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Emphysema is a progressive disease characterized by irreversible tissue destruction and airspace enlargement, which manifest as low attenuation area (LAA) on CT images. Previous studies have shown that inflammation, protease imbalance, extracellular matrix remodeling and mechanical forces collectively influence the progression of emphysema. Elastic spring network models incorporating force-based mechanical failure have been applied to investigate the pathogenesis and progression of emphysema. However, these models were general without considering the patient-specific information on lung structure available in CT images. The aim of this work was to develop a novel approach that provides an optimal spring network representation of emphysematous lungs based on the apparent density in CT images, allowing the construction of personalized networks. The proposed method takes into account the size and curvature of LAA clusters on the CT images that correspond to a pre-stressed condition of the lung as opposed to a naïve method that excludes the effects of pre-stress. The main findings of this study are that networks constructed by the new method 1) better preserve LAA cluster sizes and their distribution than the naïve method; and 2) predict different course of emphysema progression compared to the naïve method. We conclude that our new method has the potential to predict patient-specific emphysema progression which needs verification using clinical data.
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INTRODUCTION
Emphysema is an important component of chronic obstructive pulmonary disease (COPD) characterized by flow limitation and increased lung compliance as a result of gradual destruction of the small airways and alveolar walls leading to the enlargement of peripheral airspaces (Snider, 1985; Snider, 1989). The risk factors for COPD include cigarette smoking, air pollution and genetic factors (Barnes, 2000). Decades of studies have revealed that various cellular and molecular mechanisms (Barnes, 2000; Barnes et al., 2003; Barnes, 2014) contribute to the pathogenesis and progression of emphysema including overexpression of proteases (Janoff, 1985; Churg and Wright, 2005), inflammation (Retamales et al., 2001; Churg et al., 2002; Turato et al., 2002), and extracellular matrix remodeling (Fukuda et al., 1989; Finlay et al., 1996; Vlahovic et al., 1999). Interestingly, alveolar wall rupture during mechanical stretching was also found to occur (Kononov et al., 2001), which has led to the proposition that mechanical forces in general play a key role in the progressive nature of the disease (Suki et al., 2003; Suki et al., 2013).
The severity of emphysema and in general COPD is evident via changes in the density on computed tomographic (CT) images (Goddard et al., 1982; Bergin et al., 1986) and quantified by the amount of low attenuation areas (LAA) (Gelb et al., 1993; Mishima et al., 1997). A clinical manifestation of disease progression is the yearly increase in the percent LAA (%LAA) (Yuan et al., 2009) defined by the ratio of total LAA and the lung area. A primary mechanism responsible for the progressive increase in %LAA is the mechanical force-induced rupture of alveolar walls (Mishima et al., 1999), enabled by the mechanical failure of fibers within the septal wall (Kononov et al., 2001). The underlying reason for this multiscale failure mechanism is that there is a pre-existing stress, or prestress, within the lung due to the transpulmonary pressure that distends the lung (Suki et al., 2011). The fibers are weakened by enzymatic digestion and abnormal matrix remodeling as a result of the complex inflammatory process in the tissue (Ito et al., 2005). Physiological levels of mechanical forces on fibers and septal walls are capable of rupturing them as the structure weakens. The prediction from this is that progression should be stronger in the apex where mechanical stresses are higher due to the weight of the lung. Indeed, as early as the 1971, an upper lobe predominance of emphysema was found to be associated with the topographical distribution of mechanical stress in the lung due to its own weight (West, 1971). More recent clinical observations found an accelerated rate of lung tissue deterioration after Lung Volume Reduction Surgery (LVRS) (Gelb et al., 1999; Gelb et al., 2001) that could be accounted for by mechanical force-enhanced deterioration at the apex of the lung predicted by an elastic network under the influence of gravity (Mondoñedo and Suki, 2017).
To quantitatively characterize the emphysematous lung structure, the distributions of contiguous LAA clusters were evaluated in a population of COPD patients, and the results showed that these distributions followed a power law with an exponent [image: image] that was closely associated with disease severity (Mishima et al., 1999). To interpret these findings, a spring network model was also used to mimic tissue deterioration. The network model predicted a decrease in [image: image] with advancing emphysema because the rupture of springs connecting adjacent LAA clusters led to the coalescence of neighboring clusters eliminating small and creating large clusters and hence effectively decreasing [image: image] (Mishima et al., 1999). The spring network model simulation thus suggested that the progression of emphysema cannot be solely due to enzymatic activity; instead, the enzymatic digestion and remodeling in tandem with redistributed mechanical forces increases the risk of failure of nearby structures giving rise to larger LAA clusters. Many subsequent studies have utilized the spring network approach to advance our general understanding of emphysema progression (Suki et al., 2003; Ingenito et al., 2005; Takahashi et al., 2014; Mondoñedo and Suki, 2017). However, the clinical utility of the network approach has remained limited because the network models have not considered the patient-specific details of the lung structure.
The aim of this study was to develop a method of constructing a spring network representation of the emphysematous lung based on clinical CT images thus leading to a capacity to perform personalized predictions of disease progression. To this end, we introduce a novel image processing technique to manipulate binary objects, which allows us to map LAA clusters of lung CT scans of emphysematous patients to spring networks. Our results show that the method preserves the structural characteristics of LAA clusters significantly better than a naïve method that simply maps LAA onto the elastic networks. Furthermore, we find that the new method predicts significantly different patterns of tissue deterioration than the naïve method, suggesting the potential for prediction of realistic patient-specific disease progression.
METHODS
