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Chest CT is often used for localizing and quantitating pathologies associated with chronic obstructive pulmonary disease (COPD). While simple measurements of areas and volumes of emphysema and airway structure are common, these methods do not capture the structural complexity of the COPD lung. Since the concept of fractals has been successfully applied to evaluate complexity of the lung, this review is aimed at describing the fractal properties of airway disease, emphysema, and vascular abnormalities in COPD. An object forms a fractal if it exhibits the property of self-similarity at different length scales of evaluations. This fractal property is governed by power-law functions characterized by the fractal dimension (FD). Power-laws can also manifest in other statistical descriptors of structure such as the size distribution of emphysema clusters characterized by the power-law exponent D. Although D is not the same as FD of emphysematous clusters, it is a useful index to characterize the spatial pattern of disease progression and predict clinical outcomes in patients with COPD. The FD of the airway tree shape and the D of the size distribution of airway branches have been proposed indexes of structural assessment and clinical predictions. Simulations are also useful to understand the mechanism of disease progression. Therefore, the power-law and fractal analysis of the parenchyma and airways, especially when combined with computer simulations, could lead to a better understanding of the structural alterations during the progression of COPD and help identify subjects at a high risk of severe COPD.
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INTRODUCTION

Chronic obstructive pulmonary disease (COPD) is a major respiratory disease that imposes a high social health burden worldwide (Adeloye et al., 2015). Airflow limitation measured by spirometry is a key physiological feature and gold standard to diagnose COPD. Emphysema and airway disease are two main pathological changes that contribute to airflow limitation, but their relative contributions to the disease differ among patients. Additionally, the heterogeneous spatial distribution of these two pathological changes in each patient complicates understanding of the structural basis of the disease. For example, COPD patients with similar airflow limitation may have substantial near homogeneously-distributed emphysema without airway disease, moderate upper-dominant heterogeneously-distributed emphysema with moderate airway disease, or little emphysema with severe airway disease (Schroeder et al., 2013; Lynch et al., 2015). Furthermore, morphological alteration of vessels is also a pathological feature, and pulmonary hypertension is a common comorbidity in patients with COPD (Matsuoka et al., 2010; Coste et al., 2019). A combination of these airway, lung parenchyma, and vessel lesions underlies the structural heterogeneity, which not only influences lung function but can be a driving factor for the disease progression in patients with COPD (Mondoñedo et al., 2019).

Histology is a gold standard for the morphological analysis of COPD lungs, but histology is too invasive to perform in live patients. Even when histological samples are obtained from a biopsy specimen, these samples are usually small or affected by other diseases, such as malignancy, and cannot represent the heterogeneous structural changes in whole lungs. Alternatively, CT is commonly used to estimate the pathology of the lungs and extrapulmonary abnormalities. CT is accessible and less invasive and allows for a 3D separate evaluation of airway disease, emphysema, and vascular abnormality for the whole lungs (Lynch and Al-Qaisi, 2013; Labaki et al., 2017). Indeed, the area and volume of emphysematous regions, the wall and lumen cross-sectional area (CSA) of airways, and the volume of smaller vessels have been measured and utilized as indexes of emphysema severity, airway remodeling, and reduced vascularity and shown to be associated with various outcomes of COPD (Grydeland et al., 2010; Haruna et al., 2010; Matsuoka et al., 2010; Han et al., 2011). Nonetheless, these simple quantifications of lung structure do not capture the complexity of the size and spatial distributions of the pathological features in COPD lungs.

Since the concept of fractals has often been applied in many scientific studies to evaluate complex phenomena and objects including lung morphology, this review is aimed at summarizing the fractal properties in nature and to describe the potential of the fractal concept for quantifying the complexity of airway disease, emphysema, and vascular abnormalities in COPD.



WHAT ARE POWER LAWS AND FRACTALS?

