateral (areas 8 and 

10). The reduction from 12 to 10 areas was decided in order to simplify 

the acquisition process, as it has been demonstrated that this reduction 

does not compromise the quality of the analysis [27]. In this dataset, all 

areas were acquired regardless of the presence of a specific LUS pattern. 

Imaging settings and parameters were consistent with the ones used for 

the LUSARD dataset. Data were acquired from 51 patients: 19 affected 

by COPD (13 males and 6 females between 45 and 79 years with an av­

erage age of 68.2 years), 20 affected by fibrosis (14 males and 6 females 

between 46 and 88 years with an average age of 73.6 years) and 12 af­

fected by fibrosis exacerbation (8 males and 4 females between 54 and 

87 years with an average age of 72.4 years). The diagnoses were derived 

with standard clinical examinations, e.g., computed tomography (CT).

In total we analyzed 536 multifrequency videos: 60 videos of patients 

affected by CPE (LUSARD dataset), 41 videos of pneumonia (LUSARD 

dataset), 154 videos of COPD (SAURON dataset), 172 videos of fibrosis 

(SAURON dataset), and 109 videos of exacerbated fibrosis (SAURON 

dataset). Each video consisted of 23 multifrequency frames, where each 

multifrequency frame comprises 4 frames of the same region acquired 

with 4 different center frequencies.

2.2 . Velocity model

In this study, we developed a methodology to estimate the 𝑆𝑙𝑉 . The 

core part of this methodology is a velocity model that we developed 

inspired by the fUS technique idea, introduced by Mace et al. [21]. 

The idea is that moving scatterers within the field of view (FOV) in­

troduce some variation in the slow-time intensity (STI) signal of the 

corresponding pixels on the B-mode Ultrasound data. Faster scatterers 

cause faster intensity variations, which means STI signals with higher 

frequency components.

Furthermore, focusing only on one pixel, as shown in Fig. 1, a moving 

scatterer has an influence on its STI signal only when crossing within an 

interaction length. This length is determined by the lateral extent of the 

ultrasound beam, i.e., by the lateral resolution.

Based on this idea, we developed the velocity model to estimate the 

‘pixel velocity’ (𝑣𝑝), defined as the velocity of a scatterer moving within 

the interaction length and causing variations in the STI signal corre­

sponding to that pixel. The velocity model is based on two assumptions. 

The first assumption is that the sliding velocity and the frequency com­

ponent of the STI signal are indeed related, while the second assumption 

is that the 𝑆𝑙𝑉  only has a lateral component. We developed the veloc­

ity model starting from two boundary cases, representing the minimum 

and maximum estimable velocities. The minimum velocity is assumed 

to be equal to zero. Indeed, a stationary scatterer within the interaction 

length does not induce any intensity variation in the STI signal, whose 

frequency domain therefore consists only of a DC component (𝑓 = 0).

On the other hand, the maximum estimable velocity occurs in the 

case of a scatterer moving across the interaction length in one sampling 

time (𝑡𝑠) (Fig. 2). The maximum velocity of the scatterer is then simply 

calculated as the interaction length (equal to the lateral resolution) di­

vided by the sampling time. Moreover, the sampling time is the inverse 

of the sampling frequency (𝑓𝑠), therefore the velocity can be calculated 

as follows: 

𝑣𝑚𝑎𝑥 =
𝑟𝑒𝑠𝑙𝑎𝑡
𝑡𝑠

= 𝑟𝑒𝑠𝑙𝑎𝑡 ∗ 𝑓𝑠, (1)

Fig. 1. In this figure, a scatterer (red circle) is moving in space at a certain depth 𝑧𝑖 and in time from time point 𝑡1 to time point 𝑡4. The intensity of the 𝑖𝑡ℎ pixel at 

the 𝑧𝑖 depth is influenced by the scatterer only when the latter interacts with the ultrasound beam (at 𝑡2 and 𝑡3). The length of this interaction is determined by the 

beam profile, and it is therefore set to be equal to the lateral resolution.
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Fig. 2. This figure illustrates the case of the maximum estimable velocity. In this case a scatterer (red circle) is interacting with the ultrasound beam only in one 

sample (𝑡2). This means that in a sampling time (𝑡𝑠), from 𝑡2 to 𝑡3, the scatterer crosses a length equal to the lateral resolution.

where 𝑟𝑒𝑠𝑙𝑎𝑡 is the lateral resolution, 𝑡𝑠 is the sampling time, and 𝑓𝑠 the 

sampling frequency. However, for this velocity estimates, we are consid­

ering STI signals, whose frequency domain gives unique content within 

the range [0, 𝑓𝑠2 ]. Therefore, being 𝑓𝑚𝑎𝑥 = 𝑓𝑠
2 , the maximum velocity can 

be expressed as: 

𝑣𝑚𝑎𝑥 = 𝑟𝑒𝑠𝑙𝑎𝑡 ∗ 2𝑓𝑚𝑎𝑥. (2)

The velocity model is then defined assuming a linear relation be­

tween the frequency and the velocity, and it is as follows: 

𝑣𝑝 = 𝑟𝑒𝑠𝑙𝑎𝑡 ∗ 2𝑓𝑝, (3)

𝑟𝑒𝑠𝑙𝑎𝑡 being the lateral resolution at -12 dB, and 𝑓𝑝 being the pixel fre­

quency defined as the frequency with the highest amplitude in the power 

spectral density (PSD) of the STI signal.

2.3 . Sliding velocity estimation process

The developed methodology estimates one 𝑆𝑙𝑉  value for each video. 

The process is divided into three parts, as illustrated in Fig. 3. In the first 

part (Fig. 3(i)), the region of interest (ROI) for the 𝑆𝑙𝑉  estimation is 

selected. The second part (Fig. 3(ii)) implements the proposed velocity 

model and estimates the pixel velocity of each pixel within the ROI. In 

the third part (Fig. 3(iii)), the 𝑆𝑙𝑉  value is estimated.