A total of 20 slices from lung CT scans acquired at total lung capacity in 10 patients were selected from the National Lung Screening Trial dataset (National Lung Screening Trial ResearchAberle et al., 2011), such that the %LAA in each slice ranged from 5 to 40% of the total lung area segmented automatically (Gerard et al., 2020; Gerard et al., 2021). A pixel was considered LAA if its CT intensity was lower than −960 Hounsfield units, which is often used as a threshold for density-based quantification of emphysema (Tanabe et al., 2012). Axial 2D lung slices were mapped onto hexagonal linearly elastic networks of identical springs with unit spring constants. The springs in the network were prestressed, i.e., the distance between two nodes was larger than the resting length of the spring. A set of contiguous LAA pixels with 4-connectivity formed a LAA cluster. For each LAA cluster a mask was created in one of two ways (see below), which was then mapped onto the spring network. The springs that were inside the mask were eliminated from the network to mimic the low elastic recoil associated with emphysematous lesions. In addition, springs in high attenuation areas (defined as pixels with Hounsfield unit >−500) corresponding to for example blood vessels were assigned a resting length twice as large as regular springs. This ensured that these springs did not contract after optimization. The springs along the boundary of the lung area were fixed whereas those inside the lung area were free to move. The equilibrium configuration of the network was obtained by allowing the internal nodes of the network to move until the total elastic energy of the network was minimized using simulated annealing (Cavalcante et al., 2005). The spring networks were then converted to apparent CT images by assigning an intensity value to each pixel that is proportional to the mean spring stiffness within the area of the pixel as described previously (Wellman et al., 2018).
The first method was the naïve method (NM), in which the LAA cluster mask image was simply superimposed on the spring network and springs inside the mask were eliminated, creating void areas. However, eliminating springs led to an expansion of the holes after the equilibrium configuration of the network was obtained, which resulted in larger and more round shapes compared to the original LAA masks. To correct for the size and shape changes, we introduced a novel method, called the Curvature and Size Adjusted Method (CSAM), which preprocessed the LAA masks as follows. The preprocessing incorporated adjustment both in size and shape by manipulating the boundary of the LAA mask. The boundary pixels can be expressed as a closed curve on the x-y plane:
[image: image]
where [image: image] is a parametric vector that points to the boundary of a LAA mask, [image: image] and [image: image] are the x and y coordinates of [image: image] along two orthogonal base vectors, t is a parameter between 0 and 1 that describes the relative position along the boundary curve with respect to an arbitrary starting point at t = 0. To reduce the size of a LAA cluster, we resize the boundary as:
[image: image]
where [image: image] is the ratio of the corrected LAA size to the original size. Note that when [image: image], [image: image]. Alternatively, when [image: image], [image: image] and hence the boundary becomes a single point, the centroid of the original mask.
To correct for the changes in shape of a LAA mask, we first calculate the curvature along the boundary, decrease the curvature everywhere by a constant, and then reconstruct the LAA mask from the adjusted curvature profile. The curvature is calculated along the size-adjusted curve as
[image: image]
where [image: image] is the unit tangent vector of [image: image] and the[image: image] denotes differentiation with respect to [image: image]. Here, [image: image] can be calculated with either forward or backward difference approximation defined as:
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and
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where [image: image].
[image: image] is then obtained using a 2nd order central difference approximation:
[image: image]
A constant β is then subtracted from [image: image] to obtain the curvature-adjusted [image: image]. Note that [image: image] is applied to the size-adjusted curve. To reconstruct [image: image] and [image: image] from [image: image], we integrate twice with respect to [image: image]:
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Note that [image: image] can be determined by brute force, allowing the reconstructed boundary to have the same rotational orientation as the original boundary.
The optimal values of [image: image] and [image: image] for LAA clusters of various sizes were determined by computational experiments mapping synthetic LAA clusters onto a spring network. Specifically, synthetic LAA maps, which were binary images of a single LAA in 4 different shapes, were resized to 6 different sizes containing 200 to 5,000 pixels. These synthetic LAA images were mapped onto spring networks using CSAM with [image: image] ranging from 0.5 to 1.0 and [image: image] from 0.0 to 0.3, both in steps of 0.02. The spring networks were then converted first to virtual CT images as described previously (Wellman et al., 2018) and thresholded to obtain the corresponding LAA maps. The error between the mapped LAA and the original LAA image was quantified by the average symmetric surface distance (ASSD, Supplementary Figure S1), which is a common metric to evaluate segmentation quality in CT and MRI research (Akkus et al., 2017). The main advantage of ASSD over other metrics, such as the total area overlap, is that ASSD is sensitive to dissimilarities in shape, not just size. An error map was obtained for each synthetic LAA image by assembling the error for all combinations of α and β. The optimal values of α and β were then determined for each error map by finding the region with the lowest error.
To further analyze the performance of NM and the CSAM, two elastic spring networks were constructed from each thresholded CT image resulting in a total of 40 networks. For each network, the configuration with lowest elastic energy was found as above. To simulate the progression of emphysema, the spring networks underwent progressive degradation by removing all springs that carried a force higher than 80% of the maximum force (Mishima et al., 1999). The new configuration corresponding to the minimal elastic energy was found and the procedure was repeated 10 times. At each iteration, the apparent CT images were used to quantify the changes in LAA structure during simulated disease progression. Structural parameters, including %LAA, the size of the largest LAA cluster and the average local difference between NM and CSAM were assessed at each iteration.
To evaluate the quality of LAA reconstructed in a spring network compared to the CT image of ground truth, 4 structural parameters of a lung CT or spring network-based apparent CT image were examined. These include the %LAA, the exponent S of LAA size distribution, the local difference of LAA clusters and the largest LAA cluster ([image: image]). The [image: image] cluster was obtained by counting the number of pixels of the largest LAA cluster of a lung CT slice. The local difference ([image: image]) was quantified between the NM- and CSAM-generated apparent CT images. The apparent images were partitioned into grids of 10 × 10 squares, and the %LAA of each square was calculated as %LAAi. An example is shown in Supplementary Figure S2. The local difference was defined as the average absolute difference of [image: image] between the apparent images:
[image: image]
where N is the total number of squares in an apparent CT image, excluding those that contain no LAA clusters corresponding to both spring networks and NM and CSAM in the parentheses indicate which method was used to calculate the spring network-based %LAA. The quantification of %LAA was aimed at evaluating the quality of the reconstructed LAA cluster structure in the spring networks at the scope of the entire network. The ground truth, referred to as %LAAGT, was the %LAA of area occupied by LAA calculated for each CT slice. The difference between %LAA calculated from the spring networks and %LAAGT, referred to as ELAA, characterized the error produced by the reconstruction algorithm. The LAA size distributions in CT and the spring networks were analyzed on the log-log domain. Since the distributions show a region of linear decrease, the exponent [image: image], the negative slope of regression line fit to cumulative distribution of LAA sizes, was used to characterize the distributions.