The concept of fractal geometry was introduced by Mandelbrot to evaluate the complexity of natural forms (Mandelbrot, 1977). An object forms a fractal if it exhibits the property of self-similarity at different length scales of evaluations, also called scale-free behavior (Figure 1A). This fractal property is governed by power law functions characterized by a single number, the exponent from which a non-integer dimension of the object, termed the fractal dimension (FD), can be calculated (Figure 1B; Suki et al., 2011). Among several methods to calculate the FD, such as box-counting, lacunarity, and mass-radius methods, the box-counting algorithm is the most commonly used (Figure 1C). A grid of boxes of size L is placed over the object, and the number of boxes that are needed to cover the objects [N(n)] is counted. If the relationship between N(n) and L(n) appears linear on a log-log plot, the data can be fitted with the straight line which represents a power-law functional form as N(n) = k × L(n)−D. The negative slope of the linear regression line corresponds to the FD that characterizes the complexity and space-filling capacity of the object. Regarding the lung structure, airway and vascular trees, as well as the alveolar surface, display fractal properties (Weibel, 1991, 2009). At first, researchers used histological sections and bronchial casts to calculate the FD in very few samples and also investigated the fractal geometry of the vascular tree in relation to the blood flow (Glenny and Robertson, 1990; Caruthers and Harris, 1994). Power laws can also manifest in other statistical descriptors of structure. If the measurement of the sizes of many objects, such as low attenuation area (LAA) clusters (see below), show that the histogram or distribution of sizes vary linearly with size on a log-log plot, then the distribution is said to follow a power law characterized by the exponent, or negative slope, D.
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FIGURE 1. Examples of fractal objects and the box-counting method to determine their fractal dimension (FD). (A) Comparisons of FDs between three objects. (B) Box-counting method to calculate FD. A box grid at a given size scale x is superimposed on the object. The number of boxes that include a part of the object N(x) is counted. The analysis is repeated for different values of x. (C) x and N(x) are plotted on a double logarithmic scale and the FD is calculated as the negative slope of the regression line (FD = 1.26 in this case).


In the last decade, the technical advances in CT imaging and analysis software have made it possible to invoke fractal analysis applied to emphysema and airway disease in large populations and showed potential for FD and D as imaging biomarkers to predict COPD outcomes (Mishima et al., 1999; Coxson et al., 2008; Tanabe et al., 2011, 2018a; Tobino et al., 2017; Hwang et al., 2019; Shimizu et al., 2020). Unfortunately, despite much progress, the power-law and fractal analyses are less commonly used by clinicians and researchers compared to the simple quantitation of emphysema and airway disease. In addition to unfamiliarity with the advantages of the power-law and fractal analyses, the lack of standardized methods to obtain FD and D to characterize emphysema, airway, and vascular structures hinders the general application of the technology in clinical situations. Our hope is that summarizing the studies that used the power-law and fractal analyses for a better understanding of lung structure will help overcome the current limitations and facilitate the clinical applicability of these analysis methods. Moreover, this review provides directions of the application of the power-law and fractal analyses to the morphological evaluation of emphysema, airway disease, and pulmonary vascular disease in the management of COPD.



EMPHYSEMA

The alveolar surface is the main site for gas exchange in respiration. The alveolar surface area in healthy persons is substantial (130 m2) for the chest cavity size (5–6 L), which facilitates gas exchange. To keep all alveoli open and connected to the atmosphere, the parenchyma shows a fine foam-like structure that is characterized by fractal properties (Weibel, 1991).


Histology

Sato et al. (2007) reported the presence of two power-law relationships describing the structure of the alveoli on histologic sections using the klotho mouse that spontaneously develops emphysema. The authors first calculated the perimeters and the areas of individual airspaces from histology and found a power-law relationship between them. The second power-law relationship, shown in Figure 2, was established for the size distribution of airspaces revealing that the airspace areas and their cumulative frequency can be plotted on a straight line on the log-log plot, and the negative slope of the fit defines the exponent D. Importantly, although the exponent D of the power-law for the size distribution of airspaces is not exactly the same as the FD of the alveolar shape, both reflect some aspects of the complexity of lung structure. This is in line with a previous work by Crawford et al. (1993) who investigated soil structure using size distribution of soil particles. The authors compared the particle-size distribution with the FD of particle structure and found that a power-law relationship for the particle size distribution does not necessarily indicate that the structure itself is fractal (Crawford et al., 1993).
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FIGURE 2. The power-law exponent D of the size distribution of airspaces to evaluate emphysema on lung tissue. Histological sections on digital images were binarized and color segmented for each airspace in control (A) and an emphysematous mouse (B). (C) Size of each airspace was measured. Then, the cumulative count of airspaces larger than a given size was plotted on a double logarithmic scale, and the power-law exponent D was calculated as the negative slope of the regression lines (D = 0.83 and 0.76 for control and emphysematous mice, respectively). Of note, the power-law exponent D for the size distribution of airspaces is not the FD of airspace shape.


