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Vessel segmentation in the lung is an ongoing challenge. While many methods have been able to successfully identify vessels in normal, healthy, lungs, these methods struggle in the presence of abnormalities. Following radiotherapy, these methods tend to identify regions of radiographic change due to post-radiation therapytoxicities as vasculature falsely. By combining texture analysis and existing vasculature and masking techniques, we have developed a novel vasculature segmentation workflow that improves specificity in irradiated lung while preserving the sensitivity of detection in the rest of the lung. Furthermore, radiation dose has been shown to cause vascular injury as well as reduce pulmonary function post-RT. This work shows the improvements our novel vascular segmentation method provides relative to existing methods. Additionally, we use this workflow to show a dose dependent radiation-induced change in vasculature which is correlated with previously measured perfusion changes (R2 = 0.72) in both directly irradiated and indirectly damaged regions of perfusion. These results present an opportunity to extend non-contrast CT-derived models of functional change following radiation therapy.
Keywords: lung perfusion, post-RT vascular change, pulmonary vasculature segmentation, radiation-induced damage, ct-derived perfusion
1 INTRODUCTION
Vascular segmentation is an ongoing challenge. Several groups have attempted to develop robust vasculature segmentation algorithms. Of these, most models rely on knowledge about the features of vessels such as intensity, curvature, tubularity, centerline, and smoothness but all methods thus far face their own challenges (Jerman et al., 2015) (Sato et al., 1998) (Krissian et al., 2000) (Aylward and Bullitt, 2002) (Zhang et al., 2010) (Lavi et al., 2004) (Metz et al., 2007) (Buelow et al., 2005) (Agam et al., 2005) (Medical Imaging 2008: Image Processing, 2008).
In lung images, there is a natural contrast seen on CT imaging due to the high density difference between vessels and the lung parenchyma. Segmenting vessels in the lungs specifically has been addressed by various groups (Agam et al., 2005) (Xiao et al., 2011) (Shikata et al., 2004) (Medical Imaging 2008: Image Processing, 2008). However, all these methods struggle to address the issue that other structures besides vessels can have similar Hounsfield Unit (HU) intensities such as tumor nodules or dense lesions resulting from fibrosis, mucous, etc. Particularly, in regions of damaged lung, previous work has indicated that the algorithm struggles to distinguish damaged lung from vessel (Rudyanto et al., 2014).
Texture analysis presents an opportunity to identify particular radiographic abnormalities caused by medical intervention e.g. radiation therapy. These methods are robust and can identify several different textures in lung parenchyma such as ground glass, honeycombing, emphysema, consolidated, bronchovascular, and ground glass reticular (Uppaluri et al., 1997). In this work we use these texture analysis methods to improve upon existing vascular segmentation methods to produce a workflow capable of identifying vasculature accurately in the presence of damaged or abnormal lung tissue. Furthermore, we use this workflow to show a dose dependent radiation-induced change in vasculature which correlated with measured perfusion changes in both directly irradiated and indirectly damaged regions.
2 METHODS
2.1 Swine model subject description
Previous studies have used the Wisconsin Miniature Swine (WMS) and detail their unique characteristics that make them an ideal model as well as show strong correlations between WMS and human response (Wallat et al., 2021) (Reed et al., 2010) (Wuschner et al., 2021a). In this work, two groups of five WMS (ten total) each received CT imaging and RT treatment. The swine ranged from 70–100 kg and were 14.4 ± 1.7 months of age. These two groups will be referred to as group A and group B, with differences between the groups described in the current section. All WMS were sedated to eliminate motion artifacts and mechanically ventilated to a consistent tidal volume of 1 L and respiratory rate of 15 breaths per minute matching the average tidal volume and respiratory rate of human subjects in a prospective clinical trial studying functional avoidance in the lung (NCT02843568). The animal care practices and all experimental procedures were approved by the University of Wisconsin Institutional Animal Care and Use Committee (IACUC). The drugs and methods of anesthesia and euthanasia were approved in compliance with American Veterinary Medical Association (AVMA) guidelines for anesthesia and euthanasia of swine. Both committees assured that all procedures were in compliance with ARRIVE guidelines.
2.1.1 Treatment schemes and imaging schedule
For all ten swine in groups A and B, CT images were acquired both pre- and 3 months post-RT. At each time point, subjects received a four-dimensional CT (4DCT) and dynamic contrast-enhanced perfusion scans. The dynamic perfusion scans were performed following the procedure detailed in Wuschner et al. (Wuschner et al., 2021a).
All subjects underwent a five fraction stereotactic body RT (SBRT) course of 12 Gy per fraction totaling 60 Gy, however the two groups of swine were treated with two different forms of image-guided radiation therapy, as described below. The differences in delivery system were due to clinical availability at the time of the study. Figure 1 shows a representative dose distribution that was delivered to subjects in each group. For all subjects, the contralateral lung did not receive dose above 5 Gy.
[image: Figure 1]FIGURE 1 | Delivered radiation dose distributions for WMS groups (A) and (B) show treatment differences. Group B had a more medial and cranial dose distribution with a smaller region of targeted high dose values.
In group A, the treatment planning target volume (PTV) was designated as the bifurcation of a vessel in the posterior base, near the left lateral chest wall, of the left lung. Treatment delivery was executed using an MRI-guided LINAC system (ViewRay, Cleveland Ohio) in order to maximize dose conformity and reduce the uncertainty of dose delivery due to respiratory motion. The ViewRay system continually monitors and gates treatment by acquiring 0.35 T MRI images and stopping treatment when the target is outside of the threshold view set.
For subjects in group B, the PTV was centered on a vessel and airway in the right upper lobe of the subject. This target location was selected to enable treatment response analysis to the directly irradiated vessels and distal pulmonary vasculature receiving moderate to low radiation doses. Treatments were delivered on the Radixact®linear accelerator with motion Synchrony treatment system (Accuray Incorporated, Sunnyvale, CA) in order to maximize dose conformity and reduce the uncertainty of dose delivery due to respiratory motion. Radixact®is a helical tomotherapy radiation therapy delivery system that contains an intrafraction motion management system called Synchrony®, which has been adapted from CK Synchrony (Schnarr et al., 2018). On the system, an x-ray tube and flat-panel kV imager are offset 90° from the megavoltage (MV) imager and beam. The kV imaging subsystem is used to periodically localize the target during treatment. For monitoring respiratory motion, light-emitting diodes (LEDs) were placed on the swines’ chest and identified with a camera mounted to the treatment table to provide the phase of respiration. The target can then be localized without implanted fiducials near the target using a motion correlation model. Further details of the model are described in Schnarr et al. (Schnarr et al., 2018).
For all swine, treatment fractions were delivered following a standard clinical SBRT schedule receiving each fraction with a day in between each delivery during weekdays and 2 days over the weekend. Subjects were mechanically ventilated to eight breaths per minute during treatments with inverted breathing to hold inhale longer than exhale.
2.2 Image analysis tools used
2.2.1 Feature-learning vascular segmentation
In the 2012 VESSEL12 Grand Challenge run in conjunction with the IEEE International Symposium on Biomedical Imaging, several different approaches to vascular segmentation on non-contrast CT were proposed (Rudyanto et al., 2014). The top scoring approach by Kiros et al. utilized multi-scale patch-based feature-learning and implements the sparse coding principles described by Coates et al. (Coates and Ng, 2011) (Kiros et al., 2014). Since this method does not require joint learning, features are learned efficiently and quickly (Kiros et al., 2014). Since the conclusion of the challenge, Konopczynski et al. have improved upon the work of Kiros et al. by extending the method to learn 3D features in an unsupervised manner in a multi-scale scheme using dictionary learning via least angle regression (Konopczynski et al., 2016). Their method improved upon the accuracy achieved by Kiros et al. from 96.66 ± 1.10% to 97.24 ± 0.90% on the principle VESSEL12 data set (Konopczynski et al., 2016). The VESSEL12 challenge separately evaluated the ability of segmentation methods to distinguish several types of dense abnormalities from vessels. The datasets for these categories consisted of non-contrast CT images that contained vessels in the presence of dense lesions, which include atelectasis, fibrosis, and adhesive straining, as well as mucus-filled bronchi, which are airways that instead of being clear, are filled with liquid such as mucus (Rudyanto et al., 2014). Many of these are characteristic of the radiographic change that is seen in post-RT radiotherapy patients. In these categories, the methods of Konopczynski et al. achieved a sensitivity of 0.95, but struggled in specificity (achieved 0.13) meaning it classified several things as vessels that were not. This code is open-source and is code that was used in the “Vessel Segmentation” step shown in Figure 3 (Rudyanto et al., 2014). The output of this code is a probability map that indicates the probability of a given voxel containing a vessel.
2.2.2 Texture analysis
To improve the specificity of the resulting vessel segmentation from the Konopczynski method described above, texture analysis was used to identify and remove false positives. The texture analysis method used is the Adaptive Multi-Feature Method (AMFM) developed by Uppaluri et al. at the University of Iowa (Uppaluri et al., 1997). This method classifies voxels of an input lung CT as one of seven textures: normal, ground glass, ground glass reticular, honeycombing, bronchvascular, emphysema, or consolidated.
The general procedure for performing the analysis is as follows. First, lung regions are identified on the CT scan using a multi-resolution convolutional neural network lung segmentaiton approach proposed by Gerard et al. (Gerard et al., 2020) (Gerard et al., 2021). Next, preprocessing was performed on the masked CT image using edgementation (Uppaluri et al., 1997). This method merges pixels in regions where the difference between the grey levels of adjacent pixels is small. From there, feature extraction is performed. The features extracted can be grouped into three categories; first order, second order, and the geometric fractal dimension. The first-order features were mean, variance, skewness, kurtosis, and grey-level entropy as described in Ferdeghini et al. (Ferdeghini et al., 1991). Eleven second order features were calculated. Five of these were derived from the run length matrix (short-run emphasis, long-run emphasis, grey-level non-uniformity, run-length non-uniformity, and run percentage) and the remaining six were derived from the co-occurrence matrix (angular second moment, entropy, inertia, contrast, correlation, and inverse difference moment) (Fleagle et al., 1994). The details of the geometric fractal dimension are detailed in Uppaluri et al. (Uppaluri et al., 1995). Each calculated feature is normalized for the size of the pixel and lung prior to optimal feature extraction. Optimal feature extraction is performed using the divergence method and correlation analysis with labeled training data that is classified as 1 of the seven textures by an experienced radiologist (Andrews and Swartzlander, 1973). Finally, classification is performed using a Bayesian classifier (Sonka et al., 1993).
Figure 2 shows the result of applying the AMFM texture analysis to a post-RT CT and masking it by voxels that were classified as vessels using the method described above. The vessel segmentation classifies several voxels in the area of the CT showing radiographic change as vessel that are likely false positives. Texture analysis shows that the voxels in this region are bronchovascular, consolidated, or ground-glass reticular which are expected radiation-induced textures. Therefore, by removing any voxels that are both classified as a vessel and classified by one of these textures, we can remove the false positives in the vessel segmentation.
[image: Figure 2]FIGURE 2 | Example of a post-RT CT scan showing radiographic damage (left frame), the resulting vessel segmentation (middle frame), and the texture classification for each voxel (right frame) that was classified as a vessel. The vessel segmentation classifies several voxels in the area of the CT showing radiographic change as vessel that are likely false positives. Texture analysis was performed over the entire lung and is shown masked by the voxels that were identified as vessel in the third panel. The textures of the voxels in the region of false-positives are bronchovascular, consolidated, or ground-glass reticular which are expected radiation-induced textures.
However it can also be seen that voxels that are clearly vessels in the right lung are classified as ground glass reticular. This is because the AMFM technique is designed to classify lung parenchyma, not vasculature. When the vasculature is large enough, the features of the vasculature are similar to that of ground glass reticular and thus they are classified as such. This does not occur with the smaller vasculature that are small enough such that their normalized do not classify as one of the removed textures. To address this, a third image processing step is needed to add back in the larger vasculature.
2.2.3 Lung and large vessel segmentation
To add in the larger vasculature, two lung masking techniques are used. The first is a multi-resolution convolutional neural network proposed by Gerard et al.to perform lung segmentation (Gerard et al., 2020) (Gerard et al., 2021). The lung segmentation produced by this generates a smooth boundary at the mediastinum which includes the large vessels filled in (see Figure 3). The second method is an optimal thresholding method which is utilized to generate a mask of well-aerated regions. The aerated mask is subsequently smoothed and small holes are filled using morphological operations thus leaving the large vasculature unmasked. The difference image between the lung segmentation and the aerated segmentation is used to identify large vasculature (Gerard, 2018).
[image: Figure 3]FIGURE 3 | Flowchart showing the workflow to produce vascular segmentations using the tools described.
2.3 Vascular segmentation workflow
The full vascular segmentation workflow is detailed in Figure 3. The 4DCT image is input into the vascular segmentation, AMFM texture, CNN lung segmentation, and aerated segmentation codes. The AMFM texture map is masked by the vessel segmentation such that only vessel classified voxels remain (determined using a threshold of p[image: image]0.4). Additionally, any voxels classified as vessel that are also identified as ground glass reticular or bronchovascular are removed. This produces the a map of the small and medium vasculature. Separately, the aerated segmentation is subtracted from the CNN lung segmentation to produce the large vasculature map. Finally, the large and small/medium vessel maps are added together to produce the final vessel segmentation.
2.4 Analysis of post-RT change
2.4.1 Group A
All post-RT scans were deformably registered to the pre-RT scan using a B-spline registration algorithm (Cao et al., 2012) (Yin et al., 2009). The transformation matrix produced in the registration was then applied to the post-RT vessel segmentation to allow for voxel-wise comparisons. Analysis was performed in four dose bins; voxels receiving “no dose” ([image: image]5 Gy), “low dose” (5–20 Gy), “medium dose” (20–40 Gy), and “high dose” (above 40 Gy). In each dose bin, the volume of vasculature was calculated by summing the number of voxels classified as a vessel and multiplying by the voxel size. The percent change in vessel volume from pre to post-RT was then calculated using equation 1. Additionally student paired two-tailed t-tests were used to compare the pre and post-RT volumes of vasculature in each dose bin across the five swine.
[image: image]
2.4.2 Group B
For the subjects in Group B, analysis was performed similarly to the subjects in Group A with the addition of analysis being split into direct and indirect change. The process for this analysis is summarized in Figure 4. Similarly to Group A, the pre and post-RT CTs are registered and the transformation matrix is used to bring the post-RT vessel map into the frame of reference of the pre-RT scan and dose distribution. However, in addition to masking by dose bin, the analysis is masked as being in either a “fed”, “not fed”, or “contralateral” region. Here “contralateral” refers to the left lung (left entirely unirradiated below 5 Gy), “fed” refers to regions that contain vasculature that branch from the vessel irradiated to the prescription dose, and “not fed” refers to regions that do not contain vasculature that branch from the vessel irradiated to the prescription dose. This results in 7 separate analysis regions (no, low, and medium dose in both the fed and not fed regions and the contralateral region). In each of these regions the percent change in volume of vasculature was calculated as described for group A using Eq. 1.
[image: Figure 4]FIGURE 4 | Flowchart showing the workflow to perform the indirect vascular change analysis using the tools described.
Additionally for these subjects, the perfusion change in each of the seven contours analyzed in the group B subjects was calculated from the contrast-CTs using the methodology described in Wuschner et al. (Wuschner et al., 2022).
3 RESULTS
3.1 Improved vascular segmentation
An example of the vessel segmentation algorithm is shown in Figure 5. The post-RT original vessel segmentation classifies regions of radiographic change as vessel. When removing the ground glass reticular and bronchovascular voxels, in both the pre and post-RT examples it is observed that the larger vessels are no longer segmented. In the post-RT case it can also be seen that the radiographic change region is no longer classified as vessel. When large vasculature is added back in both pre and post-RT resultant vessel maps appear to be consistent with the vessels observed on the original CTs. Figures 6, 7 show the improvements made by the novel vessel segmentation in an axial slice of all of the subjects used in this work. In all subjects, it is clear that radiographic change is falsely classified as vessel in the original vessel segmentation method. This is further highlighted in Figure 8 where a side by side 3D rendering shows the effect of this false classification. The conventional method, in the regions denoted as having radiographic change, are so over-segmented that you cannot distinguish the true vasculature in this region and it just appears as a large condensed structure. However, when using the novel segmentation workflow presented in this work, we see that it appears specificity is improved in those regions of radiographic change while preserving the sensitivity of the segmentation in the rest of the lung. The improved workflow 3D rendering shows a connected vascular tree in these regions. In the group B swine, the result is more subtle but this is due to the fact that the radiographic change in these swine was not as drastic as the group A swine in a single axial slice. This is due to the differences in dose distribution delivered as well as differences in the size of vasculature irradiated.
[image: Figure 5]FIGURE 5 | Example of the vessel segmentation algorithm results for a pre-RT (top row) and post-RT (bottom row) example. From left to right: the original CT, the vessel segmentation denoting voxels classified as vessels in green, the result of removing voxels that were classified as both vessels and either ground glass reticular or bronchovascular (red), and finally the result of adding back in the large vessels (blue).
[image: Figure 6]FIGURE 6 | Segmentation results in the five Group (A) swine. Each column represents a subject where the top row shows the post-RT CT image in an axial slice showing the post-RT radiographic change. The middle row shows the original vessel segmentation overlayed on the CT in red which in all subjects classified damaged regions of the lung as vessel. The bottom row shows the result of the novel vessel segmentation workflow overlayed on the CT in green. In all subjects, the apparent quality of the vessel segmentation improves in the regions of radiographic change as indicated by the reduction in large connected regions being identified. The resulting segmentation appears to align with vessels that can be observed in the CT in both irradiated and non-irradiated regions.
[image: Figure 7]FIGURE 7 | Segmentation results in the five Group (B) swine. Each column represents a subject where the top row shows the post-RT CT image in an axial slice showing the post-RT radiographic change. The middle row shows the original vessel segmentation overlayed on the CT in red which in all subjects classified damaged regions of the lung as vessel. The bottom row shows the result of the novel vessel segmentation workflow overlayed on the CT in green. In all subjects, the apparent quality of the vessel segmentation improves in the regions of radiographic change as indicated by the reduction in large connected regions being identified. The resulting segmentation appears to align with vessels that can be observed in the CT in both irradiated and non-irradiated regions.
[image: Figure 8]FIGURE 8 | Example cropped 3D Rendering of an example subject. Circled regions show where the CT showed radiographic change post-RT. We see the result of the over-segmentation in the conventional method and the improvement on this using the proposed method.
3.2 Post-RT changes in vasculature
Figure 9 and Table 1 show a summary of the percent changes in volume of vessel in each of the dose bins. For the group B subjects, analysis is not split into fed and not fed regions in this figure. Each point on the graph is plotted at the center of the dose bin it represents and is the average percent change of the five subjects analyzed (Group A or Group B) or 10 subjects analyzed (All Swine). All data sets show strong linear correlation with dose where the reduction in vascular volume increases with increasing dose. However, there is a difference in behavior between Group A and Group B where Group A shows minimal change in the unirradiated dose bin (-3.3 ± 3.8%) while Group B shows a large change (-17.8 ± 5.3%).
[image: Figure 9]FIGURE 9 | Summary of percent changes in vessel volume as a function of dose. All groups show increasing reductions in vessel volume with increasing dose however the magnitude of the changes differs in behavior between groups (A) and (B). Group (A) shows minimal change in the unirradiated dose bin while Group (B) shows a large change.
TABLE 1 | Summary of percent changes in vessel volume. Values in table are entered as average (standard deviation) of the 10 swine (all swine) or of the five swine (Group A or Group B). Statistically significant values (p[image: image]0.05) are denoted with a *.
[image: Table 1]Figure 10 and Table 2 show a summary of the percent changes in volume of vessel in each of the dose bins with the additional group B analysis. All data sets still show strong linear correlation with dose where the reduction in vascular volume increases with increasing dose. The percent changes in the not fed regions are very similar to the group A percent changes while the fed regions show significantly higher magnitudes of change.
[image: Figure 10]FIGURE 10 | Summary of the percent changes in volume of vessel in each of the dose bins for the group (A) swine (all not fed), group (B) swine, and split group (B) swine results masked by being in a fed or not fed region. All data sets show strong linear correlation with dose where the reduction in vascular volume increases with increasing dose. The percent changes in the not fed regions are very similar to the group (A) percent changes while the fed regions show significantly higher magnitudes of change.
TABLE 2 | Summary of percent changes in vessel volume. Values in table are entered as average (standard deviation) of the five swine in each group. Statistically significant values (p[image: image]0.05) are denoted with a *.
[image: Table 2]3.3 Correlation of vasculature and perfusion change
Figure 11 and Table 3 show the relation between the percent change in vessel volume and the percent change in perfusion with each analysis contour labeled. The percent change in perfusion values were analyzed on the same subjects and same contours and were previously reported in Wuschner et al. (Wuschner et al., 2022). The perfusion study showed an indirect effect where the fed vessels, regardless of dose, experienced large, statistically significant compared to pre-RT, perfusion reductions. However, the not fed vessels did not experience statistically significant changes except in the mid dose vessels indicating that the perfusion reduction was dose dependent (in the case of not fed regions) but also dependent on location relative to highly irradiated regions (fed regions). The contralateral lung in the perfusion study experienced no statistically significant perfusion change. A line of best fit is drawn on Figure 11 and shows good correlation (R2 = 0.726) between the perfusion study results from our previous study, and the vascular change results in this study.
[image: Figure 11]FIGURE 11 | Change in vessel volume vs change in perfusion. Each point represents a different analysis contour and is the average of the five swine subjects with error bars representing the standard deviations in each metric.
TABLE 3 | Summary of vessel volume percent change and perfusion percent change in each contour analyzed. Data in the table is the same as the data shown in Figure 11. Entries are written as the average (standard deviation) of the five subjects. Perfusion results are as reported in Wuschner et al. (Wuschner et al., 2022). Statistically significant values (p[image: image]0.05) are denoted with a *.
[image: Table 3]4 DISCUSSION
4.1 Improvements of vessel segmentation method
It can be noted that the results presented in this section are all qualitative. While the qualitative results are convincing and encouraging, we recognize that future work should involve further validation of this method using a quantitative analysis. To our knowledge however, there is no publicly available labeled ground-truth data-set for vascular segmentation in the presence of radiation-induced radiographic change or other similar high density lung damage that could be confused as vessel using standard segmentation methods. The only available ground-truth we are aware of only labels vasculature in normal healthy lungs which will not test the novelty of our segmentation workflow.
With this acknowledged, Figure 5 shows a clear qualitative improvement in accuracy in the segmentation. In the post-RT scan there is clear radiographic change in the slice shown in the right lung. The original vessel segmentation shown in green identifies this radiographic change as vasculature. This misclassification was consistent across subjects and highlights the limitations to using the vessel segmentation method developed by Konopczynski et al. (Konopczynski et al., 2016) alone.
In Figure 2 another example of this mis-classification is shown in the middle pane where the regions denoted in orange pick up radiographic damage in the left lung. This figure further shows the texture correspondence in these regions using the AMFM texture analysis where it is clear that the dorsal regions of the left lung, where the radiographic change and false vessel classification is observed, is comprised of ground glass reticular and bronchovascular textures. The effect of removing vessels of this classification is shown in the third pane from the left in Figure 5. It appears through qualitative inspection that the specificity is improved in the region showing radiographic change but in both the pre and post-RT cases the sensitivity is reduced in the detection of large vessels. Finally, the final pane shows the result of the third step where large vessels are added back in. Here we see the apparent quality of the vessel segmentation improves in both irradiated and non-irradiated regions and is now consistent with the observable vessels on the CT image.