ANCOVA was applied to analyze the relationship between the values of optimal parameters and LAA sizes among the 4 groups of LAA shapes. Linear regression was used to quantify the dependency of ELAA on %LAAGT. Linear regression was also applied to fit the change of Dlocal against the progression of disease. Wilcoxon Rank Sum test was used to compare the absolute values of ELAA between the naïve and CSAM groups. Linear regression and Welch’s test was used to compare S in different groups. p < 0.05 was considered statistically significant for all analyses. All image and data analyses were performed with MATLAB.
RESULTS
An example of the performances of the NM and the CSAM is shown in Figure 1. It can be seen that CSAM better approximates the original LAA shape and size than the NM. In total, 24 artificial CT images were generated with LAAs in 4 random shapes and 6 different sizes. Every image was reconstructed with the spring network with all combinations of the size and shape parameters, [image: image] and [image: image], respectively, to obtain error maps. The error between the original and the reconstructed LAAs was quantified with ASSD. An example error map is displayed in Figure 2. Errors corresponding to the NM are at the origin (0,0) of these maps. The optimal values of [image: image] and [image: image] corresponding to the lowest ASSD were then plotted for the 4 shapes as a function LAA cluster size in Figure 3. The optimal parameters associated with the lowest errors of each map were analyzed with ANCOVA, which revealed that LAA size had a statistically significant effect on the optimal value of α (p < 0.001) but LAA shape did not influence [image: image] (p = 0.37). Interestingly, neither size nor shape had a statistically significant effect on the optimal value of β (p = 0.46 and p = 0.44, respectively). Furthermore, a weak power law relationships were used to describe the dependence of optimal parameters on LAA size (see Figure 3). The power law relationship was used to select the optimal [image: image] for the spring network-based reconstruction of CT images that contain thousands of LAA clusters of different size and shape.
[image: Figure 1]FIGURE 1 | Examples of mapping a synthetic low attenuation area (LAA) cluster onto spring networks using the naïve method (NM) and the Curvature and Size Adjusted Method (CSAM). (A) Binary image of the LAA. Blue and red lines represent respectively the size and curvature steps of the CSAM. (B) Removal of springs in a prestressed elastic network. (C) Configuration of the networks after solving for mechanical equilibrium. Note that dark blue and yellow represent low, and high mechanical force on springs. (D) Comparison of the reconstructed LAAs (green) and the original LAA (orange).
[image: Figure 2]FIGURE 2 | (A) An example error map characterizing the morphological differences between a low attenuation area (LAA) cluster from a CT image and LAA clusters reconstructed by the Curvature and Size Adjusted Method (CSAM). The error, increasing from blue to red in log scale, is given in terms of the average symmetric surface distance (ASSD) as a function of the size parameter α and the shape parameter β. (B) Target LAA cluster in CT image. (C) Reconstructed LAA clusters with different combination of parameters with dashed lines pointing to their error values on the map.
[image: Figure 3]FIGURE 3 | The optimal values of the size parameter α (A) and shape parameter β (B) for 4 different low attenuation area (LAA) cluster shapes. The target LAA clusters were resized to 7 different values across 3 orders of magnitude, and the optimal parameters are obtained for each size. Regressions for α and β are also shown.
Spring networks were constructed from CT images from the National Lung Screening Trial (NLST) dataset using both the NM and CSAM with optimal parameters. The target CT images were selected so that the LAA% ranged from a low value of ∼3% (early emphysema) to a value >40% (advanced emphysema). Figure 4A displays a representative CT image, the corresponding binary LAA structure as well we the spring networks processed with NM or CSAM and the corresponding reconstructed LAA images. The binary images in the third row are zoomed-in regions of interest emphasizing a large LAA cluster with red lines on the reconstructed images representing the edges of original LAA clusters. Visual assessment suggests that compared to NM, the CSAM approximated considerably better the original LAA clusters. Figure 4B shows another example of the spring network obtained with CSAM. A magnified region in panel C demonstrates the distribution of mechanical forces represented by the colors.
[image: Figure 4]FIGURE 4 | (A) Original CT from a patient and examples of mapping to spring networks using the naïve method (NM) and the Curvature and Size Adjusted Method (CSAM). The left column displays the CT scan of an emphysema patient (top), the binary low attenuation area (LAA) map obtained by thresholding at −960 Hounsfield Unit (middle), and a zoomed-in region of the LAA map (bottom). The middle and right columns represent the same content for two spring networks constructed from the CT image with the NM and CSAM. The red lines represent the boundaries of LAA clusters on the original CT. (B) Zoomed-in version of the rectangle on the CSAM network in (A). Colors are proportional to force. The black arrow points to narrow bridge carrying a high force whereas the red arrow marks a region of high attenuation.
To quantify the difference between original CT images and reconstructed ones, the error ELAA was calculated for 20 CT images with varying %LAA with both methods. As Figure 5A shows, the error corresponding to NM was ∼10 times larger than that of CSAM (4.10 ± 3.41 vs 0.32 ± 1.35, p < 0.001). Additionally, Figure 5B demonstrates that ELAA increased linearly with %LAAGT using the NM (R2 = 0.83, p < 0.01), while ELAA was not a function of %LAAGT using the CSAM (R2 = 0.0489, p = 0.349). Note that the negative values correspond to LAA clusters smaller than those on the original CT image. The correlation between ELAA and %LAAGT in the NM is a result of the prestress that deforms the network to a greater level as springs are removed to mimic the more advanced disease stages with larger %LAA. The lack of such correlation in the CSAM indicates that the preprocessing of LAAs successfully attenuated the influence of prestress in the network.
[image: Figure 5]FIGURE 5 | (A) Absolute error (ELAA) between the percent low attenuation areas (%LAA) of CT scans and reconstructed images using either the naïve method (NM) or the Curvature and Size Adjusted Method (CSAM). The graphs show the medians (lines), 75th percentiles (boxes) and 90th percentiles (error bars). (B) ELAA values as a function %LAA of CT images (%LAAGT). Errors corresponding the NM and CSAM are shown with filled blue and red triangles, respectively, and the solid and dashed lines are the corresponding regression lines.