Interestingly, the exponent D more sensitively reflects structural alterations in emphysematous lungs. The exponent D decreases even when the mean linear intercept, a standard histological index of airspace enlargement corresponding to emphysema severity, is unchanged (Sato et al., 2007). In contrast, another study calculated the FD of alveoli using the 3D box-counting method and found that elastase-induced emphysema in mice is characterized by a decrease in the FD, as well as an increase in mean linear intercept (Andersen et al., 2012). These differing conclusions are likely related to differences in the type and extent of emphysema between the two studies (Tanabe et al., 2011; Hwang et al., 2019). Nevertheless, these findings suggest that adding the power-law and fractal analyses to the standard quantification of airspace enlargement on histology can provide additional information on emphysematous lung structure.



Computed Tomography

Quantitative CT measurements of emphysema have been intensively used in COPD research. There are two major emphysema indices. The first index is the percentage of the low attenuation area (LAA), which is defined as a region where the CT density is below a fixed threshold, such as −950 Hounsfield units (HU), relative to the total lung area [the percentage of LAA to the total lung area (LAA%) or the percentage of low attenuation volume to the total lung volume (LAV%); Madani et al., 2006; Parr et al., 2008]. The second index is the percentile point defined as the cut-off value in the HU below which a given percentage of all voxels, such as the 15th percentile, is distributed (Parr et al., 2006). Both of these indices reflect the extent of pathological emphysema on histologic slides (Gould et al., 1988; Muller et al., 1988; Gevenois et al., 1996). While these indices are unable to account for the size distribution of emphysema regions throughout the lung, clinical studies have made it possible to show that LAA or LAV% is associated with the loss of pulmonary function, symptoms, a reduction in the quality of life, lung cancer development, an increased future risk of exacerbations, rapid disease progression, and increased mortality in patients with COPD (Wilson et al., 2008; Haruna et al., 2010; Han et al., 2011; Vestbo et al., 2011; Nishimura et al., 2012).

The pioneer work by Mishima et al. (1999) introduced the size distribution of emphysematous regions by applying the concept of fractals in quantitative assessment of emphysema on CT. The study identified neighboring LAA pixels as a low attenuation cluster (LAC) and demonstrated that the cumulative size distribution of the LACs is governed by the exponent D of the power law. The original finding by Mishima et al. (1999) was based on a 2D CT image, but now, the power-law exponent D for LACs’ size distribution can be 3D calculated as shown in Figure 3. Following lung segmentation, each LAC is identified by 3D connecting neighboring LAA pixels, and the cumulative number of LACs N(x) larger than a given LAC size of x is counted. When the size x and N(x) can be fitted with a straight line on the log-log plot, the power-law exponent D can be obtained as the negative slope of the line. As shown in Figure 3, the progression of COPD leads to relatively larger LACs, which results in a flattening of the distribution and a smaller value of D.
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FIGURE 3. The power-law exponent D for the size distribution of emphysematous clusters on CT. (A) 3D visualization of low attenuation clusters (LACs) for two cases. Each sphere indicates a LAC that was identified as neighboring voxels in 3D on CT. Of note, many small clusters were found in case A, whereas several larger clusters and many small clusters were found in case B. (B) Cumulative count of LACs larger than a given size was plotted on a double logarithmic scale, and the power-law exponent D was calculated as the negative slope of the regression lines. The exponent D for cases A and B were 1.2 and 0.9, respectively.