Particularly to note, is that in the pre-RT scan, the original and final segmentations appear identical. This confirms for us that the step of removing textures is only necessary to reduce the false positives in the case of abnormal radiographic features. In this work where the swine lungs were healthy at pre-RT this serves to remove radiation-induced damage, but in the case of human subjects who may have lungs with pre-existing disease, this could be extended for use in pre-RT scans as well.
4.2 Changes in vasculature
All results show a linear relation between increasing dose and decreasing vessel volume suggesting that radiation dose causes vascular volume reduction. Potential mechanisms of this include constriction and atrophy. Vascular atrophy has already been observed in the Group A swine and the direct effects of this atrophy on perfusion were reported previously (Wuschner et al., 2021a). Pathological analysis on these swine has confirmed a loss of structure in the vascular wall in addition to reporting additional mechanisms of constriction as well as confirming the intraparenchymal hemorrhage hypotheses reported in (Wuschner et al., 2021a), (Wuschner et al., 2022), and (Marks et al., 2003) where vascular leakage was observed as a result of radiation dose delivered (Wuschner et al., 2021b).
However, there are a few differences between analysis groups that suggest unique physiological characteristics. Figure 10 shows the difference between the fed and not fed regions that received the same dose. The “fed” region receiving the same dose as the corresponding “not fed” region showed significantly larger magnitudes of reduction in vessel volume. We believe this to be indication of an “indirect effect” where regions receiving no or minimal dose experience large functional declines. This effect has been observed previously in several studies (Wallat et al., 2021) (Vicente et al., 2020) (Thomas et al., 2019) (Farr et al., 2018).
Furthermore, the results of the “not fed” regions agree closely with the results of the group A swine who were irradiated in an inferior region of the lung. This means the region irradiated in the group A swine was centered on a small vessel that did not bifurcate multiple times to feed additional vasculature. These swine did not even have regions that were “fed” and received no dose and some did not have vessels irradiated that were “fed” and irradiated to low dose. These swine therefore, only experienced direct damage where the damage to the region is dependent primarily to the dose it received. This is also true of the “not fed” regions in the group B swine. However, the “fed” regions of the group A swine are also dependent on the dose to feeding vasculature; meaning if there is morphological change in the anatomy of a vessel that feeds the region, there will be downstream reduction in perfusion.
4.3 Correlation between vessel and perfusion change
Figure 11 shows a strong correlation exists between the observed reductions in vasculature and the observed reductions in perfusion (R2 = 0.72). These results suggest that the change in vessel volume (a metric derived from a standard simulation 4DCT), is related to the change in perfusion to a region. Physiologically, this makes sense. Perfusion refers to the flow of blood through the capillary network surrounding the alveolar sacs. If the vascular tree is atrophied and blood cannot reach these capillaries, perfusion will reduce. Furthermore, the indirect effect will be magnified in the fed regions if blood leaks out of the vasculature several bifurcations prior to additional vasculature which supports why the percent changes in vessel volume are smaller than the percent changes in perfusion.
This combined with the dose dependency results shown in this work as well as our previous work (Wuschner et al., 2022) suggests that with enough subjects, a dose response model could be developed using the vascular tree as an input to predict the decline in perfusion to a region based on the dose it receives and the proximity of it to other locations receiving high dose on the vascular tree. This would allow for predictions in functional perfusion information to be made without the need for contrast.
This is a benefit for many reasons. The first benefit is for ease of integration into clinical workflow. Lung radiotherapy patients already receive a 4DCT in order to track lung motion and perform treatment planning. Previous perfusion studies have used methods such as SPECT or PET which require an additional scan and an injection of a radio-pharmaceutical (Ireland et al., 2007) (Farr et al., 2015a) (Thomas et al., 2019) (Marks et al., 2003) (Hopkins et al., 2012). The vascular maps can be derived from the same scans that are already used for treatment. While there are CT-derived perfusion scans, these all require the administration of iodine contrast. While being an additional step in clinical workflow, iodine can also be damaging to patient’s kidneys which is particularly important in the case of cancer patients who may already have compromised baseline renal function. Finally, these perfusion scans have limited field of view which limits the region of analysis and the number of vessels that can be analyzed. This leads to a large degree of variability in the perfusion derived measurements. This can be observed in Table 3 where the vessel change measurements have smaller standard deviations than the perfusion change measurements due to being able to analyze more vessels in the regions.
4.4 Comment on variability
There was a large degree of variability in these measurements as shown by the error bars on the plot in Figure 11 and those listed in Table 3. It is important to note that the sample size of this study was limited to only five subjects for this particular analysis since only the Group B swine were irradiated with enough distal vasculature and tissue to allow for this analysis. Notes on variations in response between subjects and potential causes for the large standard deviations in the perfusion work have previously been described by Wuschner et al. (Wuschner et al., 2022) and are applicable here as well. Future work should include extending this analysis to a larger pool of subjects to minimize the sensitivity of the average measurement to a single subject. Additionally, the new workflow, while it appears to yield a promising improvement, does still contain minor error which could contribute to some variability as well. Some of these errors can be visualized in Figure 5 where in the sub-pleural regions there are small regions segmented that do not look like vessels in the CT. This is likely due to errors in the aerated masking technique that struggles with damage that is so peripheral in the lung.
4.5 Application to functional avoidance radiation therapy
Lung cancer is one of the most commonly diagnosed cancers and is currently responsible for the highest percentage of cancer related deaths (American Cancer Society, 2022). A significant portion of these patients receive radiation therapy (RT) as part of their treatment depending on the stage of their cancer (American Cancer Society, 2022). However, many of these patients experience radiation-induced lung injuries as a result of treatment which decrease patient quality of life and can even be fatal (Marks et al., 2003).
Conventional methods use volumetric dose constraints to minimize toxicities, however these methods do not consider the local function of the lung which has been reported to be locally dependent and different by individual (Siva et al., 2015) (Farr et al., 2015b) (Faught et al., 2017) (Bates et al., 2009) (Vinogradskiy et al., 2013) (Yamamoto et al., 2011) (Shioyama et al., 2007).
Functional avoidance in RT treatment planning aims to do consider these personalized local dependencies by selectively avoiding high functioning regions of the lung. To do this, detailed dose response models are required. In recent years, multiple groups have begun developing these models and some have tested their efficacy in clinical trials (McDonald et al., 1995) (Mah and Dyk, 1988) (Mehta, 2005) (Graves et al., 2010) (Patton et al., 2018) (Koike et al., 2015) (Hopkins et al., 2012) (Zhang et al., 2010) (Vinogradskiy et al., 2013) (Wallat et al., 2020) (Wallat et al., 2021) (Bates et al., 2009) (Hoover et al., 2014) (Ireland et al., 2016) (Vicente et al., 2020). To date, the only prospective clinical trials using these techniques have been ventilation-based (Bayouth et al., 2019) and all non-contrast CT-derived methods have been exclusively ventilation based (Patton et al., 2018) (Vinogradskiy et al., 2013) (Vicente et al., 2020) (Castillo et al., 2021). This does not create a comprehensive model to accurately model the function regions that need avoidance. Perfusion based trials have been performed, however they have all been retrospective and utilized scans outside of normal clinical workflow which poses challenges as described previously (Ireland et al., 2007) (Siva et al., 2015) (Farr et al., 2015a) (Thomas et al., 2019). Having a bio-marker that can derive perfusion information from the same standard of care CT would allow for a more comprehensive model of function to be developed and tested in prospective clinical trials. Future work should involve performing these measurements on a large cohort of subjects to build a model then testing that model in a prospective clinical trial.
5 CONCLUSION
In this work we present a novel vascular segmentation workflow that shows significant observable improvements. Through qualitative inspection, it appears there is an improvement in accuracy in the presence of damage or abnormal radiographic features on a CT. Additionally we use this method to demonstrate a strong dose-response relationship on the morphology of segmented vasculature post-RT. Finally, we show that these measurements correlate with previously reported perfusion changes in the same subject cohort which presents an opportunity for this method to be a non-contrast CT-derived bio-marker for functional perfusion change. While future work should fully validate the method proposed via quantitative analysis, this work presents numerous potential benefits towards the advancement of functional avoidance treatment planning.
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Lung transplantation is the preferred treatment method for patients with end-stage pulmonary disease. However, several factors hinder the progress of lung transplantation, including donor shortages, candidate selection, and various postoperative complications. Electrical impedance tomography (EIT) is a functional imaging tool that can be used to evaluate pulmonary ventilation and perfusion at the bedside. Among patients after lung transplantation, monitoring the graft’s pulmonary function is one of the most concerning issues. The feasible application of EIT in lung transplantation has been reported over the past few years, and this technique has gained increasing interest from multidisciplinary researchers. Nevertheless, physicians still lack knowledge concerning the potential applications of EIT in lung transplantation. We present an updated review of EIT in lung transplantation donors and recipients over the past few years, and discuss the potential use of ventilation- and perfusion-monitoring-based EIT in lung transplantation.
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1 INTRODUCTION
Since Hardy et al. (1963) successfully performed the first human lung transplantation, lung transplantation has continued to develop for several decades. Lung transplantation has become the first-choice treatment for chronic, end-stage lung disease patients in whom medical therapy was ineffective (DeFreitas et al., 2021). For patients with severe functional impairments caused by respiratory diseases, lung transplantation can substantially improve quality of life and prolong survival (Arcasoy and Kotloff, 1999). There has been steady growth in the annual incidence of lung transplantations, with approximately 4,500 single and bilateral lung transplantations performed annually in adults since 2017 (Chambers et al., 2019). Based on records from the International Society for Heart and Lung Transplantation (ISHLT) International Thoracic Organ Transplant (TTX) Registry, a total of 67,493 adult recipient transplants were reported from January 1992 to June 2018 (Chambers et al., 2021). Despite progress in surgical techniques, immunosuppressive agents, and perioperative care, many early complications, such as primary graft dysfunction (PGD), threaten the pulmonary function and viability of the allograft. Delayed onset complications, such as chronic lung allograft dysfunction (CLAD), adversely impact the mortality and long-term outcomes of recipients (Meyer, 2018). As lung transplantation continues to develop, success will be determined by the ability to overcome obstacles, including donor shortage, appropriate candidate selection, PGD, and CLAD (Young and Dilling, 2019). They all concern lung function without exception, and assessing pulmonary function is an indispensable part (Tejwani et al., 2016).
After lung transplantation, patients usually require postoperative care and mechanical ventilation in an intensive care unit (ICU). Therefore, one of the most concerning issues for physicians is monitoring the graft’s pulmonary function (Fuehner et al., 2016). The conventional lung function imaging techniques may be inconvenient or impossible for critically ill patients in the ICU. Fortunately, a new technique has been developed. Electrical impedance tomography (EIT), a radiation-free, noninvasive, and real-time imaging tool, utilizes the changes in bioelectrical impedance to extract information and provides dynamic images of ventilation at the bedside (Frerichs et al., 2017). Since EIT allows frequent adjustment of ventilator settings, it is particularly useful in assessing heterogeneous gas distribution during mechanical ventilation (Shono and Kotani, 2019). The technique has proven to be useful in ventilator parameter optimization (Bachmann et al., 2018). Various studies have reported that EIT can be used for recruitment maneuvers (RM), positive end-expiratory pressure (PEEP) titration, lung volume estimation, and pulmonary perfusion (Zhao et al., 2010; Ambrósio et al., 2021; Xu et al., 2021). Since EIT was first available commercially in Europe in 2011, clinical research and case reports have been successively conducted all over the world (Shono and Kotani, 2019). However, few studies and cases have reported the practice of EIT in lung transplantation. In this review, we present an updated clinical review of EIT in lung transplantation donors and recipients over the past few years (Table 1) and discuss the potential use of ventilation and perfusion monitoring-based EIT in lung transplantation (Figure 1).
TABLE 1 | Summary on research of EIT in lung transplantation.
[image: Table 1][image: Figure 1]FIGURE 1 | The illustrative figure on the use of EIT in lung transplantation. EIT: electrical impedance tomography.
2 BASIC PRINCIPLE AND PARAMETERS OF EIT
2.1 Basic principle
Different tissues possess distinct impedance characteristics, which are determined by specific compositions, such as fat, water, and electrolytes in the extracellular fluid (Lobo et al., 2018). Thoracic bioimpedance is significantly influenced by two cyclic procedures: ventilation and perfusion. Chest impedance varies on a large scale from residual capacity to total lung volume. However, perfusion causes a relatively small change from diastole to systole compared to ventilation (Bodenstein et al., 2009). To perform bioimpedance measurements, the electrode belt of EIT is tied around the thorax. The instrument determines the distribution of bioimpedance by injecting small alternating currents through surface electrodes and measuring potential differences between pairs of passive electrodes (Muders et al., 2010). According to Ohm’s law, the bioelectrical impedance between the injecting and measuring electrode pairs is obtained from the known applied current and the measured voltages. This process is repeated constantly around the entire thorax during a current cycle, and a series of results are used to reconstruct one cross-sectional EIT image (Maciejewski et al., 2021).
EIT can be used to assess lung perfusion distribution. The pulsatility method and the saline bolus injection method are the two methods of EIT used to assess lung perfusion. The pulsatility method is used to estimate pulmonary perfusion based on the measurement of pulsatile variation in pulmonary blood volume (Grant et al., 2011). Continuous information on pulmonary perfusion is retrieved by using cardiac and ventilation EIT signal separating techniques involving frequency-domain filtering, electrocardiogram (ECG) gating, and respiratory pause (Vonk Noordegraaf et al., 1998; Frerichs et al., 2009). The saline injection method reflects regional pulmonary perfusion by bolus injection of a high-conductivity contrast agent that causes changes in thoracic electrical impedance. After saline injection, impedance is significantly decreased in a certain lung region, thus suggesting that there is more contrast agent flow and indicating adequate perfusion. To reduce the interference of respiration with impedance, it must be implemented during respiratory pause. At present, the global thoracic impedance remains relatively unchanged, which better reflects the effect of saline angiography (Xu et al., 2021).
2.2 Basic parameters
The main view in EIT displays the following three parts: The pulmonary images, the impedance waveforms, and the digital panel. The pulmonary image is divided into dynamic image and end-expiratory image of the impedance variation. A dynamic image shows an animated EIT image that represents impedance changes against the baseline. The cross-section image can be set to four different regions of interest (ROI) according to the relative position in the thorax. Global impedance waveform shows the relative impedance changes over time, while regional impedance waveforms represent relative impedance changes of the defined ROI. At the right side of waveforms, regional tidal variations (TV) in percentage of the global TV occurring in each ROI are displayed as numeric values. The general parameters of EIT can be classified into the spatial and temporal distribution parameters. For the spatial distribution parameters, global tidal impedance variation (TV global) describes the global impedance change between beginning and end of inspiration in the breath. Likewise, regional tidal variation describes the regional impedance change within the corresponding ROI. End-expiratory lung impedance (EELI) infers the relative change in end-expiratory lung volume (Eronia et al., 2017). The center of ventilation (COV) describes the weighted geometric ventilation center, and a high level indicates that ventilation shifts to the dorsal side (Frerichs et al., 2020). The global inhomogeneity index (GI) reflects the extent of heterogeneous gas distribution in ventilation (Zhao et al., 2010). In the temporal distribution parameters, regional ventilation delay (RVD) and regional ventilation delay inhomogeneity (RVDI) contain regional pulmonary mechanics information derived from EIT. RVD associated with atelectasis areas shows a delayed time in the distribution of inspired air during the respiratory cycle (Muders et al., 2012). The delayed time required for the regional time-impedance curve to reach a certain threshold of its maximum impedance change. The RVDI is the standard deviation of the RVD in all pixels, which quantifies the time heterogeneity of the regional ventilation time course (Muders et al., 2010). Moreover, some EIT derived parameters indicate respiratory physiology and pathophysiology. For each breathing cycle, silent spaces are defined as pixels with impedance change of less than 10% of the maximum impedance change. Based on the relative position of the pixels to the COV, the silent spaces are divided into dependent silent space and non-dependent silent space (Spadaro et al., 2018). During ventilation, flow and airway pressure are recorded using a pneumotachograph, along with the EIT signal. Each regional pressure-volume (PV) curve corresponds to a row of pixels in the EIT image. The regional PV curve is fitted using the sigmoidal equation and the regional inflection points of each curve are mathematically determined (Scaramuzzo et al., 2019). Moreover, regional hysteresis was calculated as the difference between the expiratory and inspiratory limbs of the EIT-based regional PV curve (Scaramuzzo et al., 2020b).
3 THE USE OF EIT IN LUNG TRANSPLANTATION
3.1 Donor care in pretransplant preparation
In recent years, an overwhelming majority of transplanted lungs have come from brain-dead (BD) patients (Wong and Liu, 2021). If a BD donor has sustained injury due to inflammatory responses, catecholamine storms, and ischemia-reperfusion, then the lungs are usually unusable for transplantation (Avlonitis et al., 2003). There has been a lack of appropriate donor care, and a considerable number of potential donors do not meet ideal lung donor criteria. When lungs from insufficient-quality donors, also known as marginal donors, are transplanted and the overall mortality is adversely affected (Chaney et al., 2014). The ratio of the arterial partial pressure of oxygen to the fraction of inspired oxygen (PaO2/FiO2), as one of the main criteria for ideal lung donor, needs to be more than 300 mmHg (Van Raemdonck et al., 2009). However, atelectasis and hypoxemia are more likely to occur in BD donors due to the absence of spontaneous breathing and a cough response (Marklin et al., 2020). Therefore, active pulmonary management strategies, including RM, bronchoscopy, and lung-protective ventilation, could be used to reverse atelectasis and improve the utilization rate of donors (Marklin et al., 2021). Son et al. (2021) reported that use of the EIT-guided prone position converted an ineligible donor to a qualified donor. The PaO2/FiO2 of the patient was 342 mmHg when she was selected as a potential donor and later dropped to 49 mmHg due to severe atelectasis. The donor’s lung was unsuitable for transplantation. Within 4 h of being placed in the prone position, the atelectasis improved significantly. Tidal images on EIT showed that the status of ventral and dorsal ventilation returned to uniform, with matching bilateral ventilation. The donor’s lung was finally successfully transplanted due to gradual PaO2/FiO2 recovery. Another study similarly found that the prone position acutely improved the oxygenation of a hypoxemic BD donor’s lungs with atelectasis and resulted in more lungs being transplanted (Marklin et al., 2021). The prone position might be a feasible option for improving the condition of a marginal lung and enabling transplantation. Meanwhile, EIT can be used to observe the efficacy of the prone position in terms of improving of lung ventilation and perfusion (Zarantonello et al., 2020).
Improvement in PaO2/FiO2 has been considered a significant goal for restoring marginal lungs to the donor pool before transplantation. The common mechanisms leading to hypoxemia include ventilation/perfusion mismatch, hypoventilation and abnormal oxygen diffusion (Powner et al., 2005). The combined measurement of ventilation and perfusion by EIT could identify probable etiologies of acute respiratory failure at the bedside (He et al., 2021). EIT may be an available tool in etiology diagnosis and dynamic assessment in interventions during donor care before lung transplantation. Due to the prolonged supine position, atelectasis is common in cadaveric donors. Recruitment maneuvers are an important part of donor optimization, especially when oxygenation is lower than normal (Van Raemdonck et al., 2009). Yun et al. (2016) observed a discrepancy between regional lung reopening based EIT and oxygenation improvement after RM. EIT has the potential to evaluate the efficacy of RM by combining oxygenation measurements. These studies indicate that EIT can be used to assess the efficacy of donor maintenance dynamically to meet the ideal criteria before graft extraction. Moreover, EIT is a real-time evaluation imaging technique and does not require frequent patient transfer compared to X-ray and computed tomography. It has been suggested that EIT may be useful for ensuring the suitability of donor lungs; however, its use has not been confirmed.
3.2 Ventilation monitoring in posttransplant care
3.2.1 Pulmonary functional image
Lobar torsion, bronchial anastomosis fistula, and various airway complications will most likely lead to inhomogeneous ventilation, hypoxia and/or dyspnea (Santacruz and Mehta, 2009; Lin et al., 2013). Whether in single or bilateral lung transplantation, it is essential to routinely monitor pulmonary ventilation during the postoperative period (Yeung and Keshavjee, 2014). EIT as a promising alternative for pulmonary functional imaging has recently attracted increasing attention. A case presented that EIT assessed the ventilation heterogeneity between the native and transplanted lung after single lung transplantation in a female recipient (Guerin and Frerichs, 2014). The recipient underwent single left lung transplantation in 2004 for lymphangioleiomyomatosis and developed CLAD with chronic respiratory failure requiring long-term home oxygen therapy. Ten years later, there was an acute deterioration in her condition. After progressing to acute respiratory distress, the patient underwent endotracheal intubation and ventilator connection with a low tidal volume strategy in the intensive care unit. The anteroposterior chest radiograph and the computed tomography scan showed a lack of ventilation in the left transplanted lung and overdistension in the right native lung. However, the waveforms of EIT showed the variation in thoracic impedance occurring almost exclusively on the left side of the chest, which meant there was no gas exchange in the right lung. Combining lung functional images of EIT (finding low ventilation in the native lung) and lung morphological images allowed the therapy team to identify the crux of the problem, namely treating the still ventilated transplanted lung. In this case, the main benefit of the EIT was the functional status information obtained regarding the native and transplanted lungs.
3.2.2 Recruitment maneuver monitoring
Several complications of lung transportation, including PGD, acute rejection, and CLAD, adversely affect the prognosis of the recipient during the perioperative period (Whitson et al., 2007). PGD refers to a specific syndrome with acute lung injury comparable to acute respiratory distress syndrome (ARDS) within the first 72 h following transplantation (Snell et al., 2017; Swaminathan et al., 2021). In the case reported by Romero et al. (2016), a patient received left single lung transplantation for emphysema chronic obstructive pulmonary disease. To alleviate stage 3 PGD during the postoperative period, mechanical ventilation was performed using the Biphasic Positive Airway Pressure (BIPAP) model, which was set at a low tidal volume (290 ml) and a PEEP level of 8 cm H₂O to avoid lung overdistension. Subsequently, it was observed during ventilation monitoring using EIT that most of the gas was distributed in the native lung, and the ventilation of the left transplanted lung was insufficient. Recruitment maneuvers were performed under EIT to observe the tidal volume distribution and the alveolar opening pressure required to maintain ventilation of the transplanted lung. Although EIT cannot identify all disorders caused by insufficient ventilation, it can observe RM responsiveness directly and achieve a more homogeneous gas distribution.
3.2.3 Regional ventilation inhomogeneity
The compliance of the transplanted lung is different from that of the native lung. The relative compliance depends on the damage to the transplanted lung and the underlying lung pathology characteristics (Anantham et al., 2005). Heterogeneity in ventilation after lung transplantation is common. Obviously, uneven ventilation distribution usually exists in single lung transplantation because the donor lungs from different individuals possess different respiratory mechanics (Lee et al., 2012). Likewise, bilateral lung transplantation may also lead to heterogeneous ventilation due to lung injury caused by PGD and acute rejection (Barnes et al., 2015). Jr et al. (2010) performed EIT in five single lung emphysema patients. Compared with the transplanted lung, different impedance variations and regional air trapping were observed in the native lungs. When adopting with conventional strategy, most of the tidal volume is transferred to the normal, more compliant lungs, which are disproportionately inflated (Anantham et al., 2005). This will lead to ventilator-induced lung injury and abnormal perfusion diversion. Hence, it is essential to set an appropriate PEEP to diminish ventilator-induced lung injury after lung transplantation. A decremental PEEP trial using EIT was performed in six bilateral lung transplantation patients (Sella et al., 2021a). The optimal PEEP was the most appropriate compromise between lung overdistension and collapse. After statistical analysis, the PEEP setting had a similar influence in EIT as in PEEP titration in achieving the best static compliance of the respiratory system.