The size distribution of LAAs displayed a region of linear decrease on a log-log graph for the original CT images as well as the reconstructed images with both methods (Figure 6) consistent with a power law distribution of LAA sizes. The CSAM preserved the slope of regression line from size 50 to 1,000 pixels consistent with that obtained from CT scans. For LAAs with pixel size between 1 and 50, the CSAM distribution is almost identical to NM distribution. However, there was a small but statistically significant difference between the exponents of the distribution of the original CT and NM (p < 0.0001). In contrast, there was no difference between the exponents of the original CT and CSAM network-derived distributions (inset, Figure 6).
[image: Figure 6]FIGURE 6 | The distribution of low attenuation area (LAA) clusters computed from the CT images of 7 subjects (open circles) and reconstructed with the naïve method (NM, blue) and the Curvature and Size Adjusted Method (CSAM, red). The exponents, defined as the negative slopes, are given next to the regression lines between pixel values of 50 and 1,000. Inset: Mean and estimated standard deviation of the exponents of LAA cluster distributions. The * indicates p<0.05 compared to the CT value.
To test whether the prediction of disease progression depends on the initial structural differences generated by the two methods, the progression of emphysema was simulated using both approaches. Networks created by NM and CSAM were used iteratively to mimic tissue degradation by eliminating springs bearing a force higher than 80% of the maximum. Figure 7 displays an example CT image and elastic network representations before and two steps after simulated emphysema progression. At the initial stage (the left column), the general morphology of LAA clusters represented by the voids in the networks looks similar for the NM and CSAM. However, the locations of the springs carrying the highest forces are different. As the degradation progressed, the structural differences increased between the two methods.
[image: Figure 7]FIGURE 7 | Two spring networks (right) reconstructed from a single CT image (left) using the naïve method (NM) and the Curvature and Size Adjusted Method (CSAM). The first column represents the reconstruction whereas the second and third columns show mechanical force-based network breakdown mimicking the progression of emphysema. (A) Magnified views of the red square region in row (B). (B) spring network constructed with NM. (C) spring network reconstructed with CSAM and simulation of emphysema progression. (D) Magnified view of the black square region in row (C).
To quantify the average local differences between the spring networks, Dlocal was calculated during the simulated progression. Springs were eliminated from the networks, which were converted to apparent CTs to calculate Dlocal at similar disease severity or total %LAA. Figure 8 shows the Dlocal of 10 subjects as a function of [image: image]. Dlocal was significantly associated with disease severity ([image: image]), indicating that LAA clusters in the spring networks constructed with CSAM evolved with a different pattern. Furthermore, the increase of the local difference was invariant of initial %LAA since the linear relationship included CT images of 10 subjects with distinctly different LAA structure and %LAA. Lastly, the evolution of the largest LAA cluster was traced for one subject through 30 iterations in Figure 9. There are sudden jumps in cluster size implying the coalescence of two neighboring clusters. Interestingly, the phenomenon of coalescence takes place at different iteration numbers for the two mapping methods. At the end of the iterations, the largest cluster size produced by the NM substantially exceeded that produced by the CSAM.
[image: Figure 8]FIGURE 8 | The percent local difference ([image: image]) between two spring networks during iterative simulation network breakdown. [image: image] is calculated according to Eq. 10 to quantify differences in LAA structure on apparent CT images constructed from the same CT scan with NM or CSAM.
[image: Figure 9]FIGURE 9 | LAA configurations (A) and the evolution of the largest LAA cluster (B) traced through simulated network breakdown in two spring networks constructed with NM or CSAM using the same patient CT image. Note that even when the largest clusters have similar size (iterations 1, 10 and 20), their morphological difference is apparent.
DISCUSSION
In this study, we introduced a new method for constructing elastic spring network representations of emphysematous lungs based on patient CT images to enable personalization of simulated emphysema progression. The main findings are as follows: 1) CSAM produced spring networks that better preserved the total area of LAA clusters as well as their size distributions compared to the NM; and 2) the structure and the rate of emphysema progression predicted by the CSAM are different from those produced by the NM.
The airways, alveolar ducts, and alveoli are maintained distended in the lung by the prestress due to the transpulmonary pressure generated by the negative pleural pressure in the thoracic cavity. This is mimicked in the network model by assigning spring rest lengths that were smaller than their length used during the mapping of CT images to the network. The mechanical properties of lung parenchyma are dominated by ECM and associated fibers (Suki et al., 2011), especially at high lung volumes where the CT images are taken. Hence collagen fibers due to their recruitment also provide non-linear parenchymal elasticity (Maksym and Bates, 1997; Jawde et al., 2021). In addition, airway mechanical properties are also known to behave nonlinearly (LaPrad et al., 2013; Eskandari et al., 2018). However, in this study we were not modeling inflation and deflation. Hence, tissue elasticity was represented by linear springs within the network. Additional simulations were carried out (Supplementary Figure S3) demonstrating that the evolution of the cluster structure depends on tissue nonlinearities, which tend to smooth the LAA cluster boundaries. However, the CSAM and the NM methods clearly lead to different evolutions of the largest LAA cluster.
The spring constants were set to unity despite the well-known parenchymal stiffness values reported previously using various techniques (Lai-Fook et al., 1976; Cavalcante et al., 2005; Maghsoudi-Ganjeh et al., 2021). The absolute value of the spring constants, however, does not influence network breakdown. What is apparently more important during emphysema progression is that alveolar septal walls and ducts are gradually destroyed through the mechanisms of rupture (Kononov et al., 2001), which was simulated by breaking the springs according to a force-based rule as previously (Mishima et al., 1999; Suki et al., 2003; Ingenito et al., 2005; Takahashi et al., 2014). This is a critical step since following rupture, there is a redistribution of mechanical forces which increases the likelihood of further rupture at locations of high stresses (Suki et al., 2003). To model this, we used a threshold of 80% of the maximum force. Simulations using 70 and 90% thresholds provided similar results (Supplementary Figure S4) to those in Figure 8 suggesting that the conclusions in this study are not sensitive to the value of the force threshold.