Similar to the power-law exponent D for the size distribution of airspaces on histology, the power-law exponent D for the size distribution of LACs is not equal to the FD of the shape of LACs. Nonetheless, Mishima et al. (1999) further showed that a reduction in D is sensitive to capture parenchymal destruction in early-stage COPD, even when LAA% is not changed. In contrast, lung hyperinflation without parenchymal destruction in asthmatics is associated with an increase in LAA% without a change in D (Mitsunobu et al., 2003). A combination of the power-law exponent D and LAA% increased the accuracy of estimation of the pathological emphysema severity compared to the single-use of LAA% (Gietema et al., 2011) and accounted for sex differences in emphysema distribution (Camp et al., 2009). From the clinical perspective, the use of D has improved the predictive power for outcomes after a lung reduction surgery (Coxson et al., 2003) and a long-term prognosis (Hwang et al., 2019). In addition, D has also revealed relationships between exacerbation and emphysema progression (Tanabe et al., 2011) and between continuous smoking and spatially heterogeneous emphysema progression (Tanabe et al., 2012). Further, Shimizu et al. (2020) recently reported that while LAV% predicts lung function decline and 10-year mortality, the exponent D predicts shorter time to exacerbation in patients with COPD. This supports the notion that the power-law exponent D reflects a distinct clinical status that the more standard emphysema index LAV% does not include. Another advantage of using D over LAV% is the robustness against variations in the inspiratory level in repeated scans to detect longitudinal emphysema progression. Indeed, studies by Tanabe et al. (2011, 2012) demonstrated that a change in CT-based total lung volume between two scans is correlated with the change in LAV% but not with the exponent D. Hwang et al. (2016) also compared the values of D from inspiratory and expiratory CT and found that D did not differ between the two breath-hold levels. We, thus, propose that due to its robustness, the power-law exponent D is a more suitable biomarker than LAV%.



Loss of the Power-Law for Size Distribution of Low Attenuation Regions on CT

Since the original discovery by Mishima et al. (1999) of the power-law behavior in the size distribution of LACs in COPD, countless studies have invoked the power-law exponent D based on the assumption that the power-law should be maintained in any parenchymal destruction in smokers. However, this concept was challenged by a recent study by Mondoñedo et al. (2019) who showed that as emphysema progresses, extremely large LACs appeared when the lung CT was analyzed in 3D (Figure 4). The authors further showed that the size of these extremely large LACs deviated from the expected power-law size distribution of the other LACs, and called them “superclusters.” On the log-log plot, the superclusters correspond to outliers to the fitted power-law distribution that are mathematically defined as LACs with volumes of at least 100 ml and squared residuals >0.5. It was found that the supercluster emerged between LAA% of 15 and 30% with a probability approaching one. Interestingly, however, by excluding the superclusters, the remaining LACs were found to follow a power-law size distribution as exemplified in Figure 4. Moreover, since the volume of the superclusters was closely associated with lung function in nine patients with COPD, it was argued that the supercluster was also driving the progression of the disease.
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FIGURE 4. Superclusters not following the single power-law distribution and an alternative power-law analysis using relatively lower attenuation clusters on CT. (A) LACs were defined as 3D connecting voxels <−950 HU on CT. A log-log plot for cluster size and cumulative count of LACs larger than a given size showed that two very large clusters (red circles, superclusters) did not follow the power-law distribution. (B) Relatively lower attenuation clusters were defined using a threshold of the 25th percentile of the distribution of CT numbers instead of a fixed threshold to define emphysema, such as −950 HU.


Tobino et al. (2017) compared the power law for the size distribution of LACs between COPD and other cystic lung diseases, including lymphangioleiomyomatosis (LAM) and Birt-Hogg-Dube syndrome (BHDS) based on 2D CT images. In that study, the power-law size distribution of LACs was maintained in more than 90% of CT images of patients with COPD and LAM, whereas the power-law was preserved in 63% of CT images in BHDS. Moreover, to enhance the robustness of the power-law analysis of low attenuation regions in COPD, Tobino et al. (2017) proposed that instead of a fixed threshold to define emphysema, such as −950 HU, the 15th, 25th, and 35th percentiles of the distribution of CT values can be used to define relatively lower attenuation regions and calculate the power-law exponent D (D'15, D'25, and D'35) of the corresponding size distribution. The authors found that compared to the conventional exponent D (Figure 4), D'15, D'25, and D'35 are more robust against variations in inspiratory level during CT scans. Furthermore, D'25, but not the conventional exponent D, D'15 or D'35, sensitively detects emphysema progression in current smokers, while, D'25, D'35, and the conventional exponent D had similar associations with airflow limitation and diffusing capacity. Collectively, the results of these recent reports warrant future investigations regarding the maintenance and loss of the power-law behavior in the size distribution of CT-based emphysema lesions during the progression of COPD.