It is well known that a pendelluft phenomenon refers to the transfer of gas from nondependent to dependent regions without changing the tidal volume. Nevertheless, it is assumed that pendelluft does not usually occur, except in two situations: violent spontaneous breathing efforts in ARDS and postinspiratory pause in heterogeneous lung units (Yoshida et al., 2013). Pendelluft leads to selective overdistension of the dependent lung regions and fails to efficiently contribute to gas exchange (Enokidani et al., 2021). Caruana et al. (2010) reported that a single lung transplant recipient with idiopathic pulmonary fibrosis was ventilated on synchronized intermittent mandatory ventilation with volume control (SIMV-VC). There was a significant difference between the filling time of the native and transplanted lung, determined as 1.07 s (p < 0.01, 95% confident internal: 0.90, 1.24) by EIT during SIMV-VC. The difference was greater than one second, which is considered clinically significant in filling times, indicating that the transplanted lung is filling while the native lung is emptying, known as the pendelluft phenomenon. EIT was used to determine the effectiveness of the ventilator mode and ventilation inhomogeneity in this study.
In addition, Ramanathan et al. (2016) assessed EELI and TIV in each lung in five different positions (the supine position, left lying position, right lying position, sitting, and standing) in six patients with single lung transplantation. The study showed that ventilation in the transplanted lung was significantly better than in the native lung, despite whether the transplanted lung was dependent in the lateral position. Firstly, it was a small sample study in which the pendelluft phenomenon in one patient’s lung strongly affected the results. When the outlier date from this subject was deleted, the difference in tidal variation became statistically significant for the most evaluated locations. Secondly, the above study only involved spontaneously breathing patients, and the results could not be translated into patients who underwent mechanical ventilation. Therefore, the findings of this study remain to be confirmed by the further studies.
3.2.4 Complications detection
CLAD, a late complication in lung transplantation, is often characterized by a continuous decline in forced expiratory volume in one second (FEV1) for at least 3 weeks, limiting the 5-year survival to approximately 55% (Verleden et al., 2014). CLAD can be divided into two phenotypes: bronchiolitis obliterans syndrome (BOS) and restrictive graft syndrome (RAS) (Sato et al., 2013). Camargo et al. reported that the percentages of each lung ventilation in EIT were consistent with a bronchoscopy’s impression in bronchial anastomosis stenosis, suggesting that EIT might be useful in the differential diagnosis of BOS (Camargo et al., 2014). Moreover, Hart (2016) registered an intervention clinical trial to evaluate the diagnostic value of EIT in chronic rejections of lung transplantation. The study aimed to provide an accurate diagnostic method capable of distinguishing BOS from RAS compared to the current gold standard, FEV1, which can accurately stage BOS (Meyer et al., 2014). Furthermore, the study investigators considered providing EIT-based physiological data on lung transplant recipients with chronic rejection. The registered trial (Hart, 2016) was completed in 2018, but the corresponding published results have not been found.
3.3 Lung perfusion evaluation in posttransplant care
Ventilation/perfusion (V/Q) mismatch may occur after reperfusion in lung transplantation. The native lung is preferentially perfused because of the constricted vascular system of the transplanted lung, and it is preferentially ventilated due to its lower pulmonary compliance (Soluri-Martins et al., 2015). The assessment of lung perfusion is of valuable in posttransplant care. However, the variation in thoracic impedance from diastole to systole caused by perfusion is much smaller than that caused by ventilation (Bodenstein et al., 2009). EIT can be used to assess lung perfusion distribution by a distinct impedance comparison method. Zarantonello et al. (2021) reported EIT-based detection and follow-up of pulmonary artery stenosis in lung transplantation. A middle-aged male developed severe acute respiratory failure early after undergoing bilateral lung transplantation for idiopathic pulmonary fibrosis. EIT assessment showed a mismatch between ventilation and perfusion in the left graft due to reduced and delayed perfusion. The poor perfusion of the left lung led the researchers to focus on potential vessel stenosis. Severe left anastomotic pulmonary artery stenosis was confirmed by computed tomography pulmonary angiography. During the follow-up in the latter 5 days, EIT showed improvement in ventilation-perfusion matching with a resolution of the anastomotic stricture. According to the results of the literature search, this was the first report on the evaluation of lung perfusion in posttransplant lung care using EIT. Compared to the role of computed tomography pulmonary angiography in pulmonary artery stenosis, EIT allows repeated, nonradiative, and noninvasive bedside assessments. Therefore, EIT can potentially play a role in identifying ventilation-perfusion mismatch caused by postoperative vascular complications.
4 THE FUTURE OF EIT IN LUNG TRANSPLANTATION
4.1 Personalized ventilation
The specific mechanical ventilation strategy for a lung transplant is still unclear, and there are no large-scale clinical randomized trials to confirm it. The mainstream view is to adopt a lung-protective strategy similar to ARDS patients (Barnes et al., 2015). It is believed that a higher level of PEEP is beneficial for ARDS patients (Amato et al., 2015). Nevertheless, it has been challenging to determine the optimal PEEP for mechanical ventilation of lung transplant recipients (Diamond and Ahya, 2014). A previous study showed that the low, medium and high tidal volumes had similar effects on short- and medium-term prognoses in lung transplantation recipients (Thakuria et al., 2016). Although a high PEEP level is associated with a high risk of pneumothorax and bronchial anastomotic complications, it is also associated with increased bronchial blood flow. Low PEEP may be associated with a higher driving pressure, and a high pressure will lead to poor physiological function, clinical prognosis, and pulmonary function (Thakuria et al., 2017). Therefore, a postoperative personalized PEEP setting is desirable to reduce ventilator-induced lung injury and minimize pulmonary complications in lung transplantation. Fortunately, EIT-guided PEEP titration at the bedside provides the possibility of individualized ventilation for recipients (Sella et al., 2021b). The first and most frequently used method monitors changes in regional lung compliance during a decremental PEEP trial. The optimal PEEP level is indicated by the best compromise between lung overdistension and collapse (Costa et al., 2009). The second method increases PEEP levels in maintaining EELI for assessing alveolar recruitment maneuvers (Eronia et al., 2017). The studies identified that EIT seems to be a promising bedside tool for personalized PEEP selection. The P-V curve has been suggested as a PEEP setting tool to explore changes in respiratory system compliance. However, it shows the global behavior of the lung without providing information on the regional lung mechanics. Additionally, it has been shown that regional inflection points derived from EIT reflect the heterogeneity of the lung and regional P-V curves obtained by EIT convey more sensitive information than global lung mechanics (Scaramuzzo et al., 2019). Compared with P-V curve PEEP titration, EIT-guided titration based on regional lung compliance is associated with improved driving pressure and survival rate in moderate to severe ARDS (Hsu et al., 2021). Based on the proportion of poorly or nonventilated lung units (silent spaces), the PEEP level suggested by EIT determines more ventilation homogeneity. It minimizes dorsal hypo-ventilated regions compared to transpulmonary pressure guided titration (Scaramuzzo et al., 2020a). The variation in EIT-derived dependent silent spaces induced by PEEP correlates well with lung recruitment measured by the P-V curve and could be used to set a personalized PEEP level. The deterioration of regional nondependent lung compliance suggests the potential role of EIT in identifying overdistention (Spadaro et al., 2018). Studies also described the optimal PEEP level as the value representing the lowest GI or the lowest RVD (Zhao et al., 2010; Muders et al., 2012).
Since asymmetrical lung disease leads to different airway resistance and lung compliance, the different ventilator strategies used in each lung are an innovative approach (Anantham et al., 2005). Once, researchers tried to apply different ventilation modes to each lung, designated differential lung ventilation (DLV) or one-lung ventilation (OLV). DLV is favorable to homogeneously distributed ventilation, V/Q mismatch decrease, and oxygenation improvement (Kremer et al., 2019). However, a feasibility study reported that EIT could play a role in immediately recognizing double-lumen tube misplacement in the contralateral main bronchus and the real-time assessment of DLV (Steinmann et al., 2008). Due to difficulties in catheter fixation, airway management, and sedation, DLV is burdensome to achieve in clinical practice.
For years, there has been the hypothesis that position affects lung region ventilation. In particular, the prone position has been considered an easy, inexpensive, and effective option for treating patients with ARDS (Pelosi et al., 2002). Moreover, the prone position to improve regional ventilation provides a novel alternative for reducing inhomogeneous ventilation after single lung transplantation (Marklin et al., 2020, 2021). A prospective study showed that EIT could dynamically assess the physiologic effects of the prone position using the tidal volume distribution and respiratory system compliance in dependent and nondependent regions, alveolar overdistension and collapse, and the increase in end-expiratory lung volume. With the above items, EIT might help identify patients who are more likely to obtain improved lung protection early by turning the prone position in ARDS (Dalla Corte et al., 2020). The study included severe ARDS patients and revealed that the prone position impacted global and regional ventilation using EIT monitoring during extracorporeal membrane oxygenation. This was reflected in the gradual redistribution of tidal volume and EELI from ventral to dorsal after the prone position (Franchineau et al., 2020).
4.2 Weaning
Prolonged mechanical ventilation is associated with an increased risk of in-hospital death in lung transplant recipients (Hadem et al., 2016). The ventilator weaning process should be attempted as soon as possible in recipients with hemodynamically stable and improved oxygenation (Kim et al., 2018). A spontaneous breathing trial (SBT) is usually performed to assess a patient’s eligibility for extubation. Arterial blood gas is used to determine the outcome of SBT in conventional SBT methods (Boles et al., 2007). Moreover, the possibility of weaning failure was low in patients with well-distributed ventral and dorsal ventilation, which was monitored by EIT-based regional intertidal gas distribution (Zhao et al., 2017). SBT failure was characterized in the early course of SBT by a more significant reduction in EELI and a higher level of GI in ventilation distribution than in patients who succeeded in SBT (Longhini et al., 2019). Bickenbach et al. (2017) recorded GI, TIV, EELI, and RVD at three points in time on SBT in patients with delayed weaning. It was shown that in patients with an initial GI > 41.5, an SBT was more likely to fail, with a sensitivity of 87.5% and a specificity of 60.9%, which suggested that EIT could predict the failure of weaning. Wang et al. found that the EIT may be a useful adjunctive tool for evaluating ventilator weaning using pre-SBT GI and SBT ROI2 (four ROIs were divided from the ventral to dorsal, with ROI2 being the second region) as predictors (Wang et al., 2021). In addition to weaning failure due to pulmonary system dysfunction, phrenic nerve injury can also lead to atelectasis, difficult weaning, and prolonged ventilation in lung transplantation (Hernández-Hernández et al., 2022). Moon et al. (2021) revealed that dynamic inhomogeneity of ventilation along the vertical axis of lungs using EIT could predict weaning failure regardless of diaphragm dysfunction. As a monitor to assess regional ventilation heterogeneity and its variations, EIT could be used to guide weaning and predict weaning failure in lung transplant recipients.
4.3 Perfusion monitoring
EIT can also be used to assess lung perfusion distribution, but the interference of cardiac perfusion needs to be ruled out. The pulsatility method is used to analyze the impedance variation in pulmonary vascular blood volume pulsatility to reflect pulmonary perfusion. However, pulsatility impedance does not directly reflect actual forward lung blood flow (Bluth et al., 2019). The accuracy of this method for assessing pulmonary perfusion has been questioned (Hellige and Hahn, 2011). It is susceptible to cardiac systolic and diastolic activities, airway pressure and distensibility of the small pulmonary vessels (Borges et al., 2012; Nguyen et al., 2012). Moreover, multiple animal experiments have indicated that saline bolus injection in EIT has a good correlation and consistency with single-photon emission computed tomography (SPECT) in pulmonary perfusion imaging (Fagerberg et al., 2009; Hentze et al., 2018). In recent years, growing attention has been given to the application of saline bolus EIT method in pulmonary perfusion imaging. Saline bolus injection for EIT perfusion imaging can be utilized for evaluating the V/Q matching condition in lung transplantation (He et al., 2020a). In recent years, growing attention has been given to the application of EIT in pulmonary perfusion imaging. Saline bolus injection for EIT perfusion imaging can evaluate the V/Q matching condition in lung transplantation (He et al., 2020a). Lung transplant recipients own an increased risk of pulmonary embolism (PE) compared to other hospitalized and postoperative patients (Krivokuca et al., 2011). He et al. showed that EIT-based ventilation and perfusion measures, including dead space, V/Q match, and intrapulmonary shunt percentage, could discriminate patients with acute PE from other patients with acute respiratory failure. The study suggested that contrast-enhanced EIT was potentially a promising bedside approach with good efficiency in PE diagnosis (He et al., 2020b). Idiopathic pulmonary arterial hypertension, a severe pulmonary vascular disease that does not respond to drug treatment, is one of the main indications for lung transplantation (Lordan and Corris, 2011). Meanwhile, rare pulmonary arterial hypertension (PAH) recurrence cases have been reported after lung transplantation (Soriano et al., 1999; Izbicki et al., 2005; Narula et al., 2014). Studies have shown that the impedance variation in lung perfusion is reduced in PAH in comparison with the normopressoric group. As it is closely related to hemodynamic characteristics, disease severity, and survival rate in patients with PAH, EIT might be a promising noninvasive technique for PAH diagnosis (Smit et al., 2006; Hovnanian et al., 2021). The potential validity of EIT in pulmonary perfusion assessment helps to identify and diagnose transplant complications from stenosis of pulmonary vascular anastomoses, such as PAH and PE.
The investigation of EIT in pulmonary perfusion imaging may reveal a new pathophysiological feature of ARDS. Pixels were classified as nonventilated if ventilation was less than 10% of the highest pixel-level value measured in the patient, and nonperfused was also defined as a similar method. The fraction of dead space and shunt corresponds to the percentage of nonventilated and nonperfused pixels in the total. The V/Q mismatch representation as to the sum of the dead space fraction and shunt fraction. Spinelli et al. (2021) found that V/Q mismatch was an independent predictor of death in ARDS patients with mechanical ventilation. Another study showed that a high dead space fraction could be a specific characteristic in patients with ARDS from coronavirus disease 2019 (Mauri et al., 2020). In recent years, Pavlovsky et al. (2022) developed a new EIT-based algorithm that resembles the multiple inert gas elimination technique (MIGET). The algorithm can be used to quantify V/Q mismatch and PEEP response, which may be a sensitive marker of ARDS severity.
4.4 Others aspects
Pneumothorax can occur spontaneously after lung transplantation and/or arise in patients receiving long-term mechanical ventilation (Slebos et al., 2001; Yuzuak et al., 2021). The use of EIT can be used to diagnose pneumothorax that occurs during recruitment maneuvers. Pneumothorax was manifested by a sudden increase in impedance in the affected region and a disproportionate amount of ventilation to the increase in PEEP. Since the technique only shows a variation in impedance, the affected area was no longer ventilated after pneumothorax, and the ventilation image was lost (Morais et al., 2017). Pleural effusions are prevalent phenomena after transplantation (Joean et al., 2021). Moreover, the validity in evaluating pleural effusion and emptying was also presented in EIT (Omer et al., 2021). The regional out-of-phase impedance changes are associated with the occurrence of pleural effusions (Becher et al., 2018). The out-of-phase impedance changes were characterized by a decrease in the impedance of certain areas during inspiration, followed by an increase during exhalation, which was contrary to normal conditions. After pleural effusion evacuating, an increase in end-expiratory impedance can be observed using EIT (Rara et al., 2020).
5 LIMITATIONS
For decades, imaging techniques have been used to detect abnormalities, monitor function, and diagnose diseases. Advances and the wide availability in lung imaging techniques have provided new insights into pulmonary structure and function and their alterations. More recently, functional lung imaging has been performed using positron emission tomography (PET), SPECT, and hyperpolarized gas magnetic resonance imaging (MRI) (Mirsadraee and van Beek, 2015; Bajc et al., 2019). PET and SPECT have higher image resolution than EIT, their application in lung transplantation is limited by radiation. The current protocols of hyperpolarized gas MRI rely on a fixed breath-holding movement, which depends on the patient’s cooperation (Fain, 2020). Whether radionuclides or hyperpolarized inert gases, these have been regarded as costly and hard-to-obtain materials. Moreover, it is unrealistic that transferring the patients, who received a lung transplant and connecting a ventilator, to the CT or MRI rooms. Because of its small size, portability, no need for radiation, and dynamic imaging ability, the EIT device is especially suitable for ventilation monitoring at the bedside in patients who are mechanically ventilated after lung transplantation. However, the limitations and constraints of this technique need to be expressly noted. First, the spatial resolution in EIT remains low because each pixel contains information about many alveolar unit impedances. An electric current is applied to the body through the electrodes, and then the voltage generated between the other electrodes is measured and recorded. Since the current is not limited to a horizontal plane, EIT obtains an image of an impedance change of approximately 5 cm cross-section of the thorax. One of the limitations of this principle is the low resolution. To improve this resolution, the number of bound electrodes could be increased (Tang et al., 2002). However, the standard available electrode belt on the market is 16 or 32 electrodes, and circumventing this issue requires more breakthroughs in design. Second, modifying the electrode belt position could lead to inconsistencies between the considered lung regions in multiple measurements. To reliably assess the ventilation and perfusion distribution, the belt should always be bound in a fixed position on the thorax (Sella et al., 2021b). The electrode belt should not be attached to damaged and inflamed skin. It is noted that the incision of the lung transplant coincides with the suggested binding region of the EIT electrode band, especially for double lung transplantation. The fractured state of the surgical incision affects the extraction of the electrical signal from the electrode band. Long periods of bondage or the application of conductive gels may lead to incision infection with delayed healing. Strict disinfection of the electrode belt at each operation may be beneficial for this problem. It is common for lung transplant recipients to have a drainage tube placed in the chest in the postoperative period (Joean et al., 2021). Excessive pleural effusion and severe pneumothorax may limit ventilation and affect the accuracy of ventilation assessment in EIT imaging of lung transplantation (Becher et al., 2018; Rara et al., 2020). However, as the chest tube drainage amount gradually decreases, this adverse impact may be alleviated with the appropriate timing of EIT operations. More reliable studies are needed to confirm EIT’s ability to distinguish between atelectasis, pleural effusion, and pneumothorax after lung transplantation (Zhou et al., 2022). Furthermore, other situations deserve attention to avoid adverse effects. The image quality obtained by EIT is poor in morbidly obese patients with a body mass index greater than 50. In addition, EIT is sensitive to body movement, and it may be unreliable to apply it to lung recipients with chaotic body movements. If lung transplant recipients is equipped with a pacemaker or need to defibrillate in the rescue, the use of EIT should be carefully considered, and its validity will be compromised (Lobo et al., 2018).
6 CONCLUSION
In summary, the application of EIT in lung transplantation, including lung donor care, pulmonary functional imaging, recruitment maneuvers and ventilation heterogeneity monitoring, postoperative complication detection and lung perfusion evaluation, has gradually increased. EIT may be a valuable technique that will be especially useful in lung transplantation, including but not limited to personalized ventilation, weaning, and perfusion monitoring. Indeed, the practice of EIT is still in its infancy, and the further studies are needed to further determine the potential use of EIT in lung transplantation.
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Quantifying robustness of CT-ventilation biomarkers to image noise
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Purpose: To quantify the impact of image noise on CT-based lung ventilation biomarkers calculated using Jacobian determinant techniques.
Methods: Five mechanically ventilated swine were imaged on a multi-row CT scanner with acquisition parameters of 120 kVp and 0.6 mm slice thickness in static and 4-dimensional CT (4DCT) modes with respective pitches of 1 and 0.09. A range of tube current time product (mAs) values were used to vary image dose. On two dates, subjects received two 4DCTs: one with 10 mAs/rotation (low-dose, high-noise) and one with CT simulation standard of care 100 mAs/rotation (high-dose, low-noise). Additionally, 10 intermediate noise level breath-hold (BHCT) scans were acquired with inspiratory and expiratory lung volumes. Images were reconstructed with and without iterative reconstruction (IR) using 1 mm slice thickness. The Jacobian determinant of an estimated transformation from a B-spline deformable image registration was used to create CT-ventilation biomarkers estimating lung tissue expansion. 24 CT-ventilation maps were generated per subject per scan date: four 4DCT ventilation maps (two noise levels each with and without IR) and 20 BHCT ventilation maps (10 noise levels each with and without IR). Biomarkers derived from reduced dose scans were registered to the reference full dose scan for comparison. Evaluation metrics were gamma pass rate (Γ) with 2 mm distance-to-agreement and 6% intensity criterion, voxel-wise Spearman correlation (ρ) and Jacobian ratio coefficient of variation (CoVJR).
Results: Comparing biomarkers derived from low (CTDIvol = 6.07 mGy) and high (CTDIvol = 60.7 mGy) dose 4DCT scans, mean Γ, ρ and CoVJR values were 93% ± 3%, 0.88 ± 0.03 and 0.04 ± 0.009, respectively. With IR applied, those values were 93% ± 4%, 0.90 ± 0.04 and 0.03 ± 0.003. Similarly, comparisons between BHCT-based biomarkers with variable dose (CTDIvol = 1.35–7.95 mGy) had mean Γ, ρ and CoVJR of 93% ± 4%, 0.97 ± 0.02 and 0.03 ± 0.006 without IR and 93% ± 4%, 0.97 ± 0.03 and 0.03 ± 0.007 with IR. Applying IR did not significantly change any metrics (p[image: image]0.05).
Discussion: This work demonstrated that CT-ventilation, calculated using the Jacobian determinant of an estimated transformation from a B-spline deformable image registration, is invariant to Hounsfield Unit (HU) variation caused by image noise. This advantageous finding may be leveraged clinically with potential applications including dose reduction and/or acquiring repeated low-dose acquisitions for improved ventilation characterization.
Keywords: CT, lungs, ventilation, noise, biomarker, registration, 4DCT, Jacobian
1 INTRODUCTION
Functional lung biomarkers identify regional variation in lung function, including ventilation and/or perfusion. Ventilation biomarkers have been generated from several medical imaging modalities, including computed tomography (CT) (Simon, 2000; Guerrero et al., 2005; Reinhardt et al., 2008; Kipritidis et al., 2014; Kipritidis et al., 2016; Eslick et al., 2018; Castillo et al., 2019; Shao et al., 2020; Cazoulat et al., 2021). Several methods to derive ventilation information from CT scans have been developed using multiple image acquisition and post-processing techniques. CT-ventilation biomarkers are commonly derived with patient breathing maneuvers of breath-hold CT (BHCT) or free-breathing through four-dimensional CT (4DCT) acquisition. The two primary post-processing techniques that have been implemented are calculating CT-ventilation directly from Hounsfield Units (HU) (Kipritidis et al., 2016) or using the Jacobian determinant of deformable image registration (Reinhardt et al., 2008; Shao et al., 2020). The various methods for calculating regional ventilation from CT scans have been previously reviewed in detail, including descriptions of their uncertainties, validation results and shortcomings (Vinogradskiy, 2019).