To model the tissue breakdown process in a personalized manner, we mapped LAA clusters from CT images onto the network model. The mapping is, however, not unique, and in this study, we investigated two methods. The first is the rigid NM, which simply creates holes in the network by removing all springs corresponding to each LAA cluster on a CT image. This simple method, however, does not consider the presence of prestress and hence it allows expansion of LAA regions after the network is solved for mechanical equilibrium, as demonstrated in Figure 1. In the ideal scenario when there is only a single LAA cluster on the CT image, the expansion of the LAA cluster is more enhanced for larger clusters since the error grows with %LAA (Figure 5B). To tackle this problem, the size parameter [image: image] in the CSAM attempts to correct for the expansion by first reducing the size of hole compared to the original LAA cluster on the CT image. The asymptotic behavior of [image: image] for large values of LAA size can also be explained by the constraints of the network boundary, where springs are not allowed to move, and prestress-induced expansion is therefore not as significant. As a result, the efficacy of [image: image] could be biased for LAA clusters located near the network boundary, which might also explain at least partially the error produced by the CSAM in Figure 5. It still important to note that the error following CSAM is not zero. Possible explanations for this include the boundary effect in the resizing step similar to NM, a filtering effect of the prestress that rounds sharp corners of LAAs and the inevitable error of converting spring networks to apparent CT images. Nevertheless, CSAM was able to reproduce the exponent of the LAA size distribution calculated from the CT images while NM produced a smaller exponent (inset, Figure 6).
Previous studies reported decreased exponents of the power law LAA distribution in COPD patients, COPD patients with smoke history and COPD patients with history of exacerbation compared to normal subjects, subjects without smoke history, and subjects without history of exacerbation (Tanabe et al., 2011; Tanabe et al., 2012). A decrease in the exponent was interpreted using a model in which coalescing neighboring LAA clusters is favored probabilistically (Tanabe et al., 2012). This model is equivalent to an elastic spring network in which springs are eliminated with a probability proportional to the force they carried (Mishima et al., 1999; Mondoñedo and Suki, 2017). Alternatively, using a CT image-based model, normal pixels were switched to emphysematous pixels with a probability inversely proportional to their distance to a large LAA cluster (Mondoñedo et al., 2019). This method also embodies mechanical forces since tissue regions that separate large LAA clusters carry a large force with a high probability.
Generally, the decreased exponent is consistent with a higher probability of finding larger clusters which results from the coalescence of LAA clusters where damaged alveolar wall ruptures under the effect of mechanical forces during disease progression. Indeed, the lower exponent corresponding to the NM is due to the expansion of LAA clusters, leading to decreased distances and higher mechanical forces between neighboring LAAs (Figure 7). The higher forces in turn accelerate network breakdown during simulated disease progression (Figure 9). The deviation between the CT and the CSAM and NM distributions for LAA sizes between 1 and 50 pixels is probably a resolution issue stemming from small clusters during either the mapping of LAAs to the spring network or reconstructing apparent CT images from the network. Taken together, CSAM provided small and LAA-size-independent error with a distribution of their sizes consistent with the original CT image. Hence, networks created by the CSAM have the potential to predict the evolution of disease in a personalized manner.
Although patient-specific spring networks for predicting emphysema progression have not been proposed, previous elastic networks were applied to study the structure-function relationships during disease progression or following lung volume reduction, a procedure used to reduce the severity of advanced emphysema (Cavalcante et al., 2005; Takahashi et al., 2014; Mondoñedo and Suki, 2017). Our current study utilizes patient-specific CT images not only to provide structural information, but also to predict spatial pattern of the evolution of LAA clusters during disease progression. We simulated the progression of emphysema as an iterative process degrading springs carrying the highest forces which incorporates the notion that local inflammation generates enzymatic damage which in turn reduces the failure stress and strain of collagen and elastin fibers and ultimately the septal wall (Ito et al., 2005). While many different implementations of failure models can be used, we are interested in the extent to which CSAM-generated networks predict different disease trajectories than NM-generated networks. The results demonstrate that the structural differences corresponding to the CSAM, and NM networks accumulate with iterations (Figure 9). The structural difference is quantified by Dlocal that captures both the spatial and morphological discrepancy of LAA clusters between the two networks. The larger the total %LAA, the larger the effect of prestress in expanding the clusters in the NM which results in an increase in by Dlocal with %LAA (Figure 8). Spatial differences and the growth of the largest LAA cluster suggest that the evolution of LAA cluster structure is highly sensitive to the initial network configuration. Indeed, the largest LAA cluster displays with distinct patterns with sudden jumps that result in a larger final largest cluster in the NM network. This is important since a recent study reported that in 3D, large LAA clusters coalesce and form a super cluster with probability approaching 1 in late-stage emphysema (Mondoñedo et al., 2019). Furthermore, these super clusters not only characterize emphysema, but appear to drive disease progression by changing mechanical forces around its boundaries creating at risk regions of emphysema in normal tissue.
The CSAM networks thus have the potential to become a clinically useful tool in predicting emphysema progression. Before using this approach, it should be experimentally validated. Verifying the predictions of the model can in principle be achieved by comparing them to repeated CT images obtained in COPD patients. Within the current data set, this is unfortunately difficult for several reasons. First, the total lung volume at which the CT images were taken in consecutive years is not the same, often resulting in a reduction during progression, which in turn can also generate a decrease in the total number of low attenuation voxels. Second, a successful prediction would require mapping the selected CT slice to the network, mimicking disease progression, and comparing the virtual image from the model to the same CT slice of the patient taken at a later time. However, finding the same slice can also be problematic if the lung volume is different, and the lung undergoes heterogeneous tissue destruction in 3D. One solution is to use 3D image registrations and extending the current method into 3D, both of which are beyond the scope of the present work.