Simulation Studies

The discovery of the power law governing the size distribution of emphysematous clusters on CT has yielded insights into the pathogenesis of emphysema and COPD. Simulation has played an important role in this context. For example, Suki et al. (2003) constructed a spring network model and demonstrated that local enhancement of mechanical forces due to rupture of alveolar septum leads to further rupture and the iteration of this process creates spatially heterogeneous parenchymal destruction. Emphysema due to mechanical force-based destruction is thus characterized by a few large emphysematous clusters surrounded by many small emphysematous clusters on CT images, which not only results in a power-law distribution but also reduces the power-law exponent D as the rupture process proceeds.

Moreover, a longitudinal study found a decrease in the exponent D based on 2D CT images and an increase in LAA% in patients who experienced exacerbations during follow-up supported by model simulations using the baseline CT (Tanabe et al., 2011). In that simulation study, the authors converted non-emphysema pixels into emphysema pixels based on several pre-defined rules. Consequently, it was found that when selecting non-emphysema pixel randomly, LAA% was increased, but D did not decrease. In contrast, when selecting non-emphysema pixels separating regions of pre-existing LAA pixels, a new emphysema-pixel caused coalescence of pre-existing emphysematous clusters and induced both a decrease in the exponent D and an increase in LAA%, in agreement with the actual changes in D and LAA% in patients who experienced exacerbations. These findings suggest that exacerbations-induced coalescence of emphysematous clusters made pre-existing clusters larger, which supports the disruptive role of mechanical forces described above. Furthermore, these results also prove that D and LAA% do not always change simultaneously, which may explain why LAA% and D have different predictive roles in the long-term prognosis of COPD (Shimizu et al., 2020).

Subsequently, Tanabe et al. (2012) investigated the spatial pattern of emphysema progression induced by continuous smoking by combining the power-law analysis of LACs on CT with simulations. They found that smoking-induced emphysema progression is not uniform in the lung. New emphysematous lesions developed in local regions that were surrounded by pre-existing established emphysema clusters, leading to the spatially heterogeneous emphysema progression. Regarding the supercluster formation in COPD, Mondoñedo et al. (2019) introduced personalized computational modeling and showed that the mechanical forced-induced expansion of LACs and the coalescence of two neighboring LACs may cause the emergence of superclusters. This concept is consistent with a previous study by Bhatt et al. (2017) who used non-rigid registration of paired inspiratory and expiratory CTs in a large longitudinal observational study. They calculated the Jacobian determinant using the displacement field that was obtained in the process of non-rigid registration of inspiratory and expiratory CTs. The Jacobian determinant is an index for local lung expansion and contraction with respiration. The Jacobian determinant was calculated in normal regions adjacent to emphysema lesions. The results suggested that emphysematous regions had a greater Jacobian determinant than the other regions presumably due to abnormal mechanical stretch during breathing. Based on these findings, it was proposed that the extent of volume change in such regions could predict future lung function decline. This finding then suggests that normal regions are not uniformly damaged in the process of emphysema progression and that regions with normal CT density suffering from non-physiological mechanical stresses of cyclic volume change during breathing are vulnerable to further alveolar destruction.

In a study using an elastase-induced murine model of COPD, Sato et al. (2015) showed that the proteolytic injury and mechanical failure after elastase administration propagate beyond the initial distribution of elastase. Taken together with the simulation results discussed above, the following scenario emerges. Once an initial destruction of alveoli happens in the early stage of the disease, emphysema expands from this injury site by mechanical forces rupturing first nearby alveolar walls, followed by coalescence of the relatively larger neighboring emphysematous regions creating a power-law distribution of LACs. Eventually, the positive feedback between rupture and increased mechanical forces necessarily leads to the emergence of the supercluster. The effect of the giant supercluster is to allow non-physiological mechanical forces due to breathing to operate in its own neighborhood. Finally, any small additional enzymatic injury in the supercluster neighborhood weakens septal walls, and the non-physiologic forces will rupture the tissue so that the regions are absorbed into the ever-growing supercluster, which in turn is seen at the macroscopic scale as a breakdown of the power law of LACs.