One application of ventilation biomarkers is in functional avoidance radiation therapy (RT) in which dose distributions are optimized to reduce dose to functioning lung. Currently being investigated in multiple clinical trials [NCT0252894225 (Yamamoto et al., 2016), NCT0230870926 (Vinogradskiy et al., 2015), NCT0284356827 (Bayouth, 2016)], the goal of functional avoidance RT is to preserve post-RT lung function and mitigate post-RT toxicities. CT-based ventilation biomarkers are particularly advantageous for applications in RT since CT-simulation is routinely acquired for RT treatment planning (Ettinger et al., 2012) and CT has high spatial and temporal resolution. However, CT-ventilation biomarkers have the disadvantage of associated radiation dose, increasing risk to patients (Bagherzadeh et al., 2018). Since there is a direct tradeoff between image dose and image noise in CT imaging, generating biomarkers minimally impacted by image noise would allow for potential dose reduction, broadening clinical applications of the biomarkers. Understanding the relationship between biomarkers and image noise is also critical for evaluating their robustness.
For the purpose of evaluating the impact of image noise on CT-ventilation biomarkers, mitigating the effect of other contributing uncertainties is critical. Mechanically ventilated non-human subjects offer a precisely controlled environment relative to human patients, as demonstrated in previous work (Du et al., 2012; Du et al., 2013; Mistry et al., 2013). Additionally, performing CT imaging in non-human subjects allows greater latitude for increased imaging dose from repeat imaging. Swine models share similarities in genetics, anatomy and bodily function with humans (Schomberg et al., 2016). The novel Wisconsin Miniature Swine (WMS) breed was developed to model human physiology more accurately than conventional breeds (Schomberg et al., 2016). With similar weight and size to humans, WMS are an ideal model for evaluating the relationship between image noise and derived CT-ventilation values. The purpose of this work is to quantify the impact of image noise on CT-ventilation biomarkers calculated using the Jacobian determinant computed directly from the deformable image registration transformation.
2 MATERIALS AND METHODS
2.1 CT imaging
All CT scans were acquired on a Siemens SOMATOM Definition Edge CT scanner (Siemens Healthineers, Erlangen, Germany) at the University of Wisconsin-Madison (UW-Madison, Madison, WI). First, repeated CT acquisitions of a uniform phantom were acquired with varying image noise levels. Next, quantified image noise from phantom imaging was used to guide selection of relevant image noise levels for acquiring CT scans in mechanically ventilated WMS.
For phantom and WMS scans, static (for BHCT) and 4DCT scans were acquired with constant scan parameters currently use in standard of care CT-simulation at UW-Madison. The corresponding parameter values are 120 kV, 0.5 s tube rotation time, 76.8 mm beam collimation and 128 detector rows. Image noise was varied by changing only the tube current time product between acquisitions. The tube current is measured in units of milliamps (mA) and tube rotation time is measured in seconds (s), giving their product units of mA×s or mAs. The tube current time product variable, commonly referred to as mAs, has an inverse relationship with image noise [defined by the standard deviation of Hounsfield Units (HU)], denoted in Eq. 1, and is proportional to image dose (Eq. 2).
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2.1.1 Uniform phantom scans
The uniformity region (Module CTP486) of a CATPHAN 504 phantom (The Phantom Laboratory, Salem, NY) was imaged in static and 4DCT acquisition modes. Figure 1 shows the phantom setup on the CT table and an axial image of the uniformity region. Repeated helical 4DCT scans with a pitch of 0.09 and static scans with a pitch of 1 were acquired with mAs values ranging from 10 to 100 mAs (corresponding to 20–200 mA with 0.5 s); 10 mAs is the minimum mAs value the scanner allows when a 0.5 s rotation time is used and 100 mAs is the current mAs value used in standard of care CT-simulation 4DCT scans at UW-Madison.
[image: Figure 1]FIGURE 1 | The CATPHAN 504 imaged in this study is shown (A) setup on the CT table and (B) with an axial CT image of the uniformity region.
2.1.2 Image noise calculation and mAs parameter selection
In this work, image noise was calculated as the standard deviation of HU in a centrally-placed circular region of interest (ROI) in axial phantom images acquired with each mAs value. All mAs and corresponding image noise values were fit to an exponential using Microsoft Excel (Microsoft, Inc., Redmond, WA) power-law curve-fitting to identify the relationship between image noise and mAs values with constant scan parameters listed previously for both static and 4DCT acquisitions. Equation 3 shows the general relationship between image noise and 4DCT mAs (mAs4D) with constants A4D and B4D. Similarly, the relationship between BHCT image noise and mAs (mAsBH) is given in Eq. 4 (with constants ABH and BBH). Based on the theoretical relationship between image noise and mAs (Eq. 1), exponential constants B4D and BBH are unitless and expected to have numerical values near 0.5. Since noise is expressed in units of HU, A4D and ABH have units of HU [image: image].
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At UW-Madison, 4DCTs are currently used for CT-simulation and CT-ventilation calculation. With a low pitch of 0.09, 4DCT scans are time-consuming to acquire and have high associated dose; these aspects limited feasibility of acquiring several consecutive 4DCTs with unique image noise levels. To address this challenge, 4DCTs were acquired at two noise levels and BHCT scans were acquired at multiple intermediate noise levels. With a pitch of 1, BHCT scans require less dose and time than 4DCT acquisitions. Including BHCT imaging has the added benefit of expanding applicability of the study, since BHCT scans are commonly used for CT-ventilation calculation and the further reduced dose broadens potential clinical uses.
To ensure clinically relevant image noise levels were selected for BHCT imaging, mAsBH values with image noise at and above current practice (mAs4D = 100 mAs/rotation) were chosen. Appropriate mAsBH values were determined by setting Eqs 3, 4 equal to discern mAsBH with an equivalent noise level to mAs4D, as listed in Eq. 5. For WMS imaging, 4DCTs were acquired with reduced (10 mAs) and standard of care (100 mAs) mAs values. BHCT images were acquired at intermediate noise levels equivalent to 4DCTs with 15, 20, 25, 30, 35, 40, 60, 70, 80 and 100 mAs according to Eq. 5. Tighter sampling was used at lower equivalent mAs values (15–40 mAs) since the low noise region is the steepest portion of the exponential curve relating image noise and mAs.
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Beyond varying mAs values, application of iterative reconstruction (IR) was used to evaluate the impact of image noise; IR is commonly used for noise reduction. The commercially available Siemens IR algorithm, SAFIRE, was applied with strength three (out of possible strengths 1–5). All 4DCT and BHCT phantom scans used for noise calculation were reconstructed with 512 mm extended field of view (FOV), 1 mm slice thickness, a medium smooth kernel (Br51f) and both with and without SAFIRE3 IR.
2.1.3 Image dose
Image dose for scans at each mAs level was quantified through the CT dose index volume (CTDIvol) for the 32 cm phantom in units of milligray (mGy). For the scan parameters used in this work, 10 and 100 mAs 4DCT scans had corresponding CTDIvol of 6.07 and 60.7 mGy, respectively. Therefore, 4DCT comparisons between 10 and 100 mAs scans represent differences for dose being reduced by 10 times from current standard of care. Since BHCT acquisitions used a higher pitch, they had reduced dose compared to 4DCTs. As stated in the previous section, BHCT mAs values were selected to match image noise, not dose. BHCT CTDIvol values ranged from 1.3 to 7.9 mGy; hence, the lowest dose BHCT scans (1.3 mGy) were acquired with six times less dose than the highest dose BHCT scans (7.9 mGy).
2.1.4 WMS scans
In order to evaluate how image noise affects CT-ventilation biomarkers, CT scans were acquired in live WMS subjects. Schomberg et al. (2016) has detailed the anatomical and physiological similarities between this specific porcine breed and human subjects, including strong respiratory system similarities. For the present study, WMS in early adulthood were used with weight and lung size matching that of human adults. Subject weights ranged from 70 to 100 kg. Our group has previously used WMS for pre-clinical studies (Wallat et al., 2021; Wuschner et al., 2021; Wuschner et al., 2022a; Wuschner et al., 2022b).
Following phantom imaging, five WMS subjects were each imaged on two separate scan dates with breathing precisely controlled by mechanical ventilators and while under general anesthesia, minimizing in-scan subject motion. The animal study was reviewed and approved by the Institutional Animal Care and Use Committee (IACUC). Supplementary Material provides details of WMS subject management throughout the imaging study; drug and anesthesia administration methods were approved by the American Veterinary Medical Association (AVMA).
For all subjects on each of the two scan dates, repeated 4DCT and BHCT scans with different levels of image noise were acquired of each subject. Two consecutive 4DCTs were acquired; the first 4DCT was acquired using 100 mAs and the second 4DCT was acquired with 10 mAs, as shown in the top row of Figure 2. During 4DCT acquisitions, subjects were ventilated at 15 breaths per minute (BPM) with a 1,000 cubic centimeter (cc) tidal volume (TV). The Varian Real-Time Position Management (RPM) system (Varian Medical Systems, Inc., Palo Alto, CA) was used to track subjects’ chest positions during 4DCT acquisitions. RPM respiratory traces were used to reconstruct 4DCT image data into 10 breathing phases classified by their inspiratory (IN) or expiratory (EX) percentage (0EX, 20IN, 40IN, 60IN, 80IN, 100IN, 80EX, 60EX, 40EX, 20EX), as previously described (Han et al., 2011).
[image: Figure 2]FIGURE 2 | Coronal images of scans acquired at multiple dose levels are shown. The top row shows 4DCTs acquired with low dose (CTDIvol = 6.07 mGy) on the left and high dose (CTDIvol = 60.7 mGy) on the right. Similarly, the bottom row shows 4DCTs acquired with low dose (CTDIvol = 1.3 mGy) on the left and high dose (CTDIvol = 7.9 mGy) on the right. Qualitatively, the lower dose images in the left column show increased image noise relative to the high dose images of the right column. All four displayed images were reconstructed without IR applied.
BHCTs were also acquired on each scan date at 10 intermediate mAs levels (ranging from equivalent noise to 15–100 mAs 4DCTs). Coronal BHCT images acquired with highest (equivalent to 15 mAs4D) and lowest (equivalent to 100 mAs4D) noise levels are shown in the bottom row of Figure 2. BHCT scans were acquired at three distinct lung volumes: maximum expiration (MEBH), maximum inspiration (MIBH) and 80% inspiration (80%Insp) which are analogous to 4DCT 0EX, 100IN and 80IN, respectively. The two different inspiratory volumes (80%Insp and MIBH) were imaged to allow multiple TV options to facilitate equivalent TV (ETV) matching since Jacobian ventilation values are volume dependent (Du et al., 2013). For each of the three BH volumes, the subject held constant pressure to maintain the volume while alternating craniocaudal and caudocranial scans were acquired with decreasing mAs values. This BHCT image acquisition method has been previously described in detail (Flakus et al., 2020). Scans were always acquired in order from highest to lowest dose. All scans were reconstructed with the same parameters used for phantom scans, including both with and without SAFIRE3 IR. Figure 3 shows an example 10 mAs 4DCT reconstructed with and without IR applied for noise reduction.
[image: Figure 3]FIGURE 3 | Coronal WMS images reconstructed without (left) and with (right) iterative reconstruction (IR) are shown. The image with IR applied demonstrates noise reduction when compared to the image without IR. Both images were acquired with the same image acquisition technique (10 mAs 4DCT).
2.2 CT-ventilation calculation
CT-Ventilation maps were calculated using the Jacobian determinant of the transformation between inhale and exhale volumes to estimate local tissue expansion as a surrogate for ventilation, as previously described (Reinhardt et al., 2008). The Jacobian-based technique uses image registration between inhale and exhale lung volume images to calculate tissue expansion. Regions of high expansion indicate regions of increased ventilation. Prior to calculating Jacobian values, a deep-learning lung masking segmentation algorithm was used to mask lung volumes (Hofmanninger et al., 2020). Next, all BH and 4DCT breathing phase volumes were calculated from the lung masks. TV were calculated as the difference between inhale volumes and the end exhale volume (MEBH or 0EX) and were used to select ETV between compared scans for effort correction.
When a subject receives consecutive 4DCT scans, their TV may differ, which affects derived CT-ventilation biomarkers. In order to account for this volume effect, effort correction is implemented by selecting inhale phases with the closest matching TV (also referred to as equivalent TV—ETV) between compared scans. As an example, if a subject receives two consecutive 4DCTs and has a much larger full inhale volume on the second scan, the overall TV (i.e., 100IN-0EX) will not match between the two scans. By excluding the full inhale volume of the second scan, the new TV (80IN-0EX) may more closely match the TV of the first scan and be used for ensuing calculation of CT-ventilation biomarkers. Selecting inhale volumes to achieve ETV between scans accommodates for differences in breathing effort that affect lung volumes; this method of effort correction has previously been described in depth (Wallat et al., 2020).
Du et al. (2013) has previously highlighted the importance of effort correction when comparing volume-dependent Jacobian values. Registration of expiratory and ETV-selected inspiratory volumes was achieved using a B-spline deformable image registration with a sum of squared tissue volume differences (SSTVD) metric to account for lung density changes between different volumes (Cao et al., 2012).
For BHCT acquisitions, the ETV-selected inspiratory image (80%Insp or MIBH) was registered to the MEBH image. The Jacobian determinant was calculated directly from the corresponding transformation matrix. Each voxel-level Jacobian value estimates local lung tissue expansion between exhale and inhale BH volumes as a surrogate for ventilation.
For 4DCT acquisitions, the LER-N Jacobian-based ventilation calculation method, initially introduced by Shao et al. (2020), was used to generate ventilation maps. This method involves registering multiple breathing phases included in the ETV to the full expiration phase (0EX). Jacobian determinants are then calculated from all the registrations and combined to determine maximal expansion throughout the breathing cycle. Using image data from more than two breathing phases in LER-N accounts for out-of-phase regions that do not expand and contract in conjunction with the global lung volume. Previous work has reported that 7.6% of WMS subjects’ lung volume is out-of-phase on average (Flakus et al., 2020).
Ventilation maps were generated from scans acquired at all noise levels with and without IR applied. Therefore, 24 CT-ventilation maps were generated per subject per scan date; four 4DCT ventilation maps included two image noise levels each with and without IR and 20 BHCT ventilation maps included 10 image noise levels each with and without IR.
2.3 Quantitative comparison
Comparison of CT-ventilation derived from scans acquired with differing image noise levels was facilitated through deformable image registration (Cao et al., 2012). For each subject, ventilation maps were only compared between those with the same acquisition type (BHCT or 4DCT) acquired on the same day. All reduced mAs (increased noise/decreased dose) scans were registered to the highest mAs (decreased noise/increased dose) scans in order to compare CT-ventilation maps in the reference frame of the higher mAs scan. Acquisitions with and without IR were compared separately.
Similarity between CT-ventilation biomarkers with different amounts of image noise was quantified using metrics of gamma pass rate (Γ), Spearman correlation coefficient (ρ) and coefficient of variation (CoVJR) of the Jacobian ratio (JR). Higher Γ and ρ values correspond to better consistency between compared CT-ventilation; on the contrary, lower CoVJR values correspond to better consistency. Eqs 6, 8 define two of the three metrics for comparing CT-ventilation values from high and low mAs Jacobians J1 and J2, respectively. Γ, defined in Eq. 6 (Low et al., 1998), was evaluated locally with 2 mm distance-to-agreement (DTA) and 6% Jacobian intensity (JI) criterion (C) as has been reported previously in evaluation of CT-ventilation biomarkers (Wallat et al., 2020; Flakus et al., 2020) because it is the standard deviation of Jacobian values when evaluated with repeat scans in human subjects. Spearman correlation was calculated at the voxel level and classified as strong if ρ ≥ 0.8, following guidelines initially proposed by Zou et al. (2003). Voxel-wise JR is defined in Eq. 7. CoVJR is then calculated from the mean (μJR) and standard deviation (σJR) of JR, shown in Eq. 8.
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Since Γ and CoVJR directly compare ventilation values, these metrics are sensitive to significant TV differences between compared scans. To best isolate the effect of image noise, any scans with TV differences [image: image] 100 cc were excluded from Γ and CoVJR analysis; this exclusion is consistent with previously reported findings (Reinhardt et al., 2008) regarding volume matching between compared ventilation maps. Since ρ only compares the CT-ventilation magnitude and not direct values, no data was excluded from Spearman correlation analysis.
3 RESULTS
3.1 Image noise relationship to mAs
Based on image noise values calculated from uniform phantom scans, the relationships between image noise and mAs for both 4DCT and BHCT acquisition types are given in Eqs 9, 10. Both fits had R2 values greater than 0.99. Substituting numerical values for constants A4D, B4D, ABH and BBH fromEqs 9, 10 intoEq. 5 yields Eq. 11 with the numerical relationship between 4DCT and BHCT mAs values that produce the same level of image noise. The right side of Eq. 11 shows an order of magnitude estimate that using approximately 60% of the mAs used in a 4DCT would lead to an equivalent noise level for BHCT scans. This relationship between mAs4D and mAsBH is expected due to a nuance of 4DCT acquisition. For the scanner used in this work, 4DCTs were reconstructed from limited CT angle projections (180° + fan angle) as opposed to the full 360° used for BHCT reconstructions (Rietzel et al., 2005; Han et al., 2011). Since reduced projection angles leads to increased image noise in CT (Gong et al., 2019) and 4DCTs were acquired with fewer projections than BHCT scans, 4DCTs had higher noise levels than BHCTs when using the same mAs values. Therefore, to achieve equal noise, BHCT scans needed lower mAs values than 4DCT scans. The left side of Eq. 11 was used to calculate BHCT mAs values used to image WMS.
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The 10 mAsBH values used in this work are listed in Table 1 along with mAs4D that produce images with the same image noise level when evaluated in a uniform phantom. Noise levels (with and without IR applied) for all scans acquired in WMS subjects are shown in Figure 4. For 4DCT acquisitions without IR, highest and lowest dose acquisitions had image noise values of 133 and 43 HU, respectively. This corresponds to a 209% image noise increase between acquisitions. For BHCTs, highest and lowest noise values were 103 and 43 HU, corresponding to a 142% increase in image noise.
[image: image]
TABLE 1 | Ten mAsBH used in this work are listed. mAsBH were selected using Eq. 11 to find equivalent noise (with units of HU).
[image: Table 1][image: Figure 4]FIGURE 4 | Noise levels of scans acquired in WMS.
3.2 Breathing parameter control
The impact of image noise was studied in mechanically ventilated WMS in part for the ability to tightly control their breathing parameters affecting ventilation. For 4DCT acquisition, TV differences between scans acquired on the same day had mean [range] values of 5 ± 3 [2 13] cc. The 4DCT breathing period had average coefficient of variation of 0.010 ± 0.009 where a smaller value indicates better agreement. Figure 5 shows an example of breathing traces between 10 and 100 mAs 4DCTs, demonstrating a highly reproducible breathing pattern while on mechanical ventilation.
[image: Figure 5]FIGURE 5 | RPM breathing traces for consecutively acquired 4DCTs are shown.
Breathing parameter control for BHCT scans was dictated by how consistently subjects held pressure at a given volume. Figure 6 shows two examples of BHCT volume control: one with consistent volumes across scans and a second showing volume drifting between acquired scans. The volume drift shown on the right in Figure 6 demonstrates that while uncertainties associated with breathing variability are reduced in WMS imaging, they are not completely eliminated. These examples can be used to contextualize the effect volume differences had on results. For scans on the left plot of Figure 6 had an average gamma pass rate of 91.5% compared to 89.7% for the scans of the right plot. Specifically, scans with TV differences [image: image] 100 cc had average Γ of 94.1% but scans with TV differences [image: image] 100 cc had average Γ of 87.5%. Since scans were always acquired in order of lowest to highest dose, any instances of volume drift disproportionately affected low mAs CT-ventilation comparison to full mAs values. Due to volume drift, BHCT TV differences were larger than those of 4DCT with averages of 54 ± 32 cc (range: 1–99) when excluding scans with TV difference [image: image] 100 cc and 72 ± 51 cc (range: 1–212) without exclusions.
[image: Figure 6]FIGURE 6 | BHCT volume control is shown through two examples. In panel (A), volumes remained relatively consistent across all ten scans of all three volumes. In panel (B), clear volume drift is seen across scans. Scans were always acquired in decreasing 59–10 mAs order, so volume drift typically had a larger impact on comparisons involving low mAs biomarkers.
3.3 4DCT robustness to image noise
For one subject on one scan date, all four CT-ventilation maps generated from 4DCT are shown in the first two columns of Figure 7. In these maps, Jacobian values (range 1–1.6) provide an estimation of relative tissue expansion. Values [image: image] 1 indicates tissue expansion, which is used as a surrogate for local ventilation in this work. Although non-linear, a Jacobian value of 1.1 roughly corresponds to 10% tissue expansion. Qualitatively, all ventilation maps showed strong similarity, generally identifying the same lung regions as being high or low ventilating. Gamma analysis comparing reduced and standard of care mAs 4DCT biomarkers are shown in the rightmost column of Figure 7. Blue-shaded regions passed the analysis, while regions in warm colors (corresponding to γ > 1) failed the analysis. Γ maps for comparisons with and without IR show spatial similarity. Without IR, 95% of the lung volume passed the Γ analysis between low and high dose 4DCTs for this subject. With IR, the pass rate improved to 96%.
[image: Figure 7]FIGURE 7 | For one subject on one scan date, Jacobian values for all four CT-ventilation maps (10 and 100 mAs with and without IR) are shown in the two leftmost columns. On the right, gamma maps are shown for comparing the first two columns without (top) and with (bottom) IR applied. Blue-shaded voxels passed the Γ analysis, which was 95%–96% of the lung volume in this example.
For the same subject and scan date shown in Figure 7, visual representations of voxel-wise ρ and CoVJR metrics between low and high dose 4DCTs is shown in Figure 8. In the voxel-wise heat map between high and low dose 4DCT Jacobians, voxels are clustered around the y = x diagonal. This clustering shows that the majority of voxels directly agree and many very closely agree. Similarly, the voxel-wise Jacobian ratio (JR) distribution in Figure 8 has a mean value of nearly one, which would indicate perfect agreement. JR values primarily range from 0.9 to 1.1, indicating that most high and low dose ventilation values agree within 10% at the voxel-level. The JR distribution with IR applied is slightly tighter than without IR, but did not meaningfully change the CoVJR value for the subject.
[image: Figure 8]FIGURE 8 | In panel (A) on the left shows, a heat map comparing low and high dose 4DCT Jacobian values for one subject on one scan date is shown. The colorbar indicates the number of voxels in each Jacobian value bin. In panel (B) on the right shows, voxel-wise Jacobian ratios with and without IR are shown. Mean and full width half maximum values are shown as dotted lines to highlight how CoVJR was calculated.
Average and standard deviation of Γ, ρ and CoVJR values between 10 and 100 mAs 4DCT acquisitions are shown in Table 2. The first column of data quantifies similarity when IR was not applied. The second column lists values when comparing CT-ventilation maps from images with IR applied. The listed p-values in the final column are from two-sided student’s t-tests comparing results with and without IR applied. IR did not make a significant difference for any metric (p[image: image]0.05), indicating that noise reduction through IR did not increase similarity between derived ventilation maps.
TABLE 2 | Quantitative metrics for similarity between ventilation maps derived for 4DCT scans with different noise levels are listed. Results with and without IR are listed separately and were compared using a student’s t-test and have p-values listed in the right most column.
[image: Table 2]3.4 BHCT robustness to image noise
Since BHCT scans were acquired with 10 different mAs values, biomarker comparison entailed comparing nine reduced dose levels (corresponding to 10–47 mAs) to the full dose level (corresponding to 59 mAs). These comparisons were made both with and without IR applied. Figure 9 shows all ρ values for BHCT biomarkers between full and reduced dose scans without IR as a function of percent increase in image noise. As demonstrated in the plot, no clear correlation was identified between increased image noise and the Spearman correlation coefficient between full and reduced dose BHCT biomarkers. Summary results combining all reduced dose levels are given in Table 3. Similar to 4DCT results, IR application did not significantly affect results (p[image: image]0.05). When comparing 4DCT and BHCT results, Γ and CoVJR were not significantly different (p[image: image]0.05) but ρ were (p[image: image]0.001).