The study was based on several simplifications resulting in the following limitations: 1) The lung was modeled by a homogeneous spring network even though there are large variations in tissue stiffness within the parenchyma (Liu and Tschumperlin, 2011) which appear to increase with aging (Sicard et al., 2018). Future models should include local variations in stiffness, which should also influence the pattern of network breakdown. 2) The effects of airways on parenchymal distension was ignored, despite recent data showing a significant association between airway obstruction and emphysema severity (Bhatt et al., 2016). Computational simulation also uncovered that airway contraction-induced force propagates farther in an elastic spring network model compared to in an elastic continuum model (Ma and Bates, 2012). Hence, a more realistic model should include the effects of airways especially because the airway walls are stiffer than the parenchyma (Sicard et al., 2018). 3) The size of the hexagons in the network was similar to the pixel size in the CT images. Thus, the network resolution is too coarse to incorporate all details needed for conversion between spring network and apparent CT images. A ratio of 2:1 between the dimensions of the CT pixel and a finite element representation was shown to limit the error of conversion between CT and network to a relatively small level (Diciotti et al., 2015). 4) 3D interactions were neglected as we used 2D models. The study that discovered the super clusters suggest that these large percolating structures emerge in 3D (Mondoñedo et al., 2019). Even though Figure 9 shows super clusters, this is not generally observed in 2D. Therefore, the current method should be extended into 3D for more relevant personalized predictions.
In summary, we introduced a novel method of constructing patient-specific spring network models based on 2D slices of lung CT scans. The new method is significantly better than a simple naïve method of mapping LAAs to the network. Despite the simplifications used, our novel mapping approach compensates for LAA size and shape alterations after solving for mechanical equilibrium under conditions representing prestressed lung tissue and has succeeded in preserving the structural characteristics and statistical properties of LAA clusters seen on patient CT images. Furthermore, we demonstrated that the simulated growth and coalescence of LAAs in spring network models is sensitive to the method of initial network generation. This method has the potential to improve patient-specific prediction of emphysema progression and therapeutic intervention, particularly when combined with a realistic representation of disease progression and airspace enlargement.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
ZY designed study, carried out network modeling and computation, wrote paper; JH designed study, carried out research; SM contributed to modeling; KP contributed to modeling; SG segmented CT images; HN designed study; KL designed study; BS designed study, wrote paper.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
The authors acknowledge support from NIH grants U01 HL-139466 and R21EB031332, and a seed grant from the Center for Multiscale and Translational Mechanobiology at Boston University. The authors thank the National Cancer Institute for access to the NCI’s data set collected by the National Lung Screening Trial (NLST). The statements contained herein are solely those of the authors and do not represent or imply concurrence or endorsement by the NCI.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnetp.2022.828157/full#supplementary-material
REFERENCES
 Akkus, Z., Galimzianova, A., Hoogi, A., Rubin, D. L., and Erickson, B. J. (2017). Deep Learning for Brain MRI Segmentation: State of the Art and Future Directions. J. Digit Imaging 30 (4), 449–459. doi:10.1007/s10278-017-9983-4
 Barnes, P. J. (2014). Cellular and Molecular Mechanisms of Chronic Obstructive Pulmonary Disease. Clin. Chest Med. 35 (1), 71–86. doi:10.1016/j.ccm.2013.10.004
 Barnes, P. J. (2000). Chronic Obstructive Pulmonary Disease. N. Engl. J. Med. 343 (4), 269–280. doi:10.1056/nejm200007273430407
 Barnes, P. J., Shapiro, S. D., and Pauwels, R. A. (2003). Chronic Obstructive Pulmonary Disease: Molecular and Cellular Mechanisms. Eur. Respir. J. 22 (4), 672–688. doi:10.1183/09031936.03.00040703
 Bergin, C., Müller, N., Nichols, D. M., Lillington, G., Hogg, J. C., Mullen, B., et al. (1986). The Diagnosis of Emphysema. A Computed Tomographic-Pathologic Correlation. Am. Rev. Respir. Dis. 133 (4), 541–546. doi:10.1164/arrd.1986.133.4.541
 Bhatt, S. P., Soler, X., Wang, X., Murray, S., Anzueto, A. R., Beaty, T. H., et al. (2016). Association between Functional Small Airway Disease and FEV1 Decline in Chronic Obstructive Pulmonary Disease. Am. J. Respir. Crit. Care Med. 194 (2), 178–184. doi:10.1164/rccm.201511-2219OC
 Cavalcante, F. S. A., Ito, S., Brewer, K., Sakai, H., Alencar, A. M., Almeida, M. P., et al. (2005). Mechanical Interactions between Collagen and Proteoglycans: Implications for the Stability of Lung Tissue. J. Appl. Physiol. 98, 672–679. doi:10.1152/japplphysiol.00619.2004
 Churg, A., Dai, J., Tai, H., Xie, C., and Wright, J. L. (2002). Tumor Necrosis Factor-α Is Central to Acute Cigarette Smoke-Induced Inflammation and Connective Tissue Breakdown. Am. J. Respir. Crit. Care Med. 166 (6), 849–854. doi:10.1164/rccm.200202-097oc
 Churg, A., and Wright, J. L. (2005). Proteases and Emphysema. Curr. Opin. Pulm. Med. 11 (2), 153–159. doi:10.1097/01.mcp.0000149592.51761.e3
 Diciotti, S., Nobis, A., Ciulli, S., Landini, N., Mascalchi, M., Sverzellati, N., et al. (2015). “Development and Analysis of a Finite Element Model to Simulate Pulmonary Emphysema in CT Imaging,” in Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC),  (Milan, Italy, 25-29 Aug. 2015), 6370–6373. doi:10.1109/EMBC.2015.7319850
 Eskandari, M., Arvayo, A. L., and Levenston, M. E. (2018). Mechanical Properties of the Airway Tree: Heterogeneous and Anisotropic Pseudoelastic and Viscoelastic Tissue Responses. J. Appl. Physiol. (1985) 125 (3), 878–888. doi:10.1152/japplphysiol.00090.2018
 Finlay, G. A., O'Donnell, M. D., O'Connor, C. M., Hayes, J. P., and FitzGerald, M. X. (1996). Elastin and Collagen Remodeling in Emphysema. A Scanning Electron Microscopy Study. Am. J. Pathol. 149 (4), 1405–1415. 
 Fukuda, Y., Masuda, Y., Ishizaki, M., Masugi, Y., and Ferrans, V. J. (1989). Morphogenesis of Abnormal Elastic Fibers in Lungs of Patients with Panacinar and Centriacinar Emphysema. Hum. Pathol. 20 (7), 652–659. doi:10.1016/0046-8177(89)90152-4
 Gelb, A. F., Mc Kenna, R. J., Brenner, M., Schein, M. J., Zamel, N., and Fischel, R. (1999). Lung Function 4 Years after Lung Volume Reduction Surgery for Emphysema. Chest 116 (6), 1608–1615. doi:10.1378/chest.116.6.1608
 Gelb, A. F., Mckenna, R. J., Brenner, M., Epstein, J. D., and Zamel, N. (2001). Lung Function 5 Yr after Lung Volume Reduction Surgery for Emphysema. Am. J. Respir. Crit. Care Med. 163 (7), 1562–1566. doi:10.1164/ajrccm.163.7.2009048
 Gelb, A. F., Schein, M., Kuei, J., Tashkin, D. P., Müller, N. L., Hogg, J. C., et al. (1993). Limited Contribution of Emphysema in Advanced Chronic Obstructive Pulmonary Disease. Am. Rev. Respir. Dis. 147 (5), 1157–1161. doi:10.1164/ajrccm/147.5.1157
 Gerard, S. E., Herrmann, J., Kaczka, D. W., Musch, G., Fernandez-Bustamante, A., and Reinhardt, J. M. (2020). Multi-Resolution Convolutional Neural Networks for Fully Automated Segmentation of Acutely Injured Lungs in Multiple Species. Med. Image Anal. 60, 101592. doi:10.1016/j.media.2019.101592
 Gerard, S. E., Herrmann, J., Xin, Y., Martin, K. T., Rezoagli, E., Ippolito, D., et al. (2021). CT Image Segmentation for Inflamed and Fibrotic Lungs Using a Multi-Resolution Convolutional Neural Network. Sci. Rep. 11 (1), 1455. doi:10.1038/s41598-020-80936-4
 Goddard, P. R., Nicholson, E. M., Laszlo, G., and Watt, I. (1982). Computed Tomography in Pulmonary Emphysema. Clin. Radiol. 33 (4), 379–387. doi:10.1016/s0009-9260(82)80301-2