Specifically, the ROI selection (Fig. 3(i)) is implemented not only to 

focus the analysis on the relevant region of the image (pleural line), but 

also to ensure sufficient signal quality by applying an intensity thresh­

old. To this end, an average intensity image is obtained by computing 

the temporal average across the frames of the video. Then, an inten­

sity threshold of −12 dB is applied to the average intensity image and a 

binary mask is obtained. This threshold is chosen for consistency, as lat­

eral resolution is estimated at the same intensity. This choice is further 

supported by a sensitivity analysis at −6, −12, and −18 dB, performed 

on the clinical data from the LUSARD and SAURON datasets, with cor­

relations and linear regression evaluated for three pairs: −6 vs −12 dB, 

−12 vs −18 dB, and −6 vs −18 dB.

In parallel, the pleural line is automatically segmented using the 

Automatic Segmentation Algorithm of the Pleural Line (ASAP), de­

scribed in detail in Perpenti et al. [5]. Finally, the ROI is defined as 

the intersection of the two masks.

The second part (Fig. 3(ii)) estimates the pixel velocity. Specifically, 

the following steps are implemented for each pixel within the ROI. 

First, the power spectral density (PSD) of the STI signal is estimated. 

Specifically, for each STI signal, the mean value is removed to elimi­

nate the DC component. A Hamming window with a length equal to the 

full signal length (23 samples) is applied. The PSD is estimated using 

Welch’s method, implemented via the 𝑝𝑤𝑒𝑙𝑐ℎ function in MATLAB. The 

Fast Fourier transform length (NFFT) is set to twice the signal length, re­

sulting in zero-padding of the signal. Therefore, the apparent frequency 

resolution is equal to 0.168 Hz (Δ𝑓𝑎 = 𝑓𝑠∕2𝑁 = 0.168 𝐻𝑧, with 𝑓𝑠 =

7.75 𝐻𝑧, and 𝑁 = 23 𝑠𝑎𝑚𝑝𝑙𝑒𝑠), which is half the theoretical frequency 

resolution of 0.337.

Second, from the PSD, the pixel frequency (𝑓𝑝) is selected as the 

frequency at which the PSD shows the maximum amplitude. Third, 

the pixel frequency is used in the velocity model to estimate the pixel 

velocity.

Finally, the 𝑆𝑙𝑉  is estimated (Fig. 3(iii)) as the mean of the pixel 

velocities within the ROI, according to the following equation: 

𝑆𝑙𝑉 = 1
𝑁

𝑁
∑

𝑖=1
𝑣𝑝𝑖 , (4)

where (𝑣𝑝)𝑖 is the velocity of the 𝑖-th pixel, and 𝑁  is the total number of 

pixels within the ROI (with 𝑣𝑝 > 0).

2.4 . Experimental validation

We conducted an experimental validation of the proposed sliding 

velocity estimation process. Data were acquired using the same imaging 

parameters and settings as those described for clinical acquisitions in 

Section 2.1. Specifically, data were acquired with the ULA-OP research 

platform [25] and the LA533 (Esaote, Florence, Italy) linear probe. The 

experimental setup consisted of a pleural phantom made of austenitic 

stainless steel AISI (American Iron and Steel Institute) 316L (Euronorm 

number 1.4404) [28] positioned on a support and immersed in a wa­

ter tank. The linear probe was fixed on an automatic positioning system 

(GAMPT, Merseburg, Germany) at 2 cm above the phantom. The auto­

matic positioning system was programmed to move laterally over the 

phantom at a set velocity. In total, data were acquired at 10 different 

velocities, summarized in Table 1. Since the automatic positioning sys­

tem only allows velocity selection as percentages of its maximum speed 

(18.75 mm/s), we chose percentages based on the expected velocity 

range of our proposed model and we included higher velocities to test 

the saturation effect.

2.5 . Statistical analysis

We performed an agreement analysis to investigate whether 𝑆𝑙𝑉  de­

pends on the center frequency or represents an independent physical 

quantity. To this end, we conducted a frequency agreement analysis 

across all six frequency pairs (3–4, 3–5, 3–6, 4–5, 4–6, and 5–6 MHz). 

For each pair, we computed both Pearson correlation coefficients and 

Bland-Altman analyses.

We then conducted a statistical analysis to assess differences between 

each pathological population (cardiogenic pulmonary edema (CPE), 

pneumonia (PNE), chronic obstructive pulmonary disease (COPD), fibro­

sis (PF), and fibrosis exacerbated (PFE)). Specifically, we investigated 

five different cases and conducted the analyses for each of the ten 

possible population pairs (CPE-PNE, CPE-COPD, CPE-PF, CPE-PFE, PNE-

COPD, PNE-PF, PNE-PFE, COPD-PF, COPD-PFE, PF-PFE) and for each 

center frequency (3 MHz, 4 MHz, 5 MHz, 6 MHz), resulting in a total of 

40 analyses per case (10 pairs × 4 center frequencies).
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Fig. 3. This figure illustrates the block diagram of the sliding velocity estimation process. The process is divided into three parts. In (i), the ROI for the sliding velocity 

estimation is extracted. The ROI is defined as the intersection between the pleural line segmentation and the binary mask obtained by thresholding the original data. 

In (ii), the 𝑣𝑝 of the pixels within the ROI are estimated using the velocity model described in Section 2.2. In (iii), the 𝑆𝑙𝑉  is estimated as the mean of the pixel 

velocities within the ROI.

In the first case, we analyzed all estimated 𝑆𝑙𝑉  values and applied 

a linear mixed-effects model to address the dependence between 𝑆𝑙𝑉
values of the same patient. In particular, we considered the pathology 

as a fixed effect and the patient ID as a random effect, using the model:

𝑆𝑙𝑉𝑖𝑗 = 𝛽0 + 𝛽1 𝑝𝑎𝑡ℎ𝑜𝑙𝑜𝑔𝑦𝑖 + 𝑏𝑖 + 𝜀𝑖𝑗 , (5)

where 𝑆𝑙𝑉𝑖𝑗  is the observed value for patient 𝑖 and zone 𝑗, 𝛽0 is 

the global intercept, 𝛽1 is the fixed effect of the pathology, 𝑏𝑖 is the 

Computers in Biology and Medicine 209 (2026) 111695 

5 



C. Zangrandi, F. Mento, M. Perpenti et al.

Table 1 

In this table, the velocities used for the phantom experimental validation are reported as percentages of the 

maximum speed of the automatic positioning system and the corresponding velocities.