[image: Figure 9]FIGURE 9 | All Spearman correlation coefficients between full and reduced dose BHCT biomarkers without IR are plotted. Points are plotted based on the percentage increase in image noise of the reduced dose scan. Compared to 59 mAs, reduced dose scans of 10–47 mAs had increases in image noise of 12%–142%.
TABLE 3 | Summary quantitative metrics comparing nine reduced dose BHCT biomarkers to full dose biomarkers are given. IR application was compared using a student’s t-test and did not show a significant difference for any metric (p[image: image]0.05).
[image: Table 3]4 DISCUSSION
4.1 WMS model
To our knowledge, this is the first work reporting and quantifying the impact of image noise on CT-ventilation biomarkers. Similar lung size, weight and other physiological attributes between WMS and humans increase the applicability of the results toward clinical implementation. These commonalities suggest that WMS CT-ventilation response to image noise is representative of how CT-ventilation biomarkers derived in humans will be affected. Unlike humans, imaging in WMS allowed reduction of uncertainties like in-scan subject motion and erratic breathing patterns. Figures 5, 6 visually demonstrate small breathing-related uncertainties that remain when imaging WMS, but overall tight control of parameters. WMS also better facilitated the investigation of a wide range of image noise levels due to tolerance of increased CT dose from consecutive scanning.
4.2 Robustness to image noise
Quantitative results presented in Tables 2, 3 show overall strong agreement between full and reduced dose biomarkers. Without IR, low and high noise 4DCT scans had corresponding noise values of 43 and 133 HU. When comparing these biomarkers with three times more noise, average Γ and ρ were 93% and 0.88. All Spearman correlations satisfied ρ > 0.8, indicating strong agreement as detailed by Zou et al. (2003) Our group previously reported CT-ventilation repeatability in WMS with average Γ and ρ of 89% and 0.92, respectively (Flakus et al., 2020). Those repeatability values compared consecutively acquired 100 mAs 4DCTs with no parameter changes between scans. Of note, breathing parameters affecting ventilation were more tightly controlled in the present study than the previous repeatability study. In that work, 4DCT breathing period CoV and TV differences were 0.004 and 25 cc on average (Flakus et al., 2020), compared to 0.001 and 5 cc in this work. Similar Γ and ρ values from the two studies indicate that image noise is not a driving factor when comparing Jacobian CT-ventilation biomarkers.
BHCT biomarker comparisons between different noise levels also show similar levels of agreement between reduced dose comparisons in the present study (average Γ = 93%, ρ = 0.97) and repeatability comparisons in a previous study (average Γ = 83%, ρ = 0.97) (Flakus et al., 2020). Increased Γ values in this study are consistent with the improved TV control. BHCT scans were used to evaluate several intermediate image noise levels; from Figure 9, there is not a clear trend with the amount of image noise increase and the agreement between biomarkers. All Spearman values are labelled as strong (ρ > 0.8) (Zou et al., 2003), with all but two values above 0.9 and most values above 0.94. With noise levels ranging from 43 to 103 HU these results show the effect of increasing noise by up to almost two and a half times. This consistency across nine image noise levels further supports the finding that the Jacobian-based method used in this work is invariant to HU variations caused by image noise.
The minimal impact of image noise on Jacobian values is further validated by the results of comparing biomarkers with IR applied. Although IR reduced image noise (Figure 3), its application did not significantly change resultant quantitative metrics (Tables 2, 3). Figure 7 also shows how closely biomarkers generated from scans with and without IR agree spatially. Since increasing noise through reducing the mAs did not drastically reduce biomarker agreement, it is consistent that decreasing noise by applying IR did not drastically improve biomarker agreement. Maintaining consistent ventilation values in the presence of increased image noise highlights overall robustness of Jacobian-based CT-ventilation biomarkers.
4.3 Dose reduction
Since image noise and dose are inversely related, tolerance of increased image noise indicates a potential for dose reduction. In this work, biomarkers from standard of care 4DCTs were compared to biomarkers from scans with 10 times less dose (60.7 vs. 6.07 mGy CTDIvol). For BHCTs, doses ranged from 1.3 to 7.9 mGy CTDIvol, allowing for up to six times dose reduction between the highest and lowest dose scans. 4DCTs require higher doses than BHCTs but the value of 4DCT versus BHCT based ventilation is application dependent. Whether acquiring 4DCT or BHCT scans, substantial dose reduction can be realized without sacrificing CT-ventilation quality when using the Jacobian determinant computed directly from the deformable image registration transformation matrix.
4.4 Jacobian-based CT-ventilation
This work focused on a single CT-ventilation post-processing technique, namely computing the Jacobian determinant directly from deformable image registration transformation matrices between inhale and exhale volumes. The robustness to image noise presented here is an advantage of Jacobian-based biomarkers specifically, and does not necessarily apply to other CT-ventilation derivation methods. For example, the commonly used technique of estimating ventilation directly from HU would likely become less reproducible in the presence of increased HU variation.
As a common alternative to the Jacobian-based method presented in this work, HU-based CT-ventilation calculation assumes that HU change between inspiratory and expiratory images is solely due to the addition of air, changing the HU value as air is inhaled throughout the breathing cycle. Regional ventilation is calculated using the difference between voxel-wise inhale and exhale HU values (Kipritidis et al., 2016). The uncertainty in the CT-ventilation value for this method is therefore dependent on the uncertainty of HU values. Based on the standard error propagation formula, the variance of HU-based CT-ventilation is directly proportional to the variance of HU values. Images with increased noise have a larger HU standard deviation (and therefore variance). Figure 4 shows the standard deviation of HU and how it increases in high noise (and correspondingly low dose) scans. When calculating CT-ventilation using established HU methods, increased image noise would then lead directly to increased uncertainty of derived ventilation biomarkers. Based on the results of this work, invariance to image noise is one advantage that Jacobian-based biomarkers have over those that are directly HU-based. For other CT-ventilation calculation methods beyond using Jacobian determinant or HU-based methods, experiments would need to be performed to quantify image noise dependence.
Since Jacobian-based CT-ventilation can be calculated from 4DCT and BHCT acquisitions, both were evaluated in this work. Both acquisition methods showed similar quantitative agreement between high and low noise based biomarkers. From Tables 2, 3, Γ and CoVJR agree and were not statistically different while ρ was higher for BHCT than 4DCT biomarkers and showed a significant difference. One of three metrics shows that BHCT biomarkers may have stronger agreement in the presence of increased noise; however, both acquisition types showed agreement on par with baseline biomarker repeatability. Whether derived from 4DCT or BHCT scans, Jacobian-based CT-ventilation is advantageously robust to image noise.
4.5 Potential clinical applications
This work identified robustness to image noise as an advantage of Jacobian-based CT-ventilation biomarkers; further consideration is needed to determine how this advantage can be leveraged to be clinically impactful. One way of utilizing this advantage would be to reduce the necessary dose for deriving CT-ventilation biomarkers by acquiring reduced mAs CT scans. In current CT-ventilation uses, this dose reduction would mitigate patient risk associated with CT imaging dose. Additionally, dose reduction may allow CT-ventilation usage in more applications. As a viable low dose option for providing spatial distribution of patients’ ventilation, they may be valuable compared to standard of care pulmonary function tests (PFTs); while PFTs have no associated dose, they are only a global measure and have high variance. Diagnostically, spatial ventilation information is relevant in evaluating conditions such as chronic obstructive pulmonary disease (COPD) and emphysema.
For RT applications, reduced imaging dose is minimally meaningful relative to doses delivered during RT. However, the results presented in this work still have potential therapeutic applications. For example, using CT-ventilation to quantify radiation-induced lung damage is an active research area. Acquiring repeated low dose 4DCTs may be advantageous for this application since artifact-ridden 4DCTs often impede the ability to evaluate ventilation changes in response to treatment and/or cause patients to be excluded from clinical studies. Multiple low dose acquisitions can also be valuable for improved characterization of ventilation variance. Further consideration is needed to identify more clinical situations in which the noise invariance advantage of Jacobian-based biomarkers can be best leveraged.
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Within the pulmonary acini ventilation and blood perfusion are brought together on a huge surface area separated by a very thin blood-gas barrier of tissue components to allow efficient gas exchange. During ventilation pulmonary acini are cyclically subjected to deformations which become manifest in changes of the dimensions of both alveolar and ductal airspaces as well as the interalveolar septa, composed of a dense capillary network and the delicate tissue layer forming the blood-gas barrier. These ventilation-related changes are referred to as micromechanics. In lung diseases, abnormalities in acinar micromechanics can be linked with injurious stresses and strains acting on the blood-gas barrier. The mechanisms by which interalveolar septa and the blood-gas barrier adapt to an increase in alveolar volume have been suggested to include unfolding, stretching, or changes in shape other than stretching and unfolding. Folding results in the formation of pleats in which alveolar epithelium is not exposed to air and parts of the blood-gas barrier are folded on each other. The opening of a collapsed alveolus (recruitment) can be considered as an extreme variant of septal wall unfolding. Alveolar recruitment can be detected with imaging techniques which achieve light microscopic resolution. Unfolding of pleats and stretching of the blood-gas barrier, however, require electron microscopic resolution to identify the basement membrane. While stretching results in an increase of the area of the basement membrane, unfolding of pleats and shape changes do not. Real time visualization of these processes, however, is currently not possible. In this review we provide an overview of septal wall micromechanics with focus on unfolding/folding as well as stretching. At the same time we provide a state-of-the-art design-based stereology methodology to quantify microarchitecture of alveoli and interalveolar septa based on different imaging techniques and design-based stereology.
Keywords: micromechanics, pulmonary acinus, imaging, electron microscopy, stereology, Alveolar recruitment, interalveolar septa
1 AN OVERVIEW OF THE FUNCTIONAL DESIGN OF THE LUNG
The design of the mammalian lung is optimized for efficient gas exchange, determined by micro- and ultrastructural properties of the fine lung parenchyma (Weibel et al., 1993). At the level of the gas-exchanger, the alveolus, blood and air are brought together over a large surface area and separated by a very thin leaflet of tissue that is referred to as the blood-gas barrier (Weibel and Knight, 1964; Gehr et al., 1978). At end-inspiration, more than 80% of the human lung is filled with air while blood within the pulmonary vasculature contributes roughly 10% to the lung volume. The remaining 10% of the lung is composed of tissue. In the gas-exchanging region, and above all the blood-gas barrier, the amount of tissue is reduced to a minimum to provide a short diffusion distance for gas exchange. The bulk of the connective tissue within the lung forms a sleeve around the purely conductive airway tree and the accompanying vessels, as well as in pleura and the connected interlobular septa (Knudsen and Ochs, 2018). These regions in which the bulk of connective tissue is located belong to the non-parenchyma of the lung (Ochs et al., 2004). The blood-gas barrier is a crucial part of the lung parenchyma and, in the human lung, has a surface area of 120–140 m2 and a harmonic mean thickness of less than 1 µm. Even though force bearing connective tissue elements are minimized in lung parenchyma, the large surface area is stable and maintains the precondition for effective gas-exchange during the respiratory cycle.
After entering the lung at the pulmonary hilum, the conductive airways of the human lung follow an irregular, dichotomous inside-out branching pattern. The last purely conducting airway is the terminal bronchiole. After an average of 14–16 branching generations the first airway with excrescent alveoli is termed transitional bronchiole (Haefeli-Bleuer and Weibel, 1988). Subsequent bronchioles with periodic alveoli are respiratory bronchioles. Once alveoli become maximally packed into a sleeve around the airway, the airway is termed an alveolar duct. Alveolar ducts resemble mesh-walled tubes formed of chicken wire. They do not have a continuous wall but are instead circumscribed by a boundary that is formed out of alveolar entrance rings.
Branches of the pulmonary arteries accompany the conductive airways constituting broncho-arterial units (Weibel and Gomez, 1962). The smallest lung unit that is in part bounded by connective tissue is the (secondary) pulmonary lobule (Webb, 2006). Paired bronchioles/arteries enter the center of the lobule; veins and lymphatic vessels are located in the connective tissue of the interlobular septa. The acinus, the functional unit of the gas-exchanging region, starts with a transitional bronchiole (Haefeli-Bleuer and Weibel, 1988). Human, rat, and mouse lungs contain approximately 30,000, 6,000 and 600 acini, respectively (Haefeli-Bleuer and Weibel, 1988; Vasilescu et al., 2012; Barré et al., 2014; Barré et al., 2016). Within the human acinus, the first generations of airways are respiratory bronchioles. The airways continue the dichotomous branching pattern for, on average, eight generation. Within the rodent acinus, in contrast, the airways are nearly all alveolar ducts. Within the acinus, the alveoli are blind-ended while the vessels enable through-flow (König et al., 1993).
The essential consequences of the dichotomous branching pattern of the airways are twofold: first, the airway tree is space filling within the thorax so that air (and blood) can reach every part of the lung efficiently. Secondly, the number of airways increases by a power of two per branching generation which is accompanied by an exponential increase in the cumulative airway cross-sectional area in subsequent airway generations (Weibel and Gomez, 1962). Consequently, the airflow velocity decreases dramatically from the central to the peripheral airways. Gas transport is purely convective from the airway opening—the nose during spontaneous breathing or the trachea during mechanical ventilation—to the terminal bronchiole. There is a combination of both convective and passive diffusive gas transport within the acinar airways (Sapoval et al., 2002; Hogg et al., 2017). During quiet spontaneous breathing, the transport of gases is primarily by convection within the first three branching generations of intra-acinar airways. In the more peripheral branching generations of the acinus, diffusion dominates convection in terms of gas transport. The part of the pulmonary acinus in which diffusion dominates convection has been termed a diffusion cell. A diffusion cell has approximately the size of one-eighth of the acinus during quiet spontaneous breathing in humans (Sapoval et al., 2002). Increasing the tidal volume during exercise or sighing, shifts the location of transition from convection-dominated to diffusion-dominated gas transport to more peripheral generations of the intra-acinar airways.
The pulmonary acini form the fine lung parenchyma. In the human lung, the parenchyma contains an average of 480 million alveoli and contributes roughly 90% to total lung volume. The remaining 10% of the volume is assigned to structures which do not contribute directly to gas exchange and includes purely conductive airways, larger blood-vessels, and the majority of connective tissue which embeds these conductive airways and vessels (Ochs et al., 2004). Alveoli are separated from each other by interalveolar septa and three-dimensional imaging studies have shown that each alveolus in the human lung has 7–9 neighboring alveoli (Reimelt et al., 2023). The interalveolar septa contain a dense network of capillaries composed of capillary segments whose lengths are in the range of their diameter. Hence, the morphology of the alveolar capillary network has been described as sheet-flow around pillars that reach from one side of the interalveolar septa to the other and are filled with cells—principally fibroblasts but also alveolar epithelial cell bodies. Thus, the morphology of the alveolar capillary network differs markedly from that of capillary networks found in the systemic circulation (Fung and Sobin, 1969; Mühlfeld et al., 2010; Grothausmann et al., 2017; Buchacker et al., 2019).
The capillary lumen is separated from the alveolar airspace by the blood-gas barrier. The blood-gas barrier consists of the alveolar epithelium, the interstitial space, and the endothelium and forms a continuous boundary around the air in an alveolus that is interrupted only by the alveolar entrance and by inter-alveolar pores of Kohn. Approximately 50% of the blood-gas barrier of the human lung is termed the “thin side” of the capillary network. Here, the interstitial space contains only a single basement membrane (BM), which is shared by both the alveolar epithelium and the capillary endothelium (Weibel, 2017). The other half is the “thick side” on which the BM of the epithelium is separated from that of the endothelium so that the widened interstitium provides space for stabilizing fiber elements, e.g., collagen fibrils and elastic fibers, and also extensions of interstitial cells such as fibroblasts. The thick side contains elements of a very economically constructed fiber system and other components of the extracellular matrix (Figure 1). This fiber system determines the micromechanical properties of the interalveolar septa (Bou Jawde et al., 2020) and contributes to mechanical stabilization of the gas-exchanging surface area. In addition, the thick side accommodates excess interstitial fluid, thus preserving the gas exchange function of the thin side (Weibel, 2009; Beretta et al., 2021; Mostaco-Guidolin et al., 2021).
[image: Figure 1]FIGURE 1 | Ultrastructure of the blood-gas barrier: Transmission electron micrograph of a rat lung fixed in vivo by vascular perfusion via the vena cava caudalis at an airway opening pressure of 5 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O) (Knudsen et al., 2018). The capillaries (Cap) are open and free from blood cells. In (A) an example of the thin part of the blood-gas barrier can be seen. In this area the squamous extension of an alveolar epithelial type 1 cell (ACE1), the basement membrane (asterisk) and the endothelial cell (Endo) form the blood-gas barrier. In (B) an example of the thick part of the blood-gas barrier is illustrated. The interstitium between the AEC1 and the endothelium is widened and both AEC1 and the endothelial cell have a basement membrane (asterisk) of its own. Aside from collagen fibrils (Col), cell extensions of interstitial cells (IC), e.g. fibroblasts can be identified.
The alveolar epithelium contains 2 cell populations in a healthy lung, namely the squamous alveolar epithelial type 1 (AE1) and the more cube-shaped alveolar epithelial type 2 (AE2) cells. Based on single cell RNA-sequencing, a third population, termed alveolar epithelial type 0 (AE0) cell has recently been described in the human lung in those interalveolar septa that are attached to the respiratory bronchioles. This morphologically not yet well characterized cell population has been suggested to fulfill functions in lung regeneration (Kadur Lakshminarasimha Murthy et al., 2022). The AE1 cells minimize the thickness of the blood-gas barrier. AE1 cells cover the capillary network on the air side with planar cellular extensions attached to the underlying BM. The bodies of the AE1 cells, which contain the nucleus and most of the organelles, are usually located in the pillars between the meshwork of the alveolar capillary network. These pillars allow the AE1 cells to traverse the interalveolar septum and form further planar cellular extensions on the other side of the interalveolar septum so that an AE1 cell usually faces more than one alveolar airspace (Schneider et al., 2019). The population of AE1 cells covers approximately 95% of the epithelial BM in both human (Gehr et al., 1978) and mouse lungs (Ruhl et al., 2019; Engelmann et al., 2021). The remaining 5% of the epithelial BM is covered by the cube-shaped, secretory AE2 cells, which are twice as numerous as AE1 cells (Crapo et al., 1982). The AE2 cells synthesize, store, and secrete pulmonary surfactant into the alveolar airspace, where the surfactant dynamically reduces surface tension of the alveolar liquid lining layer. In addition, AE2 cells have stem cell properties. They have the potential for self-renewal and are able to transdifferentiate into AE1 cells so that AE2 cells are responsible for the regeneration of the alveolar epithelium under physiological and pathophysiological conditions (Barkauskas et al., 2013; Jansing et al., 2017). The AE2 cells are usually located in the corners of the alveoli or in niches between segments of the alveolar capillary network, and thus tend not to interfere with the gas-exchanging function. Like the AE1 cells, AE2 cells also traverse the interalveolar septa and are part of the pillars located between the segments of the alveolar capillary network. Thereby, AE2 cells are in direct contact with more than one alveolus (Figure 2). This configuration strategically positions one AE2 cell to be able to supply surfactant to and regenerate the alveolar epithelium in multiple alveoli via its multipolar apical domains (Konkimalla et al., 2022).
[image: Figure 2]FIGURE 2 | Three-dimensional model of an alveolar epithelial type 2 (AE2) cell: The mouse lung was fixed in situ by vascular perfusion via the right ventricle at an airway opening pressure of 2 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O) (Ruhl et al., 2019). Tissue was processed for serial block face scanning electron microscopy (SBF-SEM) as described in Buchacker et al., 2019. The EM image stack was used for segmentation of an AE2 cell, located within a junction of three interalveolar septa. On a three-dimensional representation of the AE2 cell surface, apical portions of the plasma membrane are shown in light green and basolateral portions that are attached to the epithelial basement membrane are shown in dark green. Lamellar bodies located below the plasma membrane are shown in yellow. The AE2 cell is, further, shown inserted into a two-dimensional electron microscopic image of the surrounding environment. The AE2 cell shows multipolarity with four apical domains being in contact with three alveolar airspaces (Alv). The arrow points into a pleat filled with protein containing fluid (hypophase). The bottom of the pleat is formed in part by one of the apical domains of the AE2 cell.
2 STABILIZATION OF THE PULMONARY ACINUS: BALANCE BETWEEN DISTENDING INFLATION PRESSURE, RETRACTING FIBER ELASTICITY, AND SURFACE TENSION
The sole distending stress applied to the lungs is the transpulmonary pressure, which can be separated into the resistive pressure drop along the airways and the pressure across the pleural surface (Mead et al., 1970). The latter equals alveolar pressure minus pleural pressure and is known as the elastic recoil pressure because it is countered by inwardly-directed stresses due to fiber elasticity and interfacial surface tension. The fiber network of the lungs comprises three distinct systems (Wagner et al., 2015; Weibel, 2017; Mostaco-Guidolin et al., 2021). Located most centrally is the axial system, which enters the lung at the pulmonary hilum and follows the run of the dichotomous branching of the conducting airways. It reaches the acinus with the terminal bronchiole and ends with fibers forming a lattice around the alveolar entrances, thereby providing a boundary for the alveolar duct. In essence, the axial system enters the acinus centrally and wraps the intra-acinar airways, particularly the alveolar ducts. Located most distally is the peripheral system, which originates from the pleura and continues into the interlobular septa. Located in between, and linking, the axial and peripheral systems is the delicate septal fiber system, which occurs in the thick parts of the blood-gas barrier and interlaces the capillary network. It is less stiff than either the axial or the peripheral fiber system. Thus, the three fiber systems are arranged roughly in series. Surface tension acts along the alveolar septa, thus in parallel with the septal fiber system. Overall, the balance between distending inflation pressure and retracting fiber elasticity and surface tension comprises a self-stabilizing tensegrity structure (Ingber, 2003).
The effect of surface forces on the lung microarchitecture was elucidated with the development of appropriate tissue processing for electron microscopic investigation (Weibel and Gil, 1968; Untersee et al., 1971). Studies employing these techniques revealed that the alveolar space is not dry. Instead, the alveolar epithelium is covered by a thin liquid lining layer. The liquid layer is aqueous with some protein content, harbors macrophages and is coated by a surface layer of phospholipids (Weibel and Gil, 1968; Reifenrath and Zimmermann, 1973). Quantitative electron microscopic investigations of lung parenchyma from rats following chemical-free cryo-fixation demonstrated that the thickness of this liquid lining layer (= hypophase) varies dramatically (Bastacky et al., 1995). On top of the planar, squamous extensions of the AE1 cells the average thickness of the hypophase is 140 nm and the air-liquid interface is close to planar. In the corners of the alveoli, where alveolar walls converge and AE2 cells are located, the hypophase has a height of up to 890 nm and the interface is curved. With the presence of an air-liquid interface, surface tension forces must act in the lungs. The magnitude of lung surface tension, however, is reduced by the presence of the pulmonary surfactant.