 Ingenito, E. P., Tsai, L. W., Majumdar, A., and Suki, B. (2005). On the Role of Surface Tension in the Pathophysiology of Emphysema. Am. J. Respir. Crit. Care Med. 171 (4), 300–304. doi:10.1164/rccm.200406-770pp
 Ito, S., Ingenito, E. P., Brewer, K. K., Black, L. D., Parameswaran, H., Lutchen, K. R., et al. (2005). Mechanics, Nonlinearity, and Failure Strength of Lung Tissue in a Mouse Model of Emphysema: Possible Role of Collagen Remodeling. J. Appl. Physiol. 98, 503–511. doi:10.1152/japplphysiol.00590.2004
 Janoff, A. (1985). Elastases and Emphysema. Current Assessment of the Protease-Antiprotease Hypothesis. Am. Rev. Respir. Dis. 132 (2), 417–433. doi:10.1164/arrd.1985.132.2.417
 Jawde, S. B., Karrobi, K., Roblyer, D., Vicario, F., Herrmann, J., Casey, D., et al. (2021). Inflation Instability in the Lung: An Analytical Model of a Thick-Walled Alveolus with Wavy Fibres under Large Deformations. J. R. Soc. Interf. 18 (183), 20210594. doi:10.1098/rsif.2021.0594
 Kononov, S., Brewer, K., Sakai, H., Cavalcante, F. S., Sabayanagam, C. R., Ingenito, E. P., et al. (2001). Roles of Mechanical Forces and Collagen Failure in the Development of Elastase-Induced Emphysema. Am. J. Respir. Crit. Care Med. 164 (10 Pt 1), 1920–1926. doi:10.1164/ajrccm.164.10.2101083
 Lai-Fook, S. J., Wilson, T. A., Hyatt, R. E., and Rodarte, J. R. (1976). Elastic Constants of Inflated Lobes of Dog Lungs. J. Appl. Physiol. 40 (4), 508–513. doi:10.1152/jappl.1976.40.4.508
 LaPrad, A. S., Lutchen, K. R., and Suki, B. (2013). A Mechanical Design Principle for Tissue Structure and Function in the Airway Tree. Plos Comput. Biol. 9 (5), e1003083. doi:10.1371/journal.pcbi.1003083
 Liu, F., and Tschumperlin, D. J. (2011). Micro-Mechanical Characterization of Lung Tissue Using Atomic Force Microscopy. J. Vis. Exp. (54), 2911. doi:10.3791/2911
 Ma, B., and Bates, J. H. (2012). Continuum vs. Spring Network Models of Airway-Parenchymal Interdependence. J. Appl. Physiol. (1985) 113 (1), 124–129. doi:10.1152/japplphysiol.01578.2011
 Maghsoudi-Ganjeh, M., Mariano, C. A., Sattari, S., Arora, H., and Eskandari, M. (2021). Developing a Lung Model in the Age of COVID-19: A Digital Image Correlation and Inverse Finite Element Analysis Framework. Front. Bioeng. Biotechnol. 9, 684778. doi:10.3389/fbioe.2021.684778
 Maksym, G. N., and Bates, J. H. T. (1997). A Distributed Nonlinear Model of Lung Tissue Elasticity. J. Appl. Physiol. 82 (1), 32–41. doi:10.1152/jappl.1997.82.1.32
 Mishima, M., Hirai, T., Jin, Z., Oku, Y., Sakai, N., Nakano, Y., et al. (1997). Standardization of Low Attenuation Area versus Total Lung Area in Chest X-ray CT as an Indicator of Chronic Pulmonary Emphysema. Front. Med. Biol. Eng. 8 (2), 79–86.
 Mishima, M., Hirai, T., Itoh, H., Nakano, Y., Sakai, H., Muro, S., et al. (1999). Complexity of Terminal Airspace Geometry Assessed by Lung Computed Tomography in Normal Subjects and Patients with Chronic Obstructive Pulmonary Disease. Proc. Natl. Acad. Sci. 96 (16), 8829–8834. doi:10.1073/pnas.96.16.8829
 Mondoñedo, J. R., Sato, S., Oguma, T., Muro, S., Sonnenberg, A. H., Zeldich, D., et al. (2019). CT Imaging-Based Low-Attenuation Super Clusters in Three Dimensions and the Progression of Emphysema. Chest 155 (1), 79–87. doi:10.1016/j.chest.2018.09.014
 Mondoñedo, J. R., and Suki, B. (2017). Predicting Structure-Function Relations and Survival Following Surgical and Bronchoscopic Lung Volume Reduction Treatment of Emphysema. Plos Comput. Biol. 13 (2), e1005282. doi:10.1371/journal.pcbi.1005282
 National Lung Screening Trial Research Aberle, D. R., Adams, A. M., Berg, C. D., Black, W. C., Clapp, J. D., et al. (2011). Reduced Lung-Cancer Mortality with Low-Dose Computed Tomographic Screening. N. Engl. J. Med. 365 (5), 395–409. doi:10.1056/NEJMoa1102873
 Retamales, I., Elliott, W. M., Meshi, B., Coxson, H. O., Pare, P. D., Sciurba, F. C., et al. (2001). Amplification of Inflammation in Emphysema and its Association with Latent Adenoviral Infection. Am. J. Respir. Crit. Care Med. 164 (3), 469–473. doi:10.1164/ajrccm.164.3.2007149
 Sicard, D., Haak, A. J., Choi, K. M., Craig, A. R., Fredenburgh, L. E., and Tschumperlin, D. J. (2018). Aging and Anatomical Variations in Lung Tissue Stiffness. Am. J. Physiology-Lung Cell Mol. Physiol. 314 (6), L946–L955. doi:10.1152/ajplung.00415.2017
 Snider, G. L. (1989). Chronic Obstructive Pulmonary Disease: A Definition and Implications of Structural Determinants of Airflow Obstruction for Epidemiology. Am. Rev. Respir. Dis. 140 (3 Pt 2), S3–S8. doi:10.1164/ajrccm/140.3_Pt_2.S3
 Snider, G. (1985). The Definition of Emphysema. {R}eport of a {N}ational {H}eart, {L}ung, and {B}lood {I}nstitute, {D}ivision of {L}ung {D}iseases Workshop. Am. Rev. Respir. Dis. 132, 182–185. doi:10.1164/arrd.1985.132.1.182
 Suki, B., Lutchen, K. R., and Ingenito, E. P. (2003). On the Progressive Nature of Emphysema: Roles of Proteases, Inflammation, and Mechanical Forces. Am. J. Respir. Crit. Care Med. 168 (5), 516–521. doi:10.1164/rccm.200208-908pp
 Suki, B., Sato, S., Parameswaran, H., Szabari, M. V., Takahashi, A., and Bartolák-Suki, E. (2013). Emphysema and Mechanical Stress-Induced Lung Remodeling. Physiology 28 (6), 404–413. doi:10.1152/physiol.00041.2013
 Suki, B., Stamenović, D., and Hubmayr, R. (2011). Lung Parenchymal MechanicsCompr. Physiol. , 1317–1351. doi:10.1002/cphy.c100033
 Takahashi, A., Majumdar, A., Parameswaran, H., Bartolák-Suki, E., and Suki, B. (2014). Proteoglycans Maintain Lung Stability in an Elastase-Treated Mouse Model of Emphysema. Am. J. Respir. Cel Mol Biol 51 (1), 26–33. doi:10.1165/rcmb.2013-0179oc
 Tanabe, N., Muro, S., Hirai, T., Oguma, T., Terada, K., Marumo, S., et al. (2011). Impact of Exacerbations on Emphysema Progression in Chronic Obstructive Pulmonary Disease. Am. J. Respir. Crit. Care Med. 183 (12), 1653–1659. doi:10.1164/rccm.201009-1535oc
 Tanabe, N., Muro, S., Sato, S., Tanaka, S., Oguma, T., Kiyokawa, H., et al. (2012). Longitudinal Study of Spatially Heterogeneous Emphysema Progression in Current Smokers with Chronic Obstructive Pulmonary Disease. PLoS One 7 (9), e44993. doi:10.1371/journal.pone.0044993
 Turato, G., Zuin, R., Miniati, M., Baraldo, S., Rea, F., Beghé, B., et al. (2002). Airway Inflammation in Severe Chronic Obstructive Pulmonary Disease: Relationship with Lung Function and Radiologic Emphysema. Am. J. Respir. Crit. Care Med. 166 (1), 105–110. doi:10.1164/rccm.2111084
 Vlahovic, G., Russell, M. L., Mercer, R. R., and Crapo, J. D. (1999). Cellular and Connective Tissue Changes in Alveolar Septal walls in Emphysema. Am. J. Respir. Crit. Care Med. 160 (6), 2086–2092. doi:10.1164/ajrccm.160.6.9706031
 Wellman, T. J., Mondoñedo, J. R., Davis, G. S., Bates, J. H. T., and Suki, B. (2018). Topographic Distribution of Idiopathic Pulmonary Fibrosis: A Hybrid Physics- and Agent-Based Model. Physiol. Meas. 39 (6), 064007. doi:10.1088/1361-6579/aaca86
 West, J. (1971). Distribution of Mechanical Stress in the Lung, a Possible Factor in Localisation of Pulmonary Disease. Lancet 297 (7704), 839–841. doi:10.1016/s0140-6736(71)91501-7
 Yuan, R., Hogg, J. C., Pare, P. D., Sin, D. D., Wong, J. C., Nakano, Y., et al. (2009). Prediction of the Rate of Decline in FEV(1) in Smokers Using Quantitative Computed Tomography. Thorax 64 (11), 944–949. doi:10.1136/thx.2008.112433
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
The reviewer SB declared a past co-authorship with one of the authors SEG to the handling editor.
Copyright © 2022 Yuan, Herrmann, Murthy, Peters, Gerard, Nia, Lutchen and Suki. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/inline_33.gif
Ap