Percentage [%] 1 5 10 15 20 25 30 40 60 100

Velocity [mm/s] 0.19 0.56 0.94 1.88 3.75 4.69 5.63 7.50 11.25 18.75

random intercept for patient 𝑖, and 𝜀𝑖𝑗  is the residual error for zone 𝑗 of

patient 𝑖.
We also estimate the effect size for each pair by calculating the stan­

dardized mean difference, defined as the estimated difference divided 

by the estimated residual variance, both provided by the model outputs. 

The 95% confidence intervals (CI) were calculated using ±1.96 standard 

errors.

In the other cases, analyses were performed only at the patient level, 

meaning that in each population we consider only one value per pa­

tient. Specifically, in the second case, we consider the mean of 𝑆𝑙𝑉
values across the different LUS videos of each patient. In the third and 

fourth cases, we consider the minimum and the maximum 𝑆𝑙𝑉  values 

of each patient, respectively. In the fifth case, we consider the delta 𝑆𝑙𝑉
value of each patient, calculated as the difference between the mini­

mum 𝑆𝑙𝑉  value and the maximum 𝑆𝑙𝑉  value of each patient. In each 

case, we tested the five populations for normality using the Shapiro-

Wilk test [29]. Then, we performed pairwise statistical analyses for each 

center frequency. We chose to analyze all pair comparisons using the 

Mann–Whitney U test [30] for consistency, as most populations were not 

normally distributed. We then estimated the effect size of all tests with 

the rank-biserial correlation, and we reported the 95% CI, calculated 

using ±1.96 standard errors.

Finally, all p-values were corrected using the Benjamini–Hochberg 

method to control the false discovery rate (FDR). All tests assumed an 

alpha (𝛼) value of 0.05. All statistical analyses were performed on the 

clinical data from the LUSARD and SAURON datasets.

2.6 . Classifiers

The performance of 𝑆𝑙𝑉  in discriminating lung diseases was tested 

through standard binary classifiers. Specifically, we selected four 𝑆𝑙𝑉
features at the patient level as in the statistical analysis (mean 𝑆𝑙𝑉 , 

minimum 𝑆𝑙𝑉 , maximum 𝑆𝑙𝑉 , delta 𝑆𝑙𝑉 ). Moreover, the tests were per­

formed for ten pairs of diseases, as described in the statistical analysis, 

(CPE-PNE, CPE-COPD, CPE-PF, CPE-PFE, PNE-COPD, PNE-PF, PNE-PFE, 

COPD-PF, COPD-PFE, PF-PFE).

For each pair, four types of standard binary classifiers were uti­

lized: Naive Bayes, Decision Tree, Support Vector Machine (SVM), 

and k-Nearest Neighbors (KNN) by means of the MATLAB functions 

“fitcnb”, “fitctree”, “fitcsvm”, and “fitcknn” (with “MinParentSize” set to 

10), respectively.

To detect the most significant set of features, for each pair of dis­

eases we trained 24 −1 classifiers, each one with a possible combination 

of input features [combinations of 1 input feature (4) + combinations 

of 2 input features (6) + combinations of 3 input features (4) + com­

binations of 4 input features (1), for a total of 15 combinations]. All the 

combinations were trained with the same cross validation, consisting 

of a nested K-fold strategy, with both outer and inner folds equal to 3. 

Hyperparameters were optimised in the inner fold, always with a bal­

anced number of patients from each class, and then tested in the outer 

fold. To avoid partitioning bias, this procedure was repeated 10 times. 

Performances were described by three classification metrics (CMs): ac­

curacy, sensitivity, and specificity. For each CM distribution, minimum, 

mean, and maximum values were extracted to describe the model per­

formance. This testing process was computed four times, one for each 

center frequency.

Finally, the highest mean accuracy, corresponding to a specific con­

figuration of a classifier, a center frequency, and a feature combination, 

was selected to describe the overall classification performance for each 

pathological pair. In these cases, confusion matrices, receiver operating 

characteristic (ROC) curves and area under the curve (AUC) values were 

estimated. Specifically, ROC curves and AUC values were obtained with 

the 𝑝𝑒𝑟𝑓𝑐𝑢𝑟𝑣𝑒 function in MATLAB. Each confusion matrix was com­

puted as the mean of the 10 confusion matrices (one for each repetition) 

and then normalized by the sample size of the corresponding pathology.

3 . Results

The maximum estimable pixel velocity for each center frequency is, 

respectively, 6.28, 5.12, 5.04, and 4.19 mm/s for 3, 4, 5, and 6 MHz. An 

example of velocity maps estimated for each center frequency is reported 

in Fig. 4.

In Table 2, the results of the sensitivity analysis for the three different 

thresholds (−6, −12, and −18 dB) are reported. Specifically, Pearson 

correlation coefficients and linear regression slopes are presented for 

each threshold pair at each center frequency.

In Fig. 5, the results of the experimental validation are shown. 

Specifically, Fig. 5 shows the correlation between estimated 𝑆𝑙𝑉  values 

and the real velocities in [mm/s]. Samples are represented by circles 

and connected with lines to visualize the trend in the data.

In Figs. 6 and 7, and Table 3, we report the results of the frequency 

agreement analysis. Specifically, Fig. 6 shows the correlation for all six 

Fig. 4. This figure shows four velocity maps, one for each center frequency. Each pixel in the ROI is color-coded based on its individual pixel velocity. The corresponding 

SlV value is numerically reported in red above each figure.
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Table 2 

In this table, the results of the sensitivity analysis for the intensity thresh­

old are reported. Specifically, the Pearson coefficients are shown in the first 

three columns and the linear regression slopes in the last three. Each column 

represents an intensity pair, and each row represents a center frequency.