AIRWAY DISEASE


Self-Similarity and Fractal of Airway Tree

Airway trees also exhibit the fractal properties in human and animals (Horsfield, 1990; Weibel, 1991; Boser et al., 2005; Glenny, 2011; Glenny et al., 2020). An airway branch generally divides into two daughter branches. The ratio of length to diameter for each generation is reported as consistent using excised and fixed lungs (Weibel, 1991, 2009). In addition, the diameter ratio of daughter to mother branch is ~0.86, whereas the length ratio of daughter to mother branch is ~0.62 (Horsfield, 1990). The fact that these ratios are nearly independent of airway generation suggests that the branching pattern of the airway tree is characterized by self-similarity (Weibel, 1991; Glenny, 2011), and consequently, the structure of the airway tree has fractal properties. This conceptual framework has been applied to develop mathematical modeling of airway structure and various simulations in silico. For example, Nelson and Manchester (1988) suggested that the FD reflects tortuosity of biological trees. Moreover, Glenny et al. (2020) compared the FD of airway trees in different mouse strains and showed that fractal geometry is genetically coded.



Airway Fractal Dimension and the Power-Law Exponent D on CT

The fractal properties of airway trees were also demonstrated by quantitative CT analyses (Bodduluri et al., 2018; Van de Moortele et al., 2018). A technical advancement in recent CT analysis software has made it possible to segment the airway tree automatically and more precisely up to the sixth generation airways (Van de Moortele et al., 2018). The fractal geometry of the segmented airway tree can then be analyzed using the 3D box-counting method (Bodduluri et al., 2018; Van de Moortele et al., 2018, 2019). A stack of CT images including the entire airway tree was 3D divided into cubic boxes of linear size x. The number of cubic boxes that include a part of the airway tree N(x) is counted for a given box size x. Then, the analysis is repeated for different values of x and N(x) that are plotted on a double logarithmic scale, and airway FD (AFD) is calculated as the negative slope of the regression line as shown in Figure 5.

[image: Figure 5]

FIGURE 5. Fractal analysis of airway trees on CT based on the box-counting method. (A) Examples of segmented airway trees in two cases. (B) Using the box-counting method, the number of boxes that included the airway tree was counted. This counting was repeated for different box sizes. The count of boxes including the airway trees was plotted on a double logarithmic graph and the airway FD (AFD) was calculated as the negative slope of the regression lines (AFD = 1.90 and 1.80 for cases A and B).


Another method to apply the fractal concept to characterize the airway tree was introduced by Kitaoka and Suki (1997). The authors used data of human tracheobronchial geometry that was obtained from bronchial casts in two human lungs by Raabe et al. (1976) and showed that the cumulative distribution of the internal lumen diameter of airway branches is governed by a power law. This concept was recently reproduced by Kinose et al. (2020) who segmented airway tree from inspiratory CT scans and partitioned the whole tree into branches in 162 smokers with and without COPD. They measured the minimal inner CSA (iCSA) of airway branches and counted the cumulative number of airway branches N(x) having iCSA ≥ x. When the minimal lumen size x and N(x) were plotted on a double logarithmic scale, the power-law exponent D of iCSA was obtained as the negative slope of the regression line.



Airway Fractal Dimension in Healthy Lungs

Airway fractal dimension in healthy smokers was first measured on 2D images of bronchial airway casts (Boser et al., 2005), and the mean AFD (1.83) in healthy subjects was higher than in those with fatal asthma (1.72) and in those with nonfatal asthma (1.76). On the 3D volumetric CT, Van de Moortele et al. (2018) reported that the mean AFD on inspiratory CT in 36 healthy lifelong nonsmokers with normal lung function (mean age 64) was 1.89. Meanwhile, Bodduluri et al. (2018) reported that the mean AFD in 105 healthy lifelong nonsmokers was 1.56, which was higher than that of smokers at risk (1.52) and subjects with COPD (1.45–1.50). Although both the reports applied the box-counting method to the 3D segmented airway tree, the values of the AFD in healthy subjects differed substantially in the two studies. We speculate that methods to segment and process airway trees and the box-counting methods implemented in different software might yield different outputs. Therefore, the methods to calculate AFD on volumetric CT should be standardized to increase the reliability of AFD in clinical applications. More studies are also necessary to understand how age, sex, and height affects AFD in healthy subjects.