Pulmonary surfactant is a mixture of phospholipids, neutral lipids and surfactant-associated proteins. The most essential components of surfactant for reducing surface tension are palmitoylated phospholipids and surfactant proteins B and C (Notter et al., 2002; Schürch et al., 2010; Knudsen et al., 2012; Ruwisch et al., 2020). Most, but not all components of the pulmonary surfactant are stored in specialized, lysosome-derived organelles, the lamellar bodies (Schmiedl et al., 2005; Ochs, 2010). Lamellar bodies are sheathed by a limiting membrane and contain very densely packed biomembranes with an onionskin-like morphology. Upon stimulus, e.g., stretch during a sigh, the limiting membrane fuses with the apical plasma membrane of the AE2 cell and the surfactant is released into the alveolar space (Wirtz and Dobbs, 1990). Here, the content of the lamellar body unfurls and forms a network of membranes termed tubular myelin, characterized by piles of parallel-organized membranes connected by intersecting membrane planes (Lettau et al., 2022). Tubular myelin or, alternatively, sub-interfacial stacks of surfactant bilayers form reservoirs of active surfactant within the alveolar space (Schürch et al., 2001; Bachofen et al., 2005; Dietl and Haller, 2005). The reduction in surface tension that surfactant achieves is dramatic, particularly with near-maximal interfacial surfactant density at end-expiration. With increasing lung volume towards total lung capacity (TLC) surface tension increases due to reduced interfacial surfactant density, but that density is still high. At about 80% TLC, interfacial surfactant is still in the liquid-condensed state, such that surface tension is still relatively low (Schürch et al., 1976; Nag et al., 1998; Nguyen and Perlman, 2020). Alveolar surface tension cannot, presently, be determined in vivo but has been determined in situ in excised lungs by two micropuncture-based methods—one employing deposition of surface tension-sensitive liquid droplets and one combining servo-nulling measurement of alveolar liquid phase pressure, confocal microscopic determination of interfacial radius, and application of the Laplace relation (Schürch, 1982; Kharge et al., 2014). At a given lung inflation pressure, these methods showed that surface tension is the same between different-sized alveoli and between aerated and flooded alveoli. Neither method is capable of revealing if surface tension varies between the planar interface, along most of the alveolar septum, and the curved interface in the alveolar corners. Regardless of whether there is intra-alveolar variation in surface tension, however, the intra-alveolar variation in interfacial curvature has profound effects.
The physiological effects of surface tension on the microarchitecture of lung parenchyma were first seen more than 40 years ago by Gil and coworkers. Comparison of air- and saline-filled lungs fixed by vascular perfusion at the same lung volumes (given as percentage of TLC) revealed dramatic differences in the microscopic appearance of the acinar microarchitecture (Gil et al., 1979). The pressures needed to achieve a defined lung volume were much lower in the saline compared to air-filled lungs. At low volume in saline-filled lungs, in the absence of surface tension, septal capillaries bulge into the lumen such that septa have an uneven surface area and markedly varied thickness along their length. The central splines of many septa follow an undulating, unconstrained, path. At high volume above 80% TLC, the capillaries remain bulging but forces transmitted through the septa tend to straighten their central splines. In the normal air-filled lung surface tension is present and the tendency of surface tension is to minimize interfacial surface area. Even the low surface tension present at low lung volume has a marked effect. Surface tension reduces interfacial surface area by flattening capillaries and, through imposition of septal pleating, reducing septal undulation. Septal pleats are small folds in the alveolar septa where the adjacent epithelial surfaces are in contact with each other instead of exposed to air and are detailed in section 3.3, below. But surface tension effects vary along the lengths of the septa. Along most of the septal length, where the air-liquid interface is planar, there is not, according to the Laplace relation, any pressure drop across the interface. With full pulmonary inflation (100% TLC), capillaries are flattened and no pleats are present; there is a single layer of capillaries and the septal spline is linear, suggesting it is in tension. In the alveolar corners, the air-liquid interface is curved such that, according to Laplace, there is a pressure drop across the interface and liquid pressure is less than air pressure. With a lung inflation pressure of 15 cmH2O, corner liquid pressure was measured and found to be a mere 2 cmH2O (Kharge et al., 2014). With reduced liquid pressure acting on the septal tissue, capillaries remain patent. Further, the lower liquid pressure in the alveolar corners may draw septal tissue toward the corners and be responsible for septal pleating that is observed at septal junctions. Consequently, in the alveolar corners, there are piles of well-perfused capillaries (Figure 3). At high lung volumes, along most of the septal length, capillaries are further flattened into a slit-like morphology but at the alveolar corners capillaries are still patent. Also, with increasing lung volume there is progressive unfolding of septal pleats and, as detailed below, the septal fibers bear more stress. Overall, the effect of surface tension is to straighten the septal spline; compress the septal tissue—albeit less so near alveolar corners such that septal thickness tends to increase toward septal endpoints; and smooth the septal surface. The liquid lining layer, which fills crevices and has a variable height along the full lengths of the septa (Bastacky et al., 1995), also contributes to the smoothing of the septal surface. The distribution and the mean thickness of the hypophase appear to be subject to dynamic changes during breathing and depend on the lung volume (Ruhl et al., 2019). Since the hypophase, including intra-alveolar surfactant, plays a central role with regard to the pulmonary microarchitecture, studies designed to investigate aspects of the acinar micromechanics need to be performed in air-filled lungs under well controlled conditions, e.g., pressures at the airway opening, lung volume history, and pulmonary vascular pressure.
[image: Figure 3]FIGURE 3 | The junction of inter-alveolar septa: A healthy rat lung was fixed in vivo by vascular perfusion via the vena cava caudalis at an airway opening pressure of 10 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O) (Knudsen et al., 2018). In the middle of the septal junction (arrows), an alveolar epithelial type II cell (AEC2) is present. While most of the interalveolar septa contain a single layer of the alveolar capillary network, there appear to be two layers at this junction surrounding the AEC2, most likely due to pleating that causes piling up of the interalveolar septa.
It is well accepted that low surface tension at low lung volume prevents destabilization of the gas-exchanging surface area (Bachofen and Schürch, 2001). Although an alternative analysis suggests that low surface tension may not be a prerequisite for end-expiratory lung stability (Reifenrath, 1975), the importance of low surface tension is supported by the observation that increased surface tension destabilizes the gas-exchanging surface area, particularly at low lung volumes where the alveoli are small and interfacial radius is low (Mercer et al., 1987; Knudsen et al., 2018; Smith et al., 2020). Destabilization could be attributable to the curved interface in the alveolar corner. According to the Laplace relation, a smaller than normal interfacial radius in the corner of the alveolus would lead to a lower than normal liquid pressure in the corner which should cause more septal folding than normal in the corner. One could imagine that as septa crumple more than usual at their ends, septal length would decrease, the low corner liquid pressure would be translated toward the centers of the septa and positive feedback could lead to alveolar collapse.
At the acinar level, an important effect of lung inflation is to increase alveolar duct volume relative to alveolar volume. Consequently, inflation increases alveolar surface area less than it would if alveolar volume increased proportionately with lung volume (Bachofen et al., 1987; Mercer et al., 1987). Based on the organization of the lung fiber system and the reported morphological features of air- and saline-filled lungs (Gil and Weibel, 1972; Gil et al., 1979; Bachofen et al., 1987), Wilson and Bachofen created a much-appreciated model that explained the mechanical interdependence between alveolar duct and alveoli (Wilson and Bachofen, 1982). The model is valid for lung volumes up to 80% of TLC, which include the physiological range of spontaneous breathing (Wilson and Bachofen, 1982). Recalling that the three lung fiber systems are arranged roughly in series, they can be thought of as three springs connected in series. Applying an inflation pressure to the lung is analogous to applying a constant tension to the three springs, and causes greatest distension of the least-stiff spring. Thus, in healthy lungs at low volume, the stiff axial fibers keep the duct relatively small while, due to distension of compliant septal fibers, the alveoli are stretched relatively large. But the septal fiber system serves largely as a support for the alveolar liquid lining layer and its associated surface tension, such that the stiffness of the septal system is affected by surface tension (Wilson and Bachofen, 1982). Lung inflation reduces interfacial surfactant which increases surface tension thus increasing the stiffness of the septa relative to that of the axial fibers. It is due to the increase in surface tension, thus in septal stiffness, that inflation shifts the duct/alveolus border outward, enlarging ducts and diminishing alveoli.
Under unphysiological conditions, surface tension effects can be more pronounced. In saline-filled lungs, Wilson and Bachofen showed that in the absence of surface tension, septa were both undulating and, due to low stiffness, expanded as the relatively stiff axial fiber system shifted the duct/alveolus border inward and reduced duct caliber. Thus, alveolar surface area has been shown by design-based stereology to be greater in saline-filled lungs lacking surface tension than in air-filled lungs with surface tension acting along the septa (Gil et al., 1979). Following removal of surfactant by lavage the high surface tension, by increasing septal stiffness relative to axial fiber stiffness, caused the duct/alveolus border to move outward such that ducts were expanded and alveoli, with essentially maximally retracted septa, very small. Accordingly, high surface tension has been shown by design-based stereology to reduce alveolar surface area (Gil et al., 1979; Bachofen and Schürch, 2001; Lutz et al., 2015; Lopez-Rodriguez et al., 2016; Knudsen et al., 2018). In lung diseases such as fibrosis and the acute respiratory distress syndrome, surface tension is elevated (Günther et al., 1999; Lutz et al., 2015; Lopez-Rodriguez et al., 2016; Nguyen and Perlman, 2020; Smith et al., 2020). Sufficiently high surface tension can dominate the axial fiber system and cause alveolar collapse and microatelectases as well as pulmonary edema (Nieman et al., 1981; Knudsen et al., 2018; Smith et al., 2020).
2.1 Acinar micromechanics and the glycocalyx
Recent studies draw the attention to a further structure found in the alveolar hypophase that may also influence acinar micromechanics, namely the alveolar epithelial glycocalyx observed also in co-localization with freshly secreted lamellar body-like structures and tubular myelin (Ochs et al., 2020). The epithelial glycocalyx consists of glycoproteins, proteoglycans and hyaluronan. While the proteoglycans and glycoproteins have a transmembrane domain, hyaluronan is anchored at the apical plasma membrane of the alveolar epithelial cells via the CD44 receptor. Targeted destruction of the alveolar epithelial glycocalyx by intratracheal heparinase in an animal model provided evidence that the interaction between surfactant and components of the glycocalyx are of relevance for the proper function of the pulmonary surfactant. The loss of the integrity of the glycocalyx led to a reduction in the surface tension lowering capacity of pulmonary surfactant as assessed in vitro. While simultaneous adsorption of surfactant and potential surface-tension-raising contaminants can cause artifacts during in vitro testing (Holm et al., 1988; Holm et al., 1999; Nguyen and Perlman, 2020; Perlman, 2020), elevated surface tension in this study was supported by a finding of decreased pulmonary compliance and the observation of instability of distal airspaces at the light microscopic level (Rizzo et al., 2022). Thus, glycocalyx degradation products should be added to the list of substances (Nguyen and Perlman, 2020) purported to raise surface tension in lung injury. Clinical investigations accentuate the relevance of glycocalyx degradation. In samples collected in filters integrated in the expiratory limb of the respirator from acute respiratory distress syndrome (ARDS) patients, Rizzo and colleagues detected increased concentrations of cleavage products of the alveolar epithelial glycocalyx such as heparan or chondroitin sulfate, particularly in patients with ARDS caused by direct lung injury. Aside from a role with regard to proper surfactant function and thus acinar micromechanics, the glycocalyx has also been suggested to be involved in regulation of the volume and viscous properties of the hypophase (Ochs et al., 2020), and mediation of inflammatory processes and regeneration (Jiang et al., 2005; Liang et al., 2016).
2.2 Effects of aging on the acinar microarchitecture
Alterations in the fiber network and surfactant system might be responsible for aging effects on the acinar microarchitecture and mechanics. Using hyperpolarized 3He gas and magnetic resonance imaging (MRI) quantitative morphological data of the pulmonary acini can be calculated in living individuals based on the model of the pulmonary acinus published by Haefeli-Bleuer and Weibel (Haefeli-Bleuer and Weibel, 1988; Osmanagic et al., 2010). In healthy non-smoking humans the diameters of the alveolar duct lumen have been shown to increase while the lengths of the interalveolar septa decrease, resulting in shallowing of the alveoli with age (Quirk et al., 2016). These finding are also referred to as ductectasia. Similar observations have been reported in aging mouse and rat lungs (Mizuuchi et al., 1994; Schulte et al., 2019). Schulte et al. described a marked increase in alveolar duct volume in 18 months compared to 12 months old mice while Ruwisch et al. (2020) observed considerable ductektasia already in much younger mice suffering from surfactant protein C (SP-C) deficiency. Quantitative data showed age dependent reorganization of the collagen and elastin fibers within the interalveolar septa such as an increase it the width of fibers combined with enlarged alveolar entrance rings, and an altered distribution within the interalveolar septa (Sobin et al., 1988). Based on computational modelling these alterations in the architecture of the fiber system can explain ductectasia, and the resulting alterations in the geometric configuration can explain the reduction in the pulmonary elastic recoil pressure due to reduced elastance of alveolar entrance rings even in the presence of stiffer septa (Subramaniam et al., 2017). The mechanisms resulting in a reorganization of the fiber system are not clear but it has been suggested to reflect adaptation. In old mouse lungs senescence markers are above all upregulated in AE2 cells and lipofibroblasts (Angelidis et al., 2019; Schiller et al., 2019). These findings are linked with data based on captive bubble surfactometer measurements providing evidence that alveolar surfactant from aged mice has an impaired ability to reduce surface tension (Yazicioglu et al., 2020). As outlined above, higher surface tension results in increased stiffness of alveolar septa, which causes septa to retract and increases septal pleating. The increased septal retraction, which reduces septal tensile load, might induce adaptation of the fiber network, and finally result in ducectasia. The observation that in SP-C knockout mice ductactasia occurs much earlier in life and before AE2 cell senescence supports this notion (Ruwisch et al., 2020).
3 RESPIRATION RELATED DEFORMATION OF THE LUNG PARENCHYMA: VISUALIZATION AND QUANTIFICATION
The act of breathing requires that physical forces are repetitively transmitted to the lung structures (Mead et al., 1970). These forces result in deformations, which are quantified in one, two or three-dimensions, e.g., in length, area or volume by referencing to a lower deformation state. This relative deformation is similar but not identical to strain, since the latter is referenced to an unstressed condition, which corresponds to the lung volume at zero transpulmonary pressure. The three-dimensional relative volumetric deformation of the lung is accordingly the ratio of end-inspiratory to end-expiratory lung volume (Vlahakis and Hubmayr, 2005). The stresses acting on the respiratory system result from a pressure differential between the alveolar opening and the pleural surface also referred to as the transpulmonary pressure (Mead, 1961; Mead et al., 1970; Loring et al., 2016). Forces acting on lung parenchyma are a consequence of the elastic recoil pressure. The elastic recoil pressure is caused by the surface tension at the air liquid-interface and the properties of the pulmonary fiber system consisting of elastic fibers and collagen fibrils. It has been estimated that at low lung volumes two-third of the elastic recoil pressure is due to surface tension at the air-liquid interface (Stamenović, 1990). The fiber system transmits the distending inflation pressure during inspiration to the interalveolar septa. The elastic fibers have a linear stress-strain relationship over a wide range of linear deformation so that even after doubling their baseline length the elasticity remains consistent. Elastic fibers therefore create tissue tension at low and high lung volumes. On the other hand, the collagen fibrils within the interalveolar septa have a ‘curly’ configuration at low lung volumes. With pulmonary inflation these fibrils are progressively straightened and become stress bearing, bringing their rigid mechanical properties into play to limit distension. Therefore, collagen fibrils become stress bearing at larger lung volumes, e.g., above 80% of TLC (Suki et al., 2005; Bou Jawde et al., 2020). A similar micromechanical behavior has been proposed for the BM located in the blood-gas barrier (Maina and West, 2005). Among others, the BM is composed of type IV collagen, proteoglycans, laminin, integrins and other anchoring fibers involved in producing cell-matrix junctions, e.g., with the alveolar epithelial cells. The type IV collagen located within the lamina densa appears to be of high relevance to the micromechanical properties of the BM. Here, it has been suggested that dimers of type IV collagen molecules form a network of rhombic meshes with an edge length of approximately 800 nm (Timpl et al., 1981). This network of type IV collagen dimers allows some degree of deformation as indicated by changes of the surface area of the BM measured at different lung volumes which shows two-dimensional strain (Tschumperlin and Margulies, 1999). At the same time, the BM has given proof of its resilience against stress failure in several studies. While injurious mechanical ventilation destroys the alveolar epithelial cells in rodent lungs (the AE1 much more than the AE2 cells!), the ultrastructure of the underlying BM remains preserved (Dreyfuss and Saumon, 1998; Albert et al., 2020). Notably, at low lung volumes, the blood-gas barrier including the epithelial BM creates pleats and these pleats are recruited with inspiration (see below) so that the BM together with the attached epithelial cells become planar. Hence, it seems reasonable that BM becomes stress bearing at larger lung volumes and contributes to lung mechanical properties measured at the organ scale similarly to the collagen fibrils within the interalveolar septa discussed above (Maina and West, 2005). An intact surfactant system and the elasticity of the scaffold of the interalveolar septa protect the cellular components of the blood-gas barrier, above all the AE1 cells, from injurious strain during tidal ventilation. These counterbalanced forces keep the cells from bearing substantial stress within the physiological range of breathing (Wilson and Bachofen, 1982). The observation that the mechanical properties of the lung hardly change during the process of de-cellularization supports this notion (Nonaka et al., 2014).
It is well known that there is some heterogeneity in ventilation, and therefore strain, within the human lung at macroscopic scale, a feature that has recently been observed in mice and rats as well (Arora et al., 2021). At the microscopic level such as within an acinus, however, heterogeneity, appears to be avoided. Because neighboring alveoli are divided by shared septa and the network of stress-transferring structures running throughout the interalveolar septa interconnects numerous alveoli, the mechanical properties of the alveoli are interdependent. Impaired mechanics, e.g. due to alveolar flooding of one alveolus, have an impact on the mechanics of adjacent alveoli and deformation/stretching of those bounding septa creates a stress concentration (Perlman et al., 2011). In a healthy lung, however, the pulmonary surfactant system not only reduces but also harmonizes surface tension in the alveoli, so that alveoli of different sizes can co-exist and stress concentration is avoided (Schürch, 1982; Schirrmann et al., 2010). Low volume mechanical ventilation or spontaneous breathing in presence of stress concentrations, such as microatelectases or flooded alveoli, results in injury of the blood-gas barrier and degradation of lung mechanics, despite no increase in strain at the organ level (Wu et al., 2014; Albert et al., 2020; Krischer et al., 2021; Bachmann et al., 2022). High tidal volume ventilation with low positive end-expiratory pressure produces progressive ventilation-induced lung injury with severe damage of the blood-gas barrier in mice (Hamlington et al., 2018). Analysis of the progression of this ventilation-induced injury reveals that cellular injury initially forms in quasi-random locations. Continued ventilation causes those initial points of injury to spread locally so that the number of damaged cells in an “injury cluster” grows with continued ventilation, with the initially injured lung regions acting as seeding point. As such, injury occurs predominantly at the interface between injured and healthy lung regions and this can be explained by stress concentration and alveolar interdependence (Cereda et al., 2017; Mattson et al., 2022).
In the healthy lung, the biomechanical properties of the interalveolar septa are relatively homogenous so that ventilation (strain) and parenchymal stress are also quite homogenous, preventing stress concentrations and subsequent stress failure of the delicate structures in the blood-gas barrier (Mead et al., 1970; Makiyama et al., 2014; Albert et al., 2019; Perlman, 2020). Given that lung parenchyma of an average human must withstand approximately 109 low- and 107 higher-volume (e.g. exercise, deep sighs) breathing cycles it becomes obvious that the avoidance of local stress concentration is of high importance (Fredberg and Kamm, 2006).
Generally, stresses in the acinus result in deformation of the acinar airways and interalveolar septa. The mechanisms of tissue deformation that accompany ductal and alveolar airspace volume changes are quite different due to the structural arrangement of the surrounding tissues. Volumetric strain within the alveolar duct is linked with deformation of the mesh-like network of alveolar entrance rings forming its boundary, while strain of alveoli requires adaptation of the interalveolar septa. Within the interalveolar septa, strains are imposed on both the lumen of alveolar capillary network and the blood-gas barrier. The cellular components of the blood-gas barrier are particularly vulnerable to injury caused by excessive deformation. A two-dimensional cyclic strain of 25% applied to alveolar epithelial cells has been shown to induce cellular injury and apoptosis in in vitro model systems, emphasizing the vulnerability of these cells and thus the need to protect them (Tschumperlin et al., 2000; Dolinay et al., 2017).
Recent advances in clinical imaging now allow visualization of some aspects of the spatial heterogeneity discussed above. For instance, dual energy computed tomography has been applied to investigate regional ventilation (volumetric strain) within the lung parenchyma in spontaneously breathing patients suffering from idiopathic pulmonary fibrosis (IPF), a progressive, scarring lung disease with limited prognosis. Scharm and co-workers used end-inspiratory and end-expiratory scans to quantify regional volume changes (Scharm et al., 2021). IPF is characterized by an increased heterogeneity of regional ventilation compared to healthy subjects. The ventilation heterogeneity is highly correlated with future decline in lung function, and the regions with increased strain are at the highest risk for fibrotic remodeling (Scharm et al., 2022). In other words, abnormalities in regional ventilation precede fibrotic remodeling so that it is tempting to hypothesize that excessive strain of fine lung parenchyma (i.e. abnormal acinar micromechanics) is a trigger for the formation of scars and degradation of lung function (Knudsen et al., 2017; Albert et al., 2019), a concept which has recently been supported in mice (Beike et al., 2019; Wu et al., 2020). Nevertheless, the exact abnormalities at the micromechanical level responsible for these clinical imaging-based observations remain unclear.
To investigate all aspects of acinar micromechanics during spontaneous breathing or invasive mechanical ventilation, real-time visualization of the affected structures in three dimensions is desirable. Intravital microscopy has been applied to study the dynamics of subpleural alveoli, providing valuable insights into to changes in alveolar dimensions, capillary network perfusion, and oxygenation during mechanical ventilation (Matuszak et al., 2020; Masterson et al., 2021). Under physiological conditions, changes in alveolar volume occurs in synchrony with the respirator (Tabuchi et al., 2016) and the alveolar volume changes are comparably small so that alveolar volumetric strains are low with physiological tidal volumes (Schiller et al., 2003). Linear strain of alveoli in the volume range of quiet spontaneous breathing has also been estimated using lungs fixed at different lung volumes and quantitative microscopy. These strains range from 4% (Mercer et al., 1987; Tschumperlin and Margulies, 1999; Roan and Waters, 2011) to 10% (Gil et al., 1979). Imaging the same alveoli at different airway pressures with confocal microscopy in an ex vivo model-system resulted in similar findings: increasing pressure from 5 to 10 or 15 cmH2O was linked with an increase in alveolar perimeter of less than 5 or 10%, respectively. Moreover, alveoli expanded non-uniformly with septal surface covered by AE1 cells deforming more than that covered by AE2 cells (Perlman and Bhattacharya, 2007), an observation supported by design-based stereological investigations at the electron microscopic level during deflation from 10 to 2 cmH2O (Ruhl et al., 2019).
However, the penetration depth of intravital microscopy is limited to subpleural alveoli. The relevance of this limitation is highlighted in a recent study that used confocal microscopic imaging of cleared lungs to show that the subpleural parenchymal architecture differs from other regions of the lung in diverse species (including humans) (Mitzner et al., 2020). The alveolar ducts run perpendicular to visceral pleural surface so that the region immediately beneath the pleura contains a single layer of alveoli with boundaries and numbers of neighboring alveoli that significantly differ from regions deeper in the lung. Hence, the micromechanics of subpleural alveoli are likely to differ from other regions.