Freq Pearson coefficient Linear regression slope

[MHz] −6 vs −12 −12 vs −18 −6 vs −18 −6 vs −12 −12 vs −18 −6 vs −18

[dB] [dB] [dB] [dB] [dB] [dB]

3 0.905 0.976 0.876 0.746 0.931 0.690

4 0.883 0.970 0.855 0.688 0.943 0.647

5 0.849 0.973 0.815 0.684 0.956 0.646

6 0.832 0.970 0.803 0.665 0.977 0.646

Fig. 5. This figure shows the correlation between estimated 𝑆𝑙𝑉  values and the 

real velocities measured during the experimental validation, both in [mm/s]. 

Individual samples are marked with a circle, while the connecting lines highlight 

the trend in the data.

frequency pairs. The Pearson correlation coefficient for each pair is in­

dicated in the top-left corner of the corresponding plot. The results of 

Bland-Altman analyses are reported in Fig. 7 and Table 3. Specifically, 

Fig. 7 shows the Bland-Altman plots for each frequency pair. The mean 

Fig. 6. This figure shows the correlation for all six frequency pairs, with the Pearson correlation coefficient indicated in the top-left corner of each pair plot. Each 

sample is marked as a blue dot, and the linear interpolation across all the data is shown as a red line.

difference across all data points is represented by a continuous red line, 

whereas the 95% limits of agreement (LoA) are represented by dashed 

red lines. Table 3 reports numerically the mean difference and the LoA 

values for each frequency pair.

In Fig. 8, the estimated 𝑆𝑙𝑉  values are reported in four plots, one for 

each center frequency. In each plot, the distribution of 𝑆𝑙𝑉  values for 

each pathological population is shown with a violin plot. The median 

velocity of each population is shown numerically beneath each violin, 

reported in [mm/s]. Fig. 9 shows the differences between the minimum 

𝑆𝑙𝑉  values and maximum 𝑆𝑙𝑉  values, estimated at a patient level as 

described in Section 2.5. Specifically, each violin plot reports the distri­

bution of minimum 𝑆𝑙𝑉  values on the left side and the distribution of 

maximum 𝑆𝑙𝑉  values on the right side.

The results of the statistical analysis are reported in the Appendix A 

(See Appendix A in Tables A.4–A.8). The results of the linear mixed-

effects model for case 1 are presented in Table A.4. The results of 

the Mann-Whitney tests for cases 2, 3, 4, and 5 are reported in 

Tables A.5–A.8. Each table, for each pathological pair and for each cen­

ter frequency, shows: the p-values obtained from the statistical analysis, 

the adjusted q-values obtained from the FDR correction, the effect size 

computed as the standardized mean difference for case 1 and rank-

biserial correlation for the other cases, and the 95% CI. Statistically 

significant results are highlighted in yellow (𝛼 <0.05).

Figs. 10 and 11 show the classification results. Specifically, one plot 

for each pathological pair is reported. Each plot is divided into four 

sections, one for each center frequency. In each section, only the best 

performing classifier is reported. For each classifier, the classification 

metrics are reported in different colors: accuracy in blue, sensitivity 

in red, and specificity in green. The percentage of the accuracy is 

numerically shown next to the corresponding classification metric. The 

normalized confusion matrices are reported in the Appendix B (See 

Appendix B Figs. B.12–B.14). The ROC curves and the AUC values are 

reported in the Appendix C (See Appendix C Figs. C.15 and C.16).

All the reported results are obtained from clinical data from LUSARD 

and SAURON datasets, except for Fig. 5, which reports data from the 

experimental validation.
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Fig. 7. This figure shows the results of Bland-Altman analysis. Six plots are reported, one for each frequency pair. The mean difference across all data points is 

represented by a continuous red line. The 95% limits of agreement (LoA) are reported as dashed red lines.

Table 3 

In this table, the mean difference and the LoA values are reported for each frequency pair.

3–4 [MHz] 3–5 [MHz] 3–6 [MHz] 4–5 [MHz] 4–6 [MHz] 5–6 [MHz]

Mean Difference [mm/s] 0.285 0.195 0.499 −0.089 0.215 0.304

LoA (95%) [−0.315 0.884] [−0.591 0.981] [−0.460 1.458] [−0.496 0.317] [−0.362 0.791] [−0.130 0.738]

Fig. 8. This figure reports the estimated 𝑆𝑙𝑉  values in four plots, one for each center frequency. The violin plots show the distribution of 𝑆𝑙𝑉  values for each 

pathological population. The median velocity of each population is shown numerically beneath each violin, reported in [mm/s].

4 . Discussion

First, we perform a sensitivity analysis to support the choice of the 

threshold at −12 dB. The results are shown in Table 2. Overall, Pearson 

coefficients confirm a strong correlation, ranging from 0.803 to 0.976 

(p<0.001). Linear regression shows the stronger agreement for −12 vs 

−18 dB pair with a slope nearly equal to 1 (0.93–0.98), while the other 

comparisons, involving −6 dB, show lower slopes (0.65–0.75). This ef­

fect may be caused by a reduction of pixels within the ROI. Considering 

the strong agreement with adjacent thresholds, −12 dB is kept as the 

reference threshold.
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Fig. 9. This figure presents four plots, one for each center frequency. In each plot, the distribution of minimum 𝑆𝑙𝑉  values and maximum 𝑆𝑙𝑉  values is shown for 

each pathological population. Specifically, the left and right sides of each violin respectively report the distribution for minimum and maximum 𝑆𝑙𝑉  values.

The results of experimental validation, shown in Fig. 5, demonstrate 

a strong linear correlation between the estimated 𝑆𝑙𝑉  values and the 

real velocities within the range 0 to ≈7 mm/s. For higher velocities, 

the correlation is no longer linear. A possible explanation is that the 

model reaches its maximum estimable velocity, introducing a saturation 

effect. Furthermore, Fig. 5 shows a steeper slope for higher center fre­

quencies (5 and 6 MHz), demonstrating greater accuracy in the velocity 

estimation. However, these frequencies are characterized by a narrower 

velocity range compared to lower frequencies (3 and 4 MHz). Indeed, 

the latter are less accurate, but show larger velocity ranges as predicted 

by the model.