Airway Fractal Dimension and the Power-Law Analysis in COPD

Regarding airway tree morphology in COPD, Van de Moortele et al. (2019) showed that the central airway tree in subjects to airflow limitation is characterized by smaller diameters, smaller child-to-parent diameter ratios, larger length-to-diameter ratios, and a smaller AFD compared to healthy subjects. They also showed that a smaller AFD is associated with greater longitudinal decline in lung function over 5 years. Bodduluri et al. (2018) also found that a decrease in AFD is associated statistically significantly with airflow limitation on spirometry, quality of life, and 6-min walk distance independent of airway wall thickness and emphysema on the cross-sectional data. Importantly, a decrease in AFD at the baseline-study visit of the 5-year longitudinal cohort is an independent predictor for future exacerbations, lung function decline, and mortality in patients with COPD (Bodduluri et al., 2018). The authors performed simulations and found that AFD reflects the loss of airways which the conventional CT index of airway dimension, Pi10 (square root of the wall area of a hypothetical airway with a lumen perimeter of 10 mm), does not capture.

Interestingly, Kinose et al. (2020) showed that while both the power-law exponent D of iCSA and the AFD were correlated with airflow limitation, these indexes were weakly correlated with each other and proposed that the AFD based on box-counting of the airway tree and D of iCSA reflect different structural features. The AFD is related to the space-filling capacity of the entire tree in 3D whereas the power-law exponent D of the internal diameters characterizes the relative frequency of finding diameters larger than x, independent of their spatial arrangement in 3D. Furthermore, the authors also suggested that D of iCSA is influenced by the diameters of airway branches, but the AFD reflects the length and the number of branches rather than their diameter. While airways <2 mm in diameter are considered a main pathological site that a current multi-detector CT (MDCT) technique cannot resolve, a recently-introduced ultra-high-resolution CT may allow for direct evaluation of these airways (Tanabe et al., 2018b, 2019). Moreover, based on a recent MDCT report showing that the mismatch between central airway size and lung, called dysanapsis, is a main determinant of lung function and is closely associated with future incidence of COPD (Smith et al., 2020), the fractal property of the central airway tree may have an independent impact of clinical outcomes on COPD. Therefore, more efforts should be made to uncover distinct clinical values of these two fractal measurements.




VASCULAR DISEASES

Fractal-like structural properties have also been evaluated in the vasculature based on the idea of space-filling. The explanation could be found in the fractal-like architecture of the hierarchical branching vascular networks that distribute resources within organisms. The presence of fractal property in the vascular system can be closely associated with a reduction in the resistance to blood flow, which is also found in the fractal property of the leaf veins (Glenny and Robertson, 1990).

Studies in the 1990s evaluated the fractal property in the vasculature using contrast-enhanced CT images, but still little is known about the fractal property of the vasculature in diseased lungs, such as COPD. Haitao et al. (2011) reported that unlike emphysematous diseases, the FD of the pulmonary vessel structure (VFD) may be increased during the progression of pulmonary hypertension, whereas Helmberger et al. (2014) showed a positive correlation between the VFD and arterial oxygen saturation.

Very recently, Essay and Maina (2020) reported that the FD was 2.714 for the bronchial airway tree, 2.882 for the pulmonary arterial tree, and 2.334 for the pulmonary venous tree using latex rubber cast models. They also suggested that the human lung functionally complies with the Hess-Murray law or “the principle of minimum work.” The interrelationship between bronchial tree fractality and blood vessel fractality should be further investigated for better understanding of the pathophysiological nature of diseased lungs. Several studies using micro-CT have shown that the number of the terminal bronchioles decreases and that the cross-sectional lumen area of identifiable terminal bronchioles are reduced in COPD with both mild and severe airflow limitation (McDonough et al., 2011; Koo et al., 2018; Tanabe et al., 2018c). Since tissue oxygenation of peripheral airway trees are supplied by peripheral vasculature, there should be a loss of vasculature in lungs with COPD. We speculate that the loss of the peripheral small airways can be associated with the regions where the exponent D of the size distribution of the vascular diameters holds decreases while the VFD may remain unchanged. These predictions warrant further experiments.