Micro-computed tomography or synchrotron-based tomography have sufficient resolution to resolve interalveolar septa in more central regions of the lungs. Accordingly, Sera and co-workers imaged mouse lungs repetitively at different degrees of quasi-static inflation with synchrotron refraction enhanced computed tomography to describe a complex, accordion-like expansion of the acini. Moreover, at lower lung volumes up to an airway opening pressure of 8 cmH2O, strain appeared to be larger in the alveolar ducts than in the alveoli. At higher lung volumes both of these compartments are subject to approximately equal deformations (Sera et al., 2013). Similar results have been reported based on three-dimensional reconstructions of alveoli using serial sections from lungs fixed at different lung volumes during expiration (Mercer et al., 1987). Those studies determined acinar micromechanical behavior under quasi-static conditions. However, due to the viscoelastic properties of the parenchyma it is likely that under physiological, dynamic breathing the micromechanical properties are different.
Advances in imaging methodology including tracking X-ray tomography (Chang et al., 2015) and synchrotron-based, phase-contrast micro computed tomography (Bayat et al., 2022) now allow study of dynamic processes within the acinus. Chang and co-workers tracked profiles of alveoli in different lung regions of mice during spontaneous breathing by X-ray tomography. Inflation was heterogeneous, resulting in a dynamic linear septal strain of 5.7% in apical and 8.7% in basal lung region. Overall, approximately 1/3rd of tidal volume was delivered to the alveolar compartment and 2/3rd to alveolar ducts (Chang et al., 2015). These estimations align with the findings under quasi-static conditions mentioned above (Sera et al., 2013). Cercos-Pita and colleagues used synchrotron-based dual energy micro computed tomography to image acinar airspaces of mechanically ventilated rats with a high temporal resolution of 78 three-dimensional datasets per breath. At a tidal volume of 8 ml/kg (PEEP = 6 cmH2O, peak inspiratory pressure = 12 cmH2O) the relationship between acinar volume (VA) and surface area (SA) given by the formula SA = k VAn suggests distension of alveoli as the predominant mechanism of the acini to accommodate to volume changes (Cercos-Pita et al., 2022). This discrepancy might be explained by differences in the protocols, e.g. investigating spontaneously breathing animals or mechanically ventilated animals with higher PEEP. Although synchrotron-based micro computed tomography is a very powerful imaging approach to investigate acinar micromechanics, access to the required equipment is limited.
Imaging techniques with a resolution at the light microscopic level are appropriate to investigate alterations in alveolar and ductal airspaces. However, the different compartments of the interalveolar septa are generally beyond the resolution of light microscopy or x-ray-based imaging modalities. During the respiratory cycle, those components of the interalveolar septa have to adapt to volume changes within the airspaces. Based on investigations including morphometry using light and transmission electron microscopy of lungs fixed at different lung volumes in the expiratory limb of a pressure-volume loop, investigators suggested several adaptive mechanisms of alveoli and subsequently of the interalveolar septa. These include 1) recruitment and derecruitment of complete alveoli, 2) recruitment and derecruitment of parts of alveoli by folding and unfolding of pleats of the interalveolar septa, 3) balloon-like change in alveolar size by stretching and de-stretching of the septal tissue (including the blood-gas barrier) and 4) alteration in the alveolar shape without stretching/de-stretching or recruitment/derecruitment of folds (Gil et al., 1979; Wilson and Bachofen, 1982; Bachofen et al., 1987; Knudsen and Ochs, 2018).
Aside from alveolar recruitment and derecruitment, which has been observed directly by investigators using in vivo/intravital microscopy, particularly in acutely injured lungs (Carney et al., 1999; Schiller et al., 2001; Halter et al., 2007; Pavone et al., 2007), it is difficult to visualize the other mechanisms using real-time imaging. Those mechanisms predominantly involving the blood-gas barrier, such as folding/unfolding or de-stretching/stretching, require electron microscopic resolution to identify the AE1 cells and the underlying BM (Bachofen et al., 1987; Tschumperlin and Margulies, 1999; Ruhl et al., 2019). In order to quantify the contribution of the different mechanisms to the adaptation of alveoli and their walls to changes in lung volumes, quantitative morphology based on design-based stereology and electron microscopy is the method of choice (Hsia et al., 2010; Ochs and Schipke, 2021). The stereological parameters useful for quantification of alveolar recruitment and derecruitment, recruitment and derecruitment of pleats, and stretching of the BM are summarized in the Table and will be introduced in more detail in the following sections.
3.1 The concept of design-based stereology
Design-based or unbiased stereology is founded on stochastic geometry. It derives three-dimensional data from two-dimensional sections and can be applied to any imaging modality (Knudsen et al., 2021). This section provides a brief introduction into the concepts of design-based stereology. Afterwards, we will summarize the available literature in which design-based stereology has been used to investigate acinar micromechanics with a focus on the septa.
In order to analyze the fine three-dimensional structure of biological samples, nearly two-dimensional sections are classically visualized using microscopy. This approach holds some problems because the structures are three-dimensional and one dimension is lost when the investigation is performed in two-dimensions. A second problem is the fact that the nearly two-dimensional sections represent only a small fraction of the entire organ. Hence, the observations might not be representative. A third problem is called the “reference trap.” Consider the case where the lungs of two study groups are to be compared with each other. One study group suffers from high surface tension which results in an instability of alveolar airspaces so that microatelectases occur, there is less air inside the lungs, and lung volumes are 1/3 smaller. Light microscopic quantification reveals that 35% and 25% of lung volumes are comprised of interalveolar septa in the high surface tension and control groups, respectively. This might lead to the erroneous conclusion that there is more septal tissue in the group suffering from high surface tension, which is not the case since the lung volumes (the reference space) are different. Multiplication of the volume fraction of interalveolar septa (35% and 25%, respectively) with the associated lung volumes yields the absolute volumes of interalveolar septa per lung and reveals whether or not a difference exists. To avoid this reference trap, the reference volumes must be determined and quantitative structural data need to be related to the reference volume (Tschanz et al., 2014).
Design-based stereology, which is predicated on mathematical principles, is an efficient solution for the problems mentioned above. It does not make any assumptions considering the orientation, size, spatial distribution or shape of the structures under study. Hans Elias, who pioneered the development of stereology in biomedical research, expressed the following definition for stereology: “extrapolation from two to three-dimensional space, or three-dimensional interpretation of two-dimensional images, by methods of geometric probability” (Elias, 1971). Although two-dimensional images are used, stereology provides three-dimensional, representative and unbiased data of structures of interest. To get three-dimensional information from two-dimensional images, geometric test-systems are randomly superimposed on randomly sampled images and interact with the structures of interest (e.g., the surface area of the BM) in a stochastic way. The dimension of the structure of interest and the dimension of the test-system always sum up to 3. For example, the surface area of the epithelial BM (a two-dimensional parameter) is assessed with a test system comprised of one-dimensional lines. Here, the test-lines are projected onto randomly selected images and interact with the surface of the BM by creating intersections. On the two-dimensional sections, the surface area of any structure has lost one dimension so that a surface appears as a line. The number of counted intersections between the test-lines and surface boundary is a stochastic value and may have slightly different values each time the process is repeated due to the randomization of images and line placements. Nevertheless, the expected number of line-surface intersections is directly proportional to the length of the test-line (which is known) and the density of BM surface area per volume of the reference space (e.g., the volume of the lung). The same rules apply to determination of volumes (e.g., the volume of interalveolar septa), lengths (e.g., the length of blood vessels), and numbers (e.g., the number of AT2 cells) which require test-points, test-areas and test-volumes for counting, respectively (Figure 4). Practical “guidelines” how to use design-based stereology in lung research have been reviewed in several publications, e.g., (Mühlfeld et al., 2013; Tschanz et al., 2014; Mühlfeld et al., 2015).
[image: Figure 4]FIGURE 4 | Stereological test-systems: On two-dimensional (2D) sections, three-dimensional structures (3D) lose one dimension. Accordingly, a volume appears as an area (2D), a surface area as a line (1D) and a length as a point (0D). The numerical quantity of a structure is a dimensionless (0D) parameter in three-dimensional space. Since a negative dimension is not possible this parameter is not represented on two-dimensional images. Hence, quantity of any structure cannot be determined from single sections based on the principles of stochastic geometry (or any other method)—an unbiased test-volume (3D) generated by a disector is required.
To guarantee that stereological data are unbiased the tissue processing and sampling steps are critical. Every part of the organ must have the same chance of being investigated. For example, quantification of the number of alveoli per lung requires that each alveolus, independent of its features such as size or orientation, must have the same probability of being counted. An unbiased stereological design achieves this requirement by randomization at each step of the study, starting with study subject and ending with the projections of the test-systems on the randomized fields of view for counting. Several methods for randomization of tissue samples have been published (Ochs and Schipke, 2021). A further source of bias is changes in tissue dimensions during the processing steps for microscopy. In particular, paraffin embedding results in large, unpredictable, and heterogeneous shrinkage (up to 50%–60% by volume). Osmification and embedding in plastic (e.g. glycol methacrylate or epoxy resin) is preferred for quantification of lung structure because this approach prevents tissue shrinkage (Schneider and Ochs, 2014). When studying acinar micromechanics by comparing data from lungs fixed at different degrees of lung inflation heterogenous shrinkage in critical because the in vivo dimensions of the structures must be preserved. A limitation of quantitative morphology including design-based stereology is that there is no optimal fixation technique, e.g., a gold standard available to preserve the structure in a way that reflects all aspects of the in vivo architecture. If, for example, perfusion fixation is used to preserve the airspace morphometry then the dimensions of the vascular structures are dependent on the perfusion pressure.
Nevertheless, to obtain valid data from stereological investigation the fixation technique and the fixation solution can be optimized for the structures of interest. As pointed out earlier, surface tension and the elastic fiber system are important contributors to micromechanical behavior of the acini. Therefore, when studying the dimensions of the airspace and interalveolar septa the lungs need to be preserved in a way that reliably fixes the elastic fibers and preserves the shaping effect of surface tension on the acinar microarchitecture. Moreover, fixation needs to be performed at an airway opening pressure which is of relevance for the given research question, e.g., within the range of transpulmonary pressures used for mechanical ventilation. This goal can be achieved by vascular perfusion, which preserves the hypophase including the intra-alveolar surfactant. In their guidelines paper, Hsia and co-workers suggested fixing the lungs by vascular perfusion with glutaraldehyde, osmium tetroxide (OsO4), and ethanol to maintain the surface liquid layer and lung volume (Bachofen et al., 1982; Hsia et al., 2010). The glutaraldehyde fixes tissue by crosslinking proteins whereby maintaining the ultrastructure for electron microscopic investigation. However, it does not entirely fix the elastic fibers. Thus the remaining elastic recoil might result in volume loss during lung preparation (Oldmixon et al., 1985). The additional perfusion of the pulmonary vasculature with OsO4 and ethanol fixes the elastic fibers more reliably and thereby stabilizes the lung volume. In most cases the perfusion with OsO4 is omitted due to the high toxicity and rather small effects of the remaining elastic recoil on lung volume after glutaraldehyde fixation, which has been estimated ≈2% in linear dimensions in rat lungs (Tschumperlin and Margulies, 1999; Knudsen et al., 2018).
Design-based stereology has been employed in several studies to analyze acinar micromechanics using lungs fixed under quasi-static conditions representing different degrees of inflation up to TLC or deflation coming down from TLC (Gil et al., 1979; Bachofen et al., 1987; Knudsen et al., 2018; Smith et al., 2020). The total lung capacity corresponds to a lung volume at transpulmonary pressure of 25–30 cmH2O. The range of physiological, quiet breathing corresponds to 40%–80% of TLC and is located in the linear portion of the pulmonary pressure-volume curve (Suki et al., 2011). Here, the transpulmonary pressures needed to reach a certain lung volume differ between the inspiratory and expiratory limb. On expiration, the range of transpulmonary pressures to reach 40%–80% TLC is roughly between 3–4 and 8–10 cmH2O in rats, rabbits and mice (Bachofen et al., 1987; Tschumperlin and Margulies, 1999; Lai and Chou, 2000). Lungs may be fixed either in vivo or ex vivo, and in both cases careful control of the lung volume is critical. Under ex vivo conditions a drop of the lung volume below residual volume must be avoided since this introduces unphysiological conditions (e.g., complete or partial lung collapse) that reflect in lung structure. Ex vivo, the airway opening pressure equals the transpulmonary pressure. In vivo, however, the calculation of the transpulmonary pressure requires the knowledge of the pleural pressure or a thoracotomy. How the airway opening pressure translates to the transpulmonary pressure in anesthetized mice has been described by Lai and Chou (Lai and Chou, 2000).
3.2 The acinar airspaces: Alveolar and alveolar duct compartment
The acinar airspaces are subject to cyclic volume changes during respiration. In three-dimensional datasets from, e.g., micro computed tomography or synchrotron-based imaging, appropriate image processing protocols can segment acini and compute their surface area and air volume semi-automatically (Vasilescu et al., 2012; Haberthür et al., 2021). These data provide valuable information on deformation when determined at different levels of inflation or (preferably) dynamically during ventilation (Cercos-Pita et al., 2022). Using two-dimensional images, which are oftentimes more readily obtainable, an efficient and easy tool to investigate the dimensions of the acinar airspaces is the determination of chord lengths (= linear intercept length), which are randomized, linear measurements from one boundary of the acinar airspace to the next (Knudsen et al., 2010). Although it is an one-dimensional parameter describing a complex three-dimensional anatomical structure, it can easily be determined with the help of test-lines projected on the randomized fields of view (Figure 5). An advantage is that chord length measurements also provide information of lung function in terms of the free path of oxygen to the alveolar wall as well as airspace heterogeneity occurring with different lung volumes. The chord length of acinar airspaces correlates well with the apparent diffusion index of hyperpolarized helium determined with magnetic resonance tomography (MRI) (Woods et al., 2006), an in vivo measurement that also gives information on regional mechanics and microarchitecture (Choy et al., 2010). Chord length measurements can be performed with non-destructive imaging including micro computed tomography as well as MRI (Chan et al., 2021). In healthy lungs and early bleomycin-induced acute lung injury fixed in vivo at stable airway pressures of 10 or 1 cmH2O on expiration (Lutz et al., 2015; Knudsen et al., 2018), the distribution plots of chord lengths are comparable at low lung volumes (Figure 6). With higher lung volume the heterogeneity of chord lengths increases, a pattern which is more pronounced in lung injury. The most frequently observed intercept length (peak of the histogram) is shifted to the right (larger lengths) in the injured compared to the healthy lungs. Also, a second peak is unmasked in the injured but not in the healthy lung in the range of 150 µm. Thus, the dimensions of the acinar airspaces become more heterogeneous in injured lungs at higher pressures although at that very early timepoint after bleomycin the injury is subtle. These observations in the distribution of chord lengths might indicate abnormalities in acinar micromechanics resulting in increased ventilatory heterogeneity, a mechanism which has been discussed to contribute to ventilation-induced lung injury (VILI) via mechanical stress (Albert et al., 2019; Nieman et al., 2020).
[image: Figure 5]FIGURE 5 | Unbiased test-system for measurements of chord length of acinar air spaces. A healthy rat lung was fixed in vivo by vascular perfusion via the vena cava caudalis at an airway opening pressure of 5 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O) (Knudsen et al., 2018). The parameter “chord length” is also known as the linear intercept length. It is based on simple, linear measurements of the dimension of the acinar airspaces from one border to the next. The left side of the randomly sampled image contains four straight line-segments, extended to the right by a dashed line, the so-called guard line. The line segments on the left serve to sample the starting point of the measurements. Each time the line segment intersects an interalveolar septum a measurement is performed from the intersection to the next surface of an interalveolar septum. The direction of the measurement follows the run of the test line and if needed also the dashed guard line. In order to locate the points of measurements exactly the top border of the line segment is used. The arrows label the measurements in this example. Some measurements are performed within an alveolus, others, however, travers via the alveolar opening through the alveolar duct airspace to the other side so that these measurements encompass both alveolar and alveolar duct airspaces.
[image: Figure 6]FIGURE 6 | Distribution of chord lengths of acinar airspaces: Healthy and injured (ALI) rat lungs were fixed in vivo by vascular perfusion via the vena cava caudalis at an airway opening pressure (Pao) of either 1 cmH2O on expiration or 10 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O) (Knudsen et al., 2018). The distributions of chord lengths of acinar airspaces are illustrated as histograms and probability based on the Kernel probability distribution function. In both healthy and injured lungs fixation at higher Pao on expiration results in a right shift of the measurements. At Pao = 1 cmH2O, hardly any differences can be identified in the histograms between healthy (A) and injured lungs (B). Accordingly, the Kernel probability distribution function shows hardly any differences (C). At Pao = 10 cmH2O, the histograms suggest a right shift of the peak in the injured lung (E) compared to the healthy lung (D). The Kernel probability distribution function supports this right shift and indicates a second peak at larger chord length in the range of 150 µm (F). Note, the investigation was performed at a very early time point of bleomycin-induced acute lung injury development at which lung mechanical measurements were scarcely affected. In each group, 500 measurements were performed on randomized fields of view from two lungs.
The chord length measurements, however, do not differentiate between alveolar and ductal airspaces. The strain is different in these two compartments and depends on the considered range of lung volumes (Mercer et al., 1987; Sera et al., 2013; Chang et al., 2015; Cercos-Pita et al., 2022). In healthy lungs, at lower lung volumes, volume changes manifest predominantly within the alveolar duct compartment. In contrast, at larger lung volumes with transpulmonary pressure above 8–10 cm investigations suggest that volume changes occur in alveolar and ductal airspaces alike, or even predominantly in the alveolar compartment. During acute lung injury due to VILI or intratracheal bleomycin several studies demonstrated that loss of volume primarily happens in the alveolar compartment while the alveolar duct compartment remains stable or even increases in size (Lutz et al., 2015; Smith et al., 2020). Thus, it makes sense to quantify these two compartments separately to provide a more nuanced description. Figure 7 shows micrographs of healthy lungs fixed in vivo by vascular perfusion at airway opening pressures of 1, 5 and 10 cmH2O on expiration (Knudsen et al., 2018). In order to separate alveolar and ductal airspaces, straight lines are drawn between the free edges of the interalveolar septa, representing the alveolar entrance rings. The volume fraction of these two compartments in the lung parenchyma is then determined by applying a stereological test system of test points to randomized micrographs and counting points falling on alveolar or alveolar duct airspace. On expiration, the ratio of the volumes fractions of alveolar airspaces (VA) to alveolar duct airspaces (VD) is roughly stable in the range of 1.5–2 at airway opening pressures above 10 cmH20. This indicates that during deflation, and under quasi-static conditions, the absolute volume changes in the alveolar compartment is 1.5–2 times larger than that one found in the alveolar duct compartment keeping the VA/VD ratio stable. As pressures drop below 5 cmH2O the VA/VD ratio increases up to 2.8–4, so that volume loss is higher in alveolar duct compartment (Mercer et al., 1987; Knudsen et al., 2018).
[image: Figure 7]FIGURE 7 | Differentiation of acinar airspaces by point counting: Healthy rat lungs were fixed in vivo by vascular perfusion via the vena cava caudalis at airway opening pressures of either 1, 5, and 10 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O) (Knudsen et al., 2018). In order to determine the volume fractions of tissue, alveolar or alveolar duct airspaces within the lung, test points were superimposed on randomized fields of view. Lungs were treated by immersion in 4% OsO4 before dehydration and embedded in glycol methacrylate to avoid shrinkage/tissue deformation after fixation. The probability of a test point hitting the profile of a structure of interest is directly proportional to the volume fraction of this structure of interest within the reference space. The ratio of test points hitting the structure of interest and the reference space provides the volume fraction of the structure of interest. In the examples, the probability of a test point placed on the randomly sampled fields of view depends on the volume fraction of tissue, alveolar airspace or alveolar duct airspace within the lung. The multiplication of the volume fractions with the lung volume will result in the absolute volumes of tissue, alveolar airspace or alveolar duct airspace per lung. With the goal to separate alveolar duct and alveolar airspace, the entrances into the alveoli were closed by drawing a straight line between the edges of the interalveolar septa. Points hitting alveolar duct airspace (green), alveolar airspace (red) and tissue (yellow) were labelled in the examples. At low Pao, the alveolar ducts were small and the inter-alveolar septa appeared to be at rest with a curvy or in part crumpled surface. At larger Pao, the alveolar ducts widened considerably, the inter-alveolar septa straightened (and appeared to be under tension) and the alveoli became larger. The number of test points hitting alveolar as well as alveolar duct airspaces increased on the expense of the tissue. If the images were representative for the whole organ, one would assume that the volume fractions of tissue deceases with inflation pressure. In order to be representative, however, it is advised to count 100—200 hits on a structure of interest from at least 60 randomized fields of view sampled from at least four randomized sections per organ.
In lung injury models, the absolute volume of the alveolar duct compartment remains stable or increases so that the VA/VD ratio is in general smaller over a wide range of airway opening pressures (Knudsen et al., 2018; Beike et al., 2019; Smith et al., 2020; Rizzo et al., 2022). The expansion of the alveolar ducts can best be explained by the Wilson- Bachofen model: lung injury related high surface tension retracts the alveolar septa so that the duct volume increases (Bachofen et al., 1979; Wilson and Bachofen, 1982).
3.3 Interalveolar septa
Injury-induced alterations in the alveolar compartment often demonstrate strong correlations with abnormalities in lung mechanics. For example, the degree of alveolar collapse highly correlates with the pulmonary system elastance as shown in several studies (Lopez-Rodriguez et al., 2016; Steffen et al., 2017; Beike et al., 2019; Smith et al., 2020). In healthy lungs, the decline in mean alveolar size at low lung volumes correlates highly with an increase in pulmonary system elastance measured at corresponding pressures (Knudsen et al., 2018). The alterations in the alveolar compartment are accompanied by deformations of the interalveolar septa including the recruitment/derecruitment of septal pleats, stretching/un-stretching of the tissue, and shape changes without stretching. These biomechanical modifications of the interalveolar septa all appear to contribute to lung mechanical function in different ways.
3.3.1 Folding and unfolding of septal pleats
Pleats are where parts of the interalveolar septal epithelial surface is not exposed to air. Instead, sections of the blood-gas barrier that form pleats are folded upon themselves, with a thin intervening layer of fluid as shown schematically in Figure 13. The detection of pleats requires electron microscopic resolution. Whether such pleats exist in healthy lungs in vivo during spontaneous breathing or mechanical ventilation is not entirely clear. Many studies performed under ex vivo as well as in vivo conditions describe the existence of pleats in lung tissue fixed by vascular perfusion (Gil and Weibel, 1972; Bachofen et al., 1987; Tschumperlin and Margulies, 1999; Knudsen et al., 2018). Oldmixon and Hoppin investigated lungs fixed in vivo at airway opening pressures between 0 and 45 cmH2O with varying volume history. Based on light and electron microscopic imaging they concluded that the occurrence of pleats is governed by the volume history and that pleats were not present as long as the airway opening pressure remained above 2-3 cmH2O (Oldmixon and Hoppin, 1991). Other investigators, however, noted that pleats were not rare events at the electron microscopic level even after recruiting the lungs and performing fixation at pressures from 1 to 25 cm H2O on expiration from TLC (Tschumperlin and Margulies, 1999; Knudsen et al., 2018). Pleats can either involve the blood-gas barrier exclusively or result from folding of the complete interalveolar septum. Pleats exclusively formed by the blood-gas barrier can be found in healthy rat lungs, fixed in vivo by vascular perfusion at end-inspiration and end-expiration, and form sickle-shaped invaginations into the underlying capillaries (Figures 8, 9). Pleats involving more than just the blood-gas barrier can predominantly be observed at septal junctions or between the meshwork of the alveolar capillary network (Figures 2, 3, 10). The septum piles up so that a multilayer of the alveolar capillary network is present in a seemingly thickened interalveolar septum. In the depth of such a pleat AE2 cells can often be encountered (Figures 2, 3, 10). Due to the arrangement of the alveolar capillary network in layers, these pleats may also become visible at light microscopic level. The presence of high surface tension is accompanied by more pronounced formation of pleats and piling up of complete septa thereby forming conglomerations of collapsed alveoli, also referred to as microatelectases (Figure 11). In general, the formation of pleats leads to a loss of air-exposed alveolar epithelial surface area.