The frequency agreement analysis is then implemented on each 

frequency pair to investigate the dependency of the 𝑆𝑙𝑉  on the cen­

ter frequency. The correlation plots (Fig. 6) show a strong correlation 

among each frequency. As expected, the pairs of closer frequencies (3–4, 

4–5, and 5–6 MHz) show higher Pearson coefficients (r = 0.923, 0.919, 

and 0.896), while the most distant pair (3–6 MHz) shows the lowest cor­

relation (r = 0.798). While this could suggest a frequency dependency of 

SlV, it is important to note that it might also be caused by the mentioned 

saturation effect, as described in the model. Indeed, maximum estimable 

velocity decreases with increasing center frequency. Therefore, higher 

velocities that are correctly mapped at 3 MHz may be incorrectly esti­

mated at 6 MHz, reducing the correlation of the pair. This phenomenon 

is also highlighted in the Bland–Altman analysis, which shows the pres­

ence of a proportional bias on the higher part of the velocities (Fig. 7 

and Table 3). Indeed, the differences between measurements at lower 

velocity ranges (0 to ≈ 2 mm/s) are centered around zero, indicating a 

good agreement. However, the difference increases as the mean velocity 

increases, showing a proportional bias.

The distributions of 𝑆𝑙𝑉  values for the five pathologies for each 

center frequency are shown in Fig. 8. Generally speaking, all distribu­

tions report 𝑆𝑙𝑉  values within the physiological range (≈0.49 mm/s 

- ≈ 4.39 mm/s). These values are also in line with the velocities esti­

mated by Tzadok et al. [17] (≈0.2 mm/s - ≈ 3.4 mm/s) and Xiao et al. 

[13](≈3.8 mm/s - ≈ 5.9 mm/s). Moreover, as the center frequency in­

creases from 3 MHz to 6 MHz, the median velocity of all populations 

decreases. This was expected since the velocity model used to estimate 

the pixel velocity includes the lateral resolution, which depends on the 

center frequency. Indeed, higher center frequency means better lateral 

resolution, which means smaller lateral resolution values and therefore 

lower velocity values. This also has an impact on the maximum veloc­

ity estimable for each center frequency, whereas the minimum estimable 

velocity is always equal to zero. Therefore the distributions are narrower 

at higher center frequencies, as we see from Fig. 8. The inconsistency of 

the 5 MHz data in following this trend may be caused by the very small 

difference in lateral resolution between 4 MHz and 5 MHz (approxi­

mately 0.01 mm), which is likely too small to produce an appreciable 

effect.

If we focus on the comparison of the pathological distributions 

in Fig. 8, we see that differences between populations are present. 

Specifically, COPD is the population with consistently the lowest me­

dian value for all center frequencies. On the contrary, pneumonia is 

the population with the highest median value for all center frequen­

cies. However, this might be influenced by the fact that this population 

has the smallest amount of data. This observation could be addressed in 

future work by increasing the size of the dataset, which may result in a 

broader distribution.

Fibrosis and fibrosis exacerbated populations show similar distri­

butions, as they are representative of different stages of the same 

pathology. However, it is interesting to note that the acute stage (fibrosis 

exacerbated) has a slightly lower median value in all center frequen­

cies. Additionally, these two distributions are also similar to the CPE, 

especially at higher frequencies.

Fig. 9 shows minimum and maximum 𝑆𝑙𝑉  values for each pathol­

ogy for each center frequency. Minimum 𝑆𝑙𝑉  values distributions are 

much broader than the maximum 𝑆𝑙𝑉  value distributions. This may 

indicate a saturation problem, meaning that the maximum estimable 

𝑆𝑙𝑉  value is too low, causing higher velocities to be underestimated by 

the proposed estimation process. Indeed, the datasets used in this study 

were originally designed for static pattern analysis, and the frame rate 

at which data were acquired (7.75 Hz) is not optimised for our applica­

tion. Future work should focus on investigating the role played by the 

frame rate in the estimation of 𝑆𝑙𝑉 , and on assessing the optimal value 

of this parameter.

The statistical analysis results show statistically significant differ­

ences among the populations. The results of case 1 (total data) and case 

2 (mean), in Table A.4 and in Table A.5, are similar and both highlight 

a pronounced difference between COPD and the other pathologies, but 

fibrosis is exacerbated. Indeed, in case 1, the adjusted q-values show 

statistically significant differences, confirmed by the magnitude of the 

effect size, between COPD and fibrosis at 3 and 4 MHz (effect sizes of 

0.64 and 0.50), COPD and CPE at 3, 4, and 5 MHz (effect sizes of −0.90, 

−0.75 and −0.66), and COPD and pneumonia at all frequencies (effect 

sizes of −1.19, −1.04, −0.79 and −0.75).
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Fig. 10. This figure reports the classification results for five pathological pairs: CPE-PNE, CPE-COPD, CPE-PF, CPE-PFE, PF-PFE, where CPE stands for cardiogenic 

pulmonary edema, PNE for pneumonia, COPD for chronic obstructive pulmonary disease, PF for fibrosis, and PFE for fibrosis exacerbation. This figure shows five 

plots, one for each pathological pair. Each plot is divided into four boxes, one for each center frequency. The classification metrics reported in each box are accuracy 

(in blue), sensitivity (in red), and specificity (in green). The numerical value of the accuracy is shown next to the corresponding classification metric. Only the best 

performing classifier for the pathological pairs for each center frequency is shown. The feature or combination of features used for each classifier is shown above 

each classifier name. Pairs of pathologies within the same dataset are highlighted in red.