OPS/images/inline_32.gif





OPS/images/inline_35.gif





OPS/images/inline_34.gif
Ap





OPS/images/inline_3.gif





OPS/images/inline_29.gif





OPS/images/inline_31.gif





OPS/images/inline_30.gif







OPS/images/inline_27.gif






OPS/images/inline_25.gif






OPS/images/inline_28.gif





OPS/images/logo.jpg
’ frontiers
in Network Physiology





OPS/images/math_10.gif
1
Dicas = 3 X[ NLAA(NM) - SLAA(CSAM)| (10





OPS/images/math_3.gif
k(1) = ©





OPS/images/math_2.gif
() = Va rm»(n—ﬁ)-[ r(nde @





OPS/images/inline_22.gif





OPS/images/math_9.gif
Yol = [ sin@)at

©)





OPS/images/inline_21.gif
Kes (£) = Ko (t) = P





OPS/images/math_8.gif
Xa()= - [ cos(0(e))dt

®)





OPS/images/inline_24.gif
Y. (t)





OPS/images/inline_23.gif





OPS/images/inline_19.gif





OPS/images/math_5.gif
() —r(t-4)

©





OPS/images/math_4.gif
" s+ 4) - n(h)
() =

@





OPS/images/inline_20.gif





OPS/images/math_7.gif
(1) + 00 = | ke (Ot

@)





OPS/images/inline_2.gif





OPS/images/math_6.gif
- () ©)
I'(1) = =—————





OPS/images/inline_16.gif





OPS/images/inline_15.gif





OPS/images/inline_18.gif





OPS/images/inline_17.gif





OPS/images/inline_5.gif





OPS/images/inline_49.gif





OPS/images/inline_12.gif
_ r(t)dt = constant





OPS/images/inline_8.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		A Personalized Spring Network Representation of Emphysematous Lungs From CT Images		Introduction

		Methods

		Results

		Discussion

		Data Availability Statement

		Author Contributions

		Publisher’s Note

		Acknowledgments

		Supplementary Material

		References









OPS/images/inline_11.gif





OPS/images/inline_7.gif





OPS/images/inline_14.gif





OPS/images/math_1.gif





OPS/images/inline_13.gif





OPS/images/inline_9.gif





OPS/images/inline_51.gif





OPS/images/inline_50.gif





OPS/images/inline_10.gif





OPS/images/inline_6.gif





OPS/images/inline_1.gif





OPS/images/inline_52.gif





OPS/images/inline_48.gif





OPS/images/crossmark.jpg
©

|





OPS/images/fnetp-02-828157-g005.gif
of o af yew aa gromon

“





OPS/images/fnetp-02-828157-g006.gif





OPS/images/fnetp-02-828157-g003.gif





OPS/images/inline_38.gif





OPS/images/fnetp-02-828157-g004.gif
A T - M B






OPS/images/fnetp-02-828157-g009.gif





OPS/images/fnetp-02-828157-g007.gif
A‘%@@A
NP &





OPS/images/fnetp-02-828157-g008.gif





OPS/images/inline_45.gif





OPS/images/cover.jpg
frontiers
in Network Physiology

A Personalized Spring Network
Representation of

Emphysematous Lungs From CT
Images





OPS/images/inline_42.gif





OPS/images/inline_47.gif





OPS/images/inline_46.gif





OPS/images/fnetp-02-828157-g001.gif
GAM

NM

{nv) sa3io) Buuds

O
9]





OPS/images/inline_4.gif





OPS/images/fnetp-02-828157-g002.gif





OPS/images/inline_39.gif





OPS/images/inline_41.gif





OPS/images/inline_40.gif





OPS/images/inline_37.gif





OPS/images/inline_36.gif