DISCUSSION

In this review, we mainly focused on literature regarding the power-law and fractal analyses of the lung with COPD; however, we also made comparisons to asthma, LAM, and BHDS. Table 1 summarizes CT studies using the power-law and fractal analyses in patients with COPD. In reflection of the state of the current literature, more volume of content for emphysema was included in this review compared to airway disease and vessel abnormality. However, the power-law and fractal analyses of airway and vessel structures are also promising and upcoming research areas. Table 1 also shows that the range of exponent D for low attenuation regions and AFD vary among studies. The inconsistency might be due to variabilities in conditions of CT scanning such as reconstruction algorithms, different segmentation methods of airway and parenchyma, and the algorithms to calculate D and AFD. Segmentation of each target structure is required to perform these analyses, but this task, especially airway and vascular segmentations, is laborious for many clinicians in daily clinical practice. Moreover, to complete the power-law analysis for the size distribution of emphysematous low attenuation regions and airway branches, further computation is required to identify LACs from emphysema analysis and to partition the airway tree into branches for airway analysis. To overcome these current limitations and further characterize the fractal nature of morphology of COPD lungs, we recommend from a technical perspective that future studies attempt to standardize the methods and establish an automatic workflow to make the calculation of D and FD reproducible and available to attending physicians and radiologists. It would be important that scientists make the algorithm publicly available. From a pathophysiological perspective, we also recommend that studies investigate the mechanism by which the emergence in super emphysematous clusters induces a loss of the fractal property of the size distribution of emphysematous clusters, as well as by which AFD and D of iCSA change over time, specifically in different COPD phenotypes.



TABLE 1. Summary of CT studies regarding the power-law and fractal analysis of lung structure and COPD outcomes.
[image: Table1]

Since emphysema subtypes, including centrilobular, paraseptal, and panlobular emphysema (Lynch et al., 2015), show distinct clinical and pathological features (Kim et al., 1991; Saetta et al., 1994; Tanabe et al., 2017, 2020), future studies should also determine the fractal nature of each emphysema subtype. Moreover, in addition to the power-law exponent D of emphysema, a radiological finding of small airway disease on registered inspiratory and expiratory CT could be a CT-based biomarker of early-stage COPD (Galban et al., 2012; Bhatt et al., 2017; Vasilescu et al., 2019). Therefore, the relationship between the exponent D of emphysema and the radiographic evidence of small airway disease warrants further investigation.

The power-law and fractal concepts have been calculated for each component of lung structure. However, it is well known that airway-parenchymal interdependence substantially affects pulmonary function and airway disease is associated with the pathogenesis of emphysema. Therefore, an integrative approach, for example, that combined computational and mechanistic modeling with the power law for emphysema size distribution and the FD of airway tree, could open new directions in COPD research. These approaches, especially when combined with computer simulations, could lead to a better the understanding of the structural alterations in the early stages of COPD and help identify subjects at a high risk of severe COPD.

It should be also noted that in addition to fractal structures in the lung, a fractal pattern in ventilation heterogeneity is also known to exist (Altemeier et al., 2000). The fractal-like ventilation heterogeneity implies the presence of spatial clustering in which ventilation to a given region correlates with that of neighboring regions. Interestingly, the fractal properties of regional ventilation are similar to those of regional perfusion, implying strong ventilation-perfusion matching despite the large heterogeneity of both (Altemeier et al., 2000). Since non-invasive and more accessible imaging methods, such as MRI, has made it possible to quantitatively evaluate ventilation and perfusion (Hoffman et al., 2016; Voskrebenzev et al., 2018; Hatabu et al., 2020), the power-law and fractal analyses of the ventilation and perfusion mapping should be a promising research area to uncover the structure-function relationship in COPD. Taken together, the structural characterization and structure-function relationship of the lung and its various subsystems presented in this review may improve our understanding of the underlying mechanisms driving disease progression.
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