Case 3 (minimum) and Case 5 (delta), in Table A.6 and in Table A.8, 

highlight the differences between pneumonia and COPD, fibrosis, and fi­

brosis exacerbated. Indeed, compared to the other populations (Fig. 8), 

the pneumonia distribution is consistently narrower across all frequen­

cies and is shifted toward higher velocities. However, as we already 

noted, this finding may be biased by differences in the amount of data 

from the pneumonia population compared to the others.

Case 4 (maximum), in Table A.7, reports very few significant differ­

ences, according to the p-value, and none with the q-value. This may be 

further evidence of the previously mentioned saturation problem. Low 

maximum estimable velocity leads to less accurate characterization of 

higher velocities.

Finally, the similarity between fibrosis and fibrosis exacerbated pop­

ulations, as noted in Fig. 8, is confirmed in the statistical analysis with 

high p-values across all five cases, as shown in Table A.4–A.8.

The results from binary classifiers (Figs. 10 and 11) indicate no spe­

cific center frequency nor classifier emerges as consistently having the 

best results.

When differentiating between CPE and pneumonia (Fig. 10), com­

parable accuracies are obtained at 3 MHz with the SVM classifier 
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Fig. 11. This figure reports the classification results for five pathological pairs: PNE-COPD, PNE-PF, PNE-PFE, COPD-PF, COPD-PFE, where PNE stands for pneumonia, 

COPD for chronic obstructive pulmonary disease, PF for fibrosis, and PFE for fibrosis exacerbated. This figure shows five plots, one for each pathological pair. Each 

plot is divided into four boxes, one for each center frequency. The classification metrics reported in each box are accuracy (in blue), sensitivity (in red), and specificity 

(in green). The numerical value of the accuracy is shown next to the corresponding classification metric. Only the best performing classifier for the pathological pairs 

for each center frequency is shown. The feature or combination of features used for each classifier is shown above each classifier name. Pairs of pathologies within 

the same dataset are highlighted in red.

(76.43%) and at 4 MHz with the KNN classifier (73.93%). However, 

KNN shows slightly more balanced sensitivity, demonstrating robustness 

in differentiating between the two pathologies.

The differentiation between CPE and COPD (Fig. 10) shows high 

accuracy at 6 MHz using a KNN classifier (83.82%). However, the sen­

sitivity and specificity at 4 MHz are slightly more balanced, indicating 

strong robustness in the classification process, even if the accuracy is 

slightly lower (78.53%).

Fig. 10 shows that high accuracies are also obtained when differ­

entiating between CPE and fibrosis (78.29% at 6 MHz using an SVM 

classifier), and CPE and exacerbated fibrosis (85.19% at 6 MHz using an 

SVM classifier).

Classification between fibrosis and fibrosis exacerbated (Fig. 10) 

shows the poorest results, often failing to distinguish between the two 

populations and instead classifying both as fibrosis (as shown in the 

confusion matrices in Fig. B.12). This finding is particularly interest­

ing because these populations, as we mentioned, represent the same 

pathology at different stages, as already noted and seen in Fig. 8.

As shown in Fig. 11, the best classification result is obtained when 

differentiating between pneumonia and COPD reaching an accuracy as 
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high as 94.06% at 4 MHz with the SVM classifier. The balanced sen­

sitivity and specificity prove the robustness of this differentiation. This 

difference is also highlighted by the confusion matrix shown in Fig. B.14 

and by the high AUC value (0.95), shown in Fig. C.16. These results con­

firm the differences between these two populations, as noted from Fig. 8. 

Indeed, COPD has the lowest median value and pneumonia the highest 

one.

Fig. 11 shows that high classification accuracy is also achieved when 

distinguishing pneumonia from the two fibrotic populations (fibrosis and 

fibrosis exacerbated). Specifically, an accuracy of 85.76% is achieved at 

3 MHz with a KNN classifier when distinguishing between pneumonia 

and fibrosis. Whereas, an accuracy of 87.20% is achieved at 4 MHz with 

a SVM classifier and at 6 MHz with a KNN classifier when distinguishing 

between pneumonia and fibrosis exacerbated.

Finally, the best accuracy (77.18%) when differentiating between fi­

brosis and COPD (Fig. 11) is achieved at 3 MHz with an SVM classifier. 

Interestingly, a lower accuracy (69.35%) is achieved when differentiat­

ing between COPD and the worsening of fibrosis, fibrosis exacerbation 

(Fig. 11), with an NB classifier at 5 MHz.

Finally, it is important to acknowledge several limitations of this 

study that may introduce bias into the final results. For example, the 

choice of assuming the PSD peak as representative of the 𝑆𝑙𝑉  in the 

velocity model (Section 2.2) may introduce errors. Indeed, the PSD 

peak may reflect not only the velocity of a laterally moving object but 

also other factors, such as out-of-plane motion. Future work will focus 

on better understanding the implications of this choice and evaluating 

alternative approaches. Moreover, variability of the PSD peak is also in­

troduced by the fact that the PSD estimates are inherently noisy due 

to the very limited number of samples for each STI signal (23 frames). 

Future work will focus on increasing the number of frames to improve 

reliability and stability.

Another important limitation, as already mentioned, is the relatively 

low frame rate, which may cause the saturation effect discussed above. 

Although none of the 𝑆𝑙𝑉  values, shown in Fig. 8, reaches the maximum 

estimable velocity, some individual pixel velocities do reach this limit, 

as shown in Fig. 4. This behavior is to be expected, since 𝑆𝑙𝑉  is calcu­

lated as the mean of all pixel velocities within the ROI, and the presence 

of lower pixel velocities reduces the overall 𝑆𝑙𝑉  values. Further inves­

tigation into this effect is needed to better characterize the proposed 

velocity model.

A significant limitation identified during the experimental validation 

is that although there is a strong linear correlation between the esti­

mated 𝑆𝐼𝑉  and the real velocity, this relation is not characterized by 

a unitary slope. Instead, the estimated values appear to be scaled by a 

factor of ≈2 with respect to the real velocity, and this underestimation 

could be due to the averaging operation in the sliding velocity formula. 

This suggests that 𝑆𝑙𝑉  should be interpreted as an instrument-specific 

motion biomarker, rather than an absolute velocity. Future work will 

focus on investigating this dependence and evaluating the scaling factor 

of 2 to determine whether the process needs a generalized calibration 

or a more targeted approach.

It is also important to note that, since diagnoses do not overlap 

across datasets, binary classification between diseases from different 

datasets may be influenced by site-specific characteristics. Specifically, 

there are four pairs with pathologies from the same dataset (CPE-PNE, 

COPD-PF, COPD-PFE, PF-PFE). The results from other pathological pairs 

(CPE-COPD, CPE-PF, CPE-PFE, PNE-COPD, PNE-PF, PNE-PFE) should be 

interpreted as exploratory.

Further, the two datasets were acquired using slightly different 

strategies, i.e., 10 areas were scanned for SAURON and 12 for LUSARD, 

which might have introduced a bias in the results. Indeed, the patholog­

ical populations differ in the amount of available data and, therefore, 

classification results obtained from pairs of different datasets have inher­

ent limitations. Moreover, the acquired videos were not synchronized 

with a specific breathing phase, and no additional metadata were ac­

quired during the acquisition (such as respiratory rate, PEEP, tidal 

volumes). Future work will focus on acquiring ultrasound data together 

with these measurements to better understand the impact of the respi­

ratory cycle on the sliding velocity estimation. Another important note 

about the acquisition process is that focus was set at 2 cm and was not 

adjusted for the pleural depth of each patient or area. However, the me­

dian pleural depth in the two datasets is 2.35 cm, so the 2 cm focus is 

appropriate on average. Moreover, no correlation was observed between 

pleural depth and SlV values, implying that depth may not have a signif­

icant impact on the final velocity estimation. We also acknowledge that 

for a strong analysis, a control group with healthy subjects would be 

needed. Future work will focus on acquiring data from healthy subjects 

and incorporating them into the analysis. Finally, we want to highlight 

that the robustness, interpretability, and generalizability of this study 

are directly impacted by these limitations, which should be considered 

when interpreting the results. This is why the findings of this pilot study 

should be considered exploratory.

Nonetheless, the positive results obtained in this study highlight 

the capability of this methodology to characterize lung pathologies and 

suggest its possible impact on improving the diagnostic process.

5 . Conclusion

This study introduces a novel methodology to estimate the velocity 

of pleural sliding, referred to as the sliding velocity. This novel method­

ology comprises a velocity model inspired by fUS. Indeed, this model 

relates the velocity represented in each pixel to the frequency compo­

nents of the slow-time intensity signal. We conducted an experimental 

validation using a moving phantom with known velocity. The results 

demonstrated promising sensitivity to motion, highlighting however, 

the presence of a scaling factor that prevents interpretation of 𝑆𝑙𝑉  as 

an absolute physical velocity. At the moment, it should therefore be 

considered an instrument-dependent biomarker.

We applied this novel methodology to two datasets of in-vivo LUS 

data. These datasets comprised RF multifrequency LUS videos acquired 

from patients affected by five respiratory pathologies: CPE, pneumonia, 

COPD, fibrosis, and exacerbated. The datasets were originally intended 

for static pattern analysis, and the relatively low frame rate may have in­

troduced a saturation limiting the maximum estimable velocity. Future 

work will be focused on investigating the role played by the frame rate 

in our methodology and on establishing an optimal value for this pa­

rameter. Furthermore, the pivotal point of this saturation problem is the 

low value of the maximum estimable velocity, which depends not only 

on the frame rate but also on the lateral resolution. Therefore, further 

investigation will also focus on increasing this value through the use of 

plane-wave imaging.

Optimizing these parameters and implementing them in new 

datasets, which should include healthy subjects as well as a control 

group, may enable a more accurate characterization of the sliding ve­

locity and may reveal further differences among different pathological 

populations. Overall, it is important to note that the findings of this 

study should be interpreted as exploratory, as the limitations affect its 

robustness, interpretability, and generalizability.

Finally, although this was a preliminary study, the results we ob­

tained are promising. Indeed, the sliding velocity values were within the 

physiological range (≈0.49 mm/s - ≈ 4.39 mm/s), and different patho­

logical populations showed statistically significant differences. These 

differences were also evident when these velocities were used to train 

and test binary classifiers, achieving an accuracy of up to 76.43% when 

differentiating between CPE and pneumonia, 83.82% when differenti­

ating between CPE and COPD, 78.29% when differentiating between 

CPE and fibrosis, 85.19% when differentiating between CPE and fi­

brosis exacerbated, 94.06% when differentiating between COPD and 

pneumonia, 85.76% when differentiating between fibrosis and pneu­

monia, 87.20% when differentiating between fibrosis exacerbated and 

pneumonia, 77.18% when differentiating between fibrosis and COPD, 

69.35% when differentiating between fibrosis exacerbated and COPD, 
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and 62.50% when differentiating between fibrosis and fibrosis exacer­

bated. However, it is important to note that the results of cross-dataset 

pairs may be influenced by other factors. Therefore, the results should 

be considered exploratory. The low accuracy and the lack of robust­

ness of the classifiers when distinguishing between fibrosis and fibrosis 

exacerbated populations provide further evidence of the discriminative 

potential of the sliding velocity, considering that these two populations 

are indeed the same pathology but at different stages.
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Appendix A . Statistical analysis results

In this appendix, the detailed results of the statistical analyses on 

the five pathological populations (cardiogenic pulmonary edema (CPE), 

pneumonia (PNE), chronic obstructive pulmonary disease (COPD), fibro­

sis (PF), and fibrosis exacerbated (PFE)) are presented in Tables A.4–A.8. 

For each case, the following metrics are reported for each frequency and 

each pathological pair: p-values, obtained from the mixed-effects model 

for Case 1 and from the Mann–Whitney test for the other cases; adjusted 

q-values, calculated using the FDR Benjamini–Hochberg method; effect 

sizes with their corresponding 95% CI. In each table, statistically signifi­

cant p-values and q-values (<0.05) are highlighted in yellow. Moreover, 

the top part of each table reports the results of five pathological pairs 

(CPE-PNE, CPE-COPD, CPE-PF, CPE-PFE, PF-PFE), while the bottom part 

of the table reports the results of the other five pairs (PNE-COPD, PNE-

PF, PNE-PFE, COPD-PF, COPD-PFE). Pairs of pathologies within the 

same dataset are indicated in bold.
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Table A.4 

Statistical analysis results for case 1- total data: p-values, q-values, effect sizes, and 95% CI across frequencies (3–6 MHz). 

Pairs of pathologies within the same dataset are indicated in bold.
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Table A.5 

Statistical analysis results for case 2- Mean: p-values, q-values, effect sizes, and 95% CI across frequencies (3–6 MHz). 

Pairs of pathologies within the same dataset are indicated in bold.
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Table A.6 

Statistical analysis results for case 3- Min: p-values, q-values, effect sizes, and 95% CI across frequencies (3–6 MHz). 

Pairs of pathologies within the same dataset are indicated in bold.
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Table A.7 

Statistical analysis results for case 4- Max: p-values, q-values, effect sizes, and 95% CI across frequencies (3–6 MHz). 

Pairs of pathologies within the same dataset are indicated in bold.
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Table A.8 

Statistical analysis results for case 5- Delta: p-values, q-values, effect sizes, and 95% CI across frequencies (3–6 MHz). 

Pairs of pathologies within the same dataset are indicated in bold.
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Appendix B . Confusion matrices

In this appendix, the confusion matrices obtained from the binary classification are reported. Specifically, each pathological pair is characterized 

by the confusion matrix (or confusion matrices in the case of equal accuracy) corresponding to the classifier and center frequency at which the 

pair achieved the highest accuracy. Each confusion matrix is computed as the mean of the 10 confusion matrices (one for each repetition) and then 

normalized by the sample size of the corresponding pathology. Pairs of pathologies within the same dataset are indicated in red.

Fig. B.12 shows the confusion matrices for the pathological pair PF-PFE, where PF stands for fibrosis, and PFE for fibrosis exacerbated. Specifically, 

three confusion matrices are shown since the pair reported the same accuracy (62.5%) at 3 MHz and at 4 MHz with a SVM classifier and at 5 MHz with 

a DT classifier. Fig. B.13 shows the confusion matrices for six pathological pairs: CPE-PNE, CPE-COPD, CPE-PF, CPE-PFE, COPD-PF, and COPD-PFE, 

where CPE stands for cardiogenic pulmonary edema, PNE for pneumonia, COPD for chronic obstructive pulmonary disease, PF for fibrosis, and PFE 

for fibrosis exacerbated. Fig. B.14 shows the confusion matrices for three pathological pairs: PNE-COPD, PNE-PF, and PNE-PFE. The pair PNE-PFE 

has two different confusion matrices since it reported the same accuracy (87.2%) at 4 MHz with an SVM classifier and at 6 MHz with a KNN classifier.

Fig. B.12. This figure presents the confusion matrices for the pathological pair PF-PFE. Specifically, three confusion matrices are displayed since the pair achieved 

the same accuracy (62.5%) at 3 MHz and at 4 MHz with an SVM classifier and at 5 MHz with a DT classifier. In the title of each confusion matrix, the pathological 

pair is indicated along with the classifier name and the center frequency at which it achieved the best accuracy. Pairs of pathologies within the same dataset are 

highlighted in red.

Fig. B.13. This figure presents the confusion matrix for six pathological pairs: CPE-PNE, CPE-COPD, CPE-PF, CPE-PFE, COPD-PF, and COPD-PFE. In the title of each 

confusion matrix, the pathological pair is displayed along with the classifier name and the center frequency at which it achieved the best accuracy. Pairs of pathologies 

within the same dataset are highlighted in red.
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Fig. B.14. This figure presents the confusion matrix for three pathological pairs: PNE-COPD, PNE-PF, and PNE-PFE. The pair PNE-PFE has two distinct confusion 

matrices since it achieved the same accuracy (87.2%) at 4 MHz with an SVM classifier and at 6 MHz with a KNN classifier. In the title of each confusion matrix, the 

pathological pair is indicated along with the classifier name and the center frequency at which it achieved the best accuracy.

Appendix C . ROC curves and AUC values

This appendix reports, for each pathological pair, the ROC curves and AUC values of the configuration (classifier, center frequency, and feature 

combination) that achieves the highest mean accuracy. The ROC curves and AUC values were obtained using the 𝑝𝑒𝑟𝑓𝑐𝑢𝑟𝑣𝑒 function in MATLAB. 

Pairs of pathologies within the same dataset are indicated in red.

Fig. C.15 shows the ROC curves for four pathological pairs: CPE-PNE, CPE-COPD, CPE-PF, and CPE-PFE, where CPE stands for cardiogenic 

pulmonary edema, PNE for pneumonia, COPD for chronic obstructive pulmonary disease, PF for fibrosis, and PFE for fibrosis exacerbated. Fig. C.16 

shows the confusion matrices for six pathological pairs: PNE-COPD, PNE-PF, PNE-PFE, COPD-PF, COPD-PFE, and PF-PFE. AUC values are reported 

numerically in the title of each plot.

Fig. C.15. This figure shows the ROC curves for four pathological pairs: CPE-PNE, CPE-COPD, CPE-PF, and CPE-PFE. AUC values are reported numerically in the title 

of each plot. Pairs of pathologies within the same dataset are indicated in red.

Computers in Biology and Medicine 209 (2026) 111695 

20 



C. Zangrandi, F. Mento, M. Perpenti et al.

Fig. C.16. This figure shows the confusion matrices for six pathological pairs: 

PNE-COPD, PNE-PF, PNE-PFE, COPD-PF, COPD-PFE, and PF-PFE. AUC values 

are reported numerically in the title of each plot. Pairs of pathologies within the 

same dataset are indicated in red.
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