[image: Figure 8]FIGURE 8 | Pleating of the blood-gas barrier: A healthy rat lung was fixed in vivo by vascular perfusion via the vena cava caudalis at an airway opening pressure of 5 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O) (Knudsen et al., 2018). The capillary network is open and nearly free of blood cells. The empty arrowhead points to the entrance of a pleat that is filled with a protein containing fluid (asterisk). Pleats are generally filled with a small quantity of proteinaceous fluid but occasionally locations of direct epithelial-epithelial contact are observed. The pleat is limited to the blood-gas barrier, which invaginates into a capillary (Cap). Two filled arrowheads locate the blood-gas barrier. The image on the right shows the run of the basement membrane (black dashed line), shared by the endothelial cell and the alveolar epithelial type 1 cell, within the pleat.
[image: Figure 9]FIGURE 9 | Three-dimensional model of a pleat: The mouse lung was fixed in situ by vascular perfusion via the right ventricle at an airway opening pressure of 2 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O) (Ruhl et al., 2019) and processed for serial block-face scanning electron microscopy (SBF-SEM) (Buchacker et a. 2019). The EM image stack was used to segment the shared basement membrane of the endothelial and alveolar epithelial type I cell (ebl, magenta) within a pleat. The arrow points at the slit-like entrance to the pleat, which is created by the blood-gas barrier and invaginates sickle-shaped into the capillary (Cap). The model of the pleat is put into the context of the EM stack by two-dimensional images.
[image: Figure 10]FIGURE 10 | Pleat involving more components of the interalveolar septa: A healthy rat lung was fixed in vivo by vascular perfusion via the vena cava caudalis at an airway opening pressure of 5 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O) (Knudsen et al., 2018). The alveolar airspaces (Alv) and the alveolar capillary network (Cap) is open but contains red blood cells. The capillaries are lined by endothelial cells (Endo). The filled arrowhead points at the entrance to a pleat, the black dashed line marks the run of the epithelial basement membrane into the pleat. The pleat is partly bordered by the apical plasma membrane of an alveolar epithelial type 2 cell (AEC2) with its characteristic organelle, the lamellar body (LB). Moreover, the pleat contains some fluid and intraalveolar surfactant, represented by tubular myelin (TM). Underneath the AEC2, interstitial tissue is located, e.g. collagen fibrils (Col) and fibrobasts (FB) are visible. Note that two dark lines at left of left image are an artifact due to folding of the ultrathin section, not part of the tissue structure. The empty arrowheads point at pleats formed exclusively by the blood-gas barrier.
[image: Figure 11]FIGURE 11 | Lung injury and microatelectases: In (A) an image of the lung of a surfactant protein B knock out mouse is shown, fixed in situ by vascular perfusion via the right ventricle at an airway opening pressure of 10 cmH2O on expiration two recruitment maneuvers (3 s pause at 30 cmH2O) (Ruhl et al., 2019). The alveolar ducts are enlarged. Alveolar airspaces are rare and appear to be shallow. Instead, microatelectases (arrows) can be identified as seemingly thickened interalveolar septa characterized by a conglomeration of capillaries. In (B) similar findings can be observed in a rat lung 1 day after instillation of bleomycin to induce lung injury. The lung was fixed in vivo by vascular perfusion via the vena cava caudalis at an airway opening pressure of 10 cmH2O on inspiration, coming from 1 cmH2O after two recruitment maneuvers (3 s pause at 30 cmH2O).
3.3.2 Recruitment and derecruitment of complete alveoli
In healthy lungs the mechanisms of recruitment and derecruitment of complete alveoli have been suggested from ex vivo experiments of isolated and perfused lungs where volumes were allowed to fall below the residual volume so that partial collapse was present before re-expansion and fixation (Gil and Weibel, 1972; Bachofen et al., 1987). Although this scenario is not generally physiologically relevant, it could describe the condition of a pneumothorax. In vivo microscopy of an initially partially collapsed lung provided evidence that alveolar recruitment (or the unfolding of septa forming the boundaries of a cluster of alveoli) is involved during the first respiratory cycles to adapt to lung volume changes. Computational simulations indicate that alveolar recruitment can explain the hysteresis of the first pressure-volume loops of a degassed lung (Bachofen et al., 1987; Carney et al., 1999; Bates and Irvin, 2002). Further imaging studies in healthy lungs using intravital microscopy, optical coherence tomography, and sections of fixed tissue where the lungs were kept above the residual volume do not provide evidence for alveolar recruitment or decruitment (Pavone et al., 2007; Perlman et al., 2011; Tabuchi et al., 2016; Knudsen et al., 2018; Ruhl et al., 2019; Smith et al., 2020). Hence, the healthy lung and the alveoli can be considered to be stable in presence of an intact surfactant system (Fung, 1975).
In contrast, severe abnormalities in alveolar dynamics including alveolar recruitment/derecruitment have been observed using intravital microscopy in lung injury induced, e.g., by lavage with detergents to remove surfactant or injurious mechanical ventilation (Schiller et al., 2001; Kollisch-Singule et al., 2020). However, other investigators did not find any evidence of intratidal recruitment/derecruitment during mechanical ventilation with physiological tidal volumes using similar imaging techniques (Mertens et al., 2009; Tabuchi et al., 2016; Nguyen and Perlman, 2018; Grune et al., 2019). Instead, these studies showed heterogeneous and asynchronous ventilation patterns in subpleural alveoli. These heterogeneous alveolar dynamics are characterized by subpopulations of alveoli showing decreased size changes while others are overdistended. Asynchronies include, e.g., inverse alveolar ventilation, alveolar stunning as well as the phenomenon of alveolar Pendelluft. The later results in a decrease in alveolar size during an inspiratory hold while other alveoli increase in size. Some of these abnormal patterns of alveolar dynamics can, at least in part, be explained by alveolar interdependence at the interface between injured and healthy lung regions. Alveolar injury can manifest as vascular leakage with alveolar edema accumulation or microatelectases with relatively minor alveolar fluid accumulation. Both of these alveolar-level injury manifestations exert tethering forces on the surrounding alveoli that affect their behavior during ventilation.
Derecruitment has been hypothesized to occur in the acutely injured lung when the transpulmonary pressure drops below a certain value termed alveolar closing pressure. Likewise, recruitment of alveoli during inspiration requires the transgression of an alveolar opening pressure that is greater than the closing pressure (Bates and Irvin, 2002). Using design-based stereology and injured lungs fixed at different airway opening pressures during expiration from TLC, several studies have explored how the distribution of alveolar closing pressures is related to the degree of injury using stereology (Knudsen et al., 2018; Ruhl et al., 2019; Smith et al., 2020). In healthy lungs, the number of alveoli per lung remained stable with airway opening pressures ranging from 20 down to 1 cmH2O. Minor injury shortly after bleomycin challenge induced alveolar instability in a cohort of alveoli at airway opening pressures below 5 cmH2O. With injury progression the pressure needed to prevent the collapse of unstable alveoli was increased to 10 cmH2O and an additional cohort of alveoli was identified that could not be recruited with pressures up to 30 cmH2O. Furthermore, the alveolar opening pressures were much higher than the alveolar closing pressures so that during ventilation with physiological tidal volumes and PEEP <5 cmH2O hardly any intratidal alveolar recruitment/derecruitment could be detected (Knudsen et al., 2018). A VILI induced by high tidal volumes suggests three alveolar phenotypes after vascular perfusion fixation at different airway pressures: apparently healthy alveoli that were stable at low lung volumes, unstable but recruitable alveoli that collapsed at airway opening pressures below 5 cmH2O, and a third cohort that was flooded with edema and not recruitable (Smith et al., 2020). These findings transfer at least in part to clinical ARDS (Caironi et al., 2010; Cressoni et al., 2017).
Alveolar instability might also be of relevance in the pathophysiology of fibrosing lung diseases (Knudsen et al., 2017). In lungs of patients suffering from IPF, dysfunctional AE2 cells have been identified by many investigators (Parimon et al., 2020). In a recent study, fibrosis-induced increased proliferation of and Notch signaling in AE2 cells were linked with defective processing of hydrophobic SP-B and SP-C both being of high importance for biophysical properties of surfactant (Wasnick et al., 2023). These observations explain the reduced surface tension lowering properties of alveolar surfactant from IPF patients (Günther et al., 1999). Accordingly, evidence of alveolar instability could be derived from end-expiratory high-resolution CT in subpleural regions of the IPF lung and also from studies investigating the origin of inspiratory Velcro crackles in IPF (Vyshedskiy et al., 2009; Petroulia et al., 2018). Velcro crackles are likely to result from to explosive and energy-rich re-opening of alveolar airspaces. With disease progression, it has been suggested that alveoli remained collapsed throughout the entire respiratory cycle and trigger lung injury in the surrounding tissue via mechanical stress (Albert et al., 2019). Remnants of collapsed alveoli with their former entrances overgrown by epithelial cells have been found in fibrotic tissue in IPF. This phenomenon has been termed collapse induration and is a feature of IPF, idiopathic interstitial pneumonia, and COVID-19 (Katzenstein, 1985; Myers and Katzenstein, 1988; Ochs et al., 2021). Since alveolar surface area is considerably decreased in IPF it is plausible that alveolar collapse and collapse induration play important roles in the pathophysiology of IPF (Coxson et al., 1997).
The stereological parameters used to quantify the degree of alveolar derecruitment at different airway opening pressures included the alveolar number, the alveolar surface area, and the volume of the alveolar airspaces (Table 1). All these parameters can be determined both by light microscopy and with microcomputed tomography image stacks (Vasilescu et al., 2020). All parameters are calculated as absolute data per organ to avoid the reference trap. Of these three parameters, the alveolar number is the most technically challenging because it requires the use of a stereological test-volume. This can be generated by two microscopic sections from the same region separated by a known distance (= physical disector). Counting frames with a defined area are randomly superimposed on the microscopic sections (Ochs et al., 2004) so that the test volume is the product of the section separation distance and the area of the counting frame. Alveoli, that are open to the alveolar duct on the one section but not on the other, are counted if the counting event is within the counting frame (Figure 12). Scrolling through a microcomputed tomography image stack is a very efficient alternative to light microscopy when counting alveolar openings to determine alveolar number (McDonough et al., 2015; Knudsen et al., 2021). Another very efficient way to quantify microatelectases is the determination of the volume of collapsed and recruited septa by means of point-counting. Here, collapsed septa in adult lungs are defined by the existence of more than one layer of the alveolar capillary network, provided that the capillaries are open and can be identified accurately (Rizzo et al., 2022) (Figure 11).
TABLE 1 | Design-based stereological parameters to study the micromechanics of interalveolar septa. Note, a forth mechanism is shape change due to mechanisms other than stretching/de-stretching or recruitment/de-recruitment (e.g. Reimelt et al., 2023). An example is the straightening of the curvy run of the blood-gas barrier which can occur independently from stretching or recruitment of the blood-gas barrier. As a result, the alveolar volume increases but the surface area of the air-exposed alveolar epithelium remains stable. * Did not determine surface area using stereological test-systems.
[image: Table 1][image: Figure 12]FIGURE 12 | Counting open alveoli. Top: A mouse lung was fixed in situ by vascular perfusion via the right ventricle at an airway opening pressure of 10 cmH2O on expiration after two recruitment maneuvers (3 s pause at 30 cmH2O). Tissue was sampled, treated with OsO4 and embedded in epoxy resin (Ruhl et al., 2019). A tissue block was imaged by micro computed tomography (Nanotom M, Waygate Technology, Wunsdorf, Germany) at a voxel size 1 µm. A pair of images from the stack showing the same region is given. The distance from the top of the left image to the top of the right image is 4 µm. An unbiased counting frame of the area AFrame is superimposed on the images. The counting frame area and the distance between the counting frames generates a test volume. In this test volume, the number of alveolar openings are determined as follows: alveoli open to the alveolar duct on one image but not on the other (arrow) are counted, provided that the opening to the duct is located within the counting frame and does not touch the red line (= forbidden line). Bottom: A healthy rat lung was fixed in vivo by vascular perfusion via the vena cava caudalis at an airway opening pressure of 10 cmH2O after two recruitment maneuvers (3 s pause at 30 cmH2O) (Knudsen et al., 2018). After randomized sampling and embedding, serial sections of a thickness of 1.5 µm were cut. The 1st and the 4th section of a consecutive row of sections was collected and randomized pairs of fields of view showing corresponding regions from these 2 sections were images. An example is given here. The arrow points at a counting event which is defined above.
3.3.3 Folding and unfolding of pleats without recruitment and derecruitment of complete alveoli
Septal pleats invaginating the blood-gas barrier or the entire interalveolar septa, without the derecruitment of complete alveoli, have been described based on electron microscopy in healthy lungs from mice and rats (Tschumperlin and Margulies, 1999; Knudsen et al., 2018; Ruhl et al., 2019). These pleats hide alveolar epithelial surface area and are typically filled with a thin layer of protein-containing liquid. Intraalveolar surfactant, e.g. tubular myelin can often be seen at the entrance to the pleats. These pleats, and the associated liquid layer, have been investigated using design-based stereology at the electron microscopic level at different airway pressures (Ruhl et al., 2019). Decreasing the airway opening pressure to 2 cmH2O on the expiratory limb of the pressure volume loop increased the frequency of observed pleats in healthy mice and rats, a finding that correlates with an increase in tissue elastance (Knudsen et al., 2018). The surface area of alveolar epithelial cells covered by the intra-pleat fluid increased while the aerated surface area decreased. At higher lung volumes, the majority of protein containing fluid was located in the corners of alveoli. With decreasing lung volume, liquid was integrated into the increasing number of pleats and formed a very thin layer so that the mean thickness of the liquid layer determined via stereology decreased. From these observations it is likely that there is recruitment and derecruitment of pleats accompanied by a reorganization of the alveolar lining fluid, at least under quasi-static conditions at lung volumes within the range of physiological breathing. From a physiological point of view this is an appealing mechanism since it allows the alveolar volume and surface area to change without strain of the blood-gas barrier. In other words, with inflation the aerated alveolar surface area increases while the thickness of the blood-gas barrier and surface area of the epithelial BM remain stable. Septal stretching would result in an increase of the surface area of the epithelial BM combined with thinning of the blood-gas barrier (Bachofen et al., 1987; Leuenberger et al., 2012). Lung physiological studies in humans provide indirect evidence of the existence of this micromechanical mechanism under in vivo conditions. A modeling-based approach indicates that the measured diffusion capacity with increasing lung volume of up to 80% TLC could best be explained by an increase in air-exposed alveolar surface area without a decrease in the diffusion membrane thickness, suggesting that recruitment of pleats occurs up to 80% of TLC (Miserocchi et al., 2008).
In an ex vivo lung study, Bachofen and co-workers used design-based stereology to quantify the alveolar surface area (SA) and the surface area of the alveolar epithelial BM (Sebl) at quasi-static conditions during pressure volumes loops starting with a pressure near zero (Bachofen et al., 1987). The SA-to-Sebl ratio as well as the Sebl increased during inflation, indicating that the increase in surface area is a result of both stretching of the blood-gas barrier and recruitment of surface area hidden in pleats. However, these findings may not be directly applicable to the in vivo situation since inflation started below residual volume. Furthermore, Bachofen et al. did not differentiate between recruitment of whole alveoli and recruitment of pleats of the interalveolar septa of those alveoli which are already open. In a later study, lungs were fixed in situ at either 10 or 2 cmH2O following deflation from 30 cmH2O, thus maintaining a volume history above the residual volume (Ruhl et al., 2019). There was no significant difference in alveolar number, indicating that whole-alveolar derecruitment did not occur. The SA-to-Sebl ratio decreased from 0.75 to 0.52 during expiration, supporting the conclusion that the loss of aerated alveolar epithelial surface area during deflation is due to both de-recruitment of pleats and de-stretching of the blood-gas barrier because derecruitment without de-stretching would have resulted in a decline of the ratio from 0.75 to 0.42. Estimation of the differential contribution of these two mechanisms to the decline in aerated alveolar surface assigns approximately 40% to the formation of pleats and derecruitment and 60% to de-stretching (Ruhl et al., 2019). However, these studies do not reveal the precise range of lung pressures and volumes during inflation and deflation where these processes occur, and whether they occur during dynamic breathing.
As mentioned earlier, the recruitment of pleats is a way to adapt to volume changes without stretch of the blood-gas barrier but it is also associated with a reorganization of the liquid lining layer and associated pulmonary surfactant. The opposing blood-gas barriers of the pleats are peeled off each other during inflation and the fluid oscillates on the surface of the epithelial cells (Figure 13). Based on in vitro experiments and computational modeling this opening process can be linked with potentially harmful forces acting on the epithelial lining if surface tension is elevated due to surfactant dysfunction, a typical feature of lung injury (Bilek et al., 2003; Kay et al., 2004; Naire and Jensen, 2005; Ravasio et al., 2011; Hobi et al., 2012). Hence, the recruitment process of pleats might be detrimental in conditions of high surface tension by causing additional injury of the blood-gas barrier and dysfunction of the AE2 cells, a mechanism referred to as microatelectrauma.
[image: Figure 13]FIGURE 13 | Micromechanics of the blood-gas barrier. Schematic of an interalveolar septum at end-expiration (bottom) and end-inspiration (top). The end-expiratory drawing is based on an electron microscopic image and shows in the upper blood-gas barrier (BGB) a pleat filled with fluid (light blue). The surface area of the involved alveolar epithelial cell is hidden in the pleat (yellow) and not exposed to air. After inspiration, the pleat has been opened and its surface area, although still covered by fluid is now exposed to the alveolar lumen. As a result, there is an increase in surface area and adaptation to changing alveolar size without stretching of the alveolar epithelial cell or the epithelial basement membrane (green). The BGB at the bottom of the septum however, does not have a pleat. The BGB is therefore stretched during inspiration which results in an increase in the surface area of both air-exposed apical membranes of alveolar epithelial cells and epithelial basement membrane. The BGB is thinned due to stretching. Capillaries (Cap) and the BGB are also subject to shape changes to adapt to an increase in alveolar volume during inspiration which do not result in an increase in the surface area of the basement membrane or apical plasma membrane of epithelial cells. This schematic is based on classical transmission electron microscopic images which are not able to visualize the complete liquid lining layer. Please note, that the fixation process with glutaraldehyde is based on cross-linking of proteins. Hence, only those parts of the liquid lining layer which contain proteins can be visualized and are given in this schematic.
3.3.4 Stretching of the blood-gas barrier
A few studies have quantified the Sebl under quasi-static conditions, using design-based stereology or comparable unbiased methods, to reveal the degree of stretching/de-stretching and pleating/unpleating of the blood-gas barrier as lung volume changes (Figure 14). These studies intended to define the range of lung volumes in which stretching/de-stretching occurs (Bachofen et al., 1987; Tschumperlin and Margulies, 1999). The investigated species and volume histories differed between studies; thus, direct comparison is difficult. As mentioned earlier, Bachofen et al. started inflation of isolated and perfused rabbit lungs with transpulmonary pressures close to zero and fixed the lungs during the first and second respiratory cycle. The fixed lungs covered the range of lung volumes between 40% (≈ functional residual capacity) and 100% of TLC during both inspiration and expiration. In the second respiratory cycle Sebl increases by 26% at a lung volume of 80% TLC compared to 40% TLC. Tschumperlin and Margulies ventilated explanted rat lungs for several respiratory cycles with transpulmonary pressures well above the residual volume to avoid any lung collapse. Lungs were fixed at 100% TLC and during expiration at lung volumes corresponding to 82%, 60%, 42% and finally 24% of TLC which occurred at transpulmonary pressures from 25 to 2 cmH2O. At TLC Sebl was 40% larger compared to a lung volume of 24% TLC. However, the majority (approximately 70%) of the changes in Sebl could be documented between 100% and 80% TLC. Hence, the authors concluded that stretching/de-stretching of the blood-gas barrier predominantly takes place at lung volumes above 80% TLC and thus above the range of lung volume in which quiet spontaneous breathing takes place. Computational modeling using measurements of pulmonary diffusion capacity at 80% and 100% TLC in humans supports these findings. The observed increase in diffusion capacity could best be explained by a thinning of the blood-gas barrier and thus stretching instead of increase in surface area by unfolding processes (Miserocchi et al., 2008). Rühl et al. also quantified the Sebl during expiration in mouse lungs. Because the lung fixation was carried out at set transpulmonary pressures of 2 and 10 cm H2O, instead of lung volume, a direct comparison to the other publications is difficult. The two-dimensional strain of the blood-gas barrier occurring between those pressures (calculated from Sebl) was 23%, a value a bit larger than that one calculated by Tschumperlin and Margulies between 24% TLC (transpulmonary pressure = 2 cmH20) and 82% TLC (transpulmonary pressure = 8.8 cmH2O) which was in the range of 12%–16%. The current available data suggest that within the range of physiological lung volumes both unfolding/folding and stretching/de-stretching occur in parallel as illustrated in Figure 13.
[image: Figure 14]FIGURE 14 | Design-based stereology of the blood-gas barrier: A healthy rat lung was fixed in vivo by vascular perfusion via the vena cava caudalis at an airway opening pressure of 10 cmH2O after two recruitment maneuvers (3 s pause at 30 cmH2O) (Knudsen et al., 2018). In the center, a pleat filled with protein-containing fluid and bordered by the blood-gas barriers can be seen. On the left, the epithelial basement membrane (ebl) is delineated (dashed red line). While at the top right corner, the alveolar epithelium is exposed to air (Alv), the pleat hides epithelial surface area which might be recruitable on inspiration. The pleat is filled by a grayish material representing preserved parts of the liquid-lining layer. In order to quantify the surface area covered by air or hidden within pleats, test lines can be projected on randomized electron microscopic images for intersection counting as shown on the right. Line segments of a certain length are superimposed on the image. The probability of these line segments to intersect air covered or hidden alveolar epithelium is proportional to the collective length (L) of the line segments but also to the surface density of, e.g. air-covered or hidden alveolar epithelium. Hence, intersection (I) counting can be applied to determine the surface density (Sv) of the desired structures, given by the equation Sv = 2*I/L. Intersections are indicated as follows: blue arrow: air-covered alveolar epithelial surface area; yellow arrow: hidden alveolar epithelial surface area. The same line segments can be used to determine the surface area of the epithelial basement membrane, a parameter eligible to quantify stretch of the blood-gas barrier. The green arrows point at intersections of the line segments with the epithelial basement membrane.
The strain of the blood-gas barrier is not homogenous, and the regional deformation changes with lung volume. This strain heterogeneity was investigated using design-based stereology and electron microscopy to estimate the surface area of the epithelial BM covered by AE1 and AE2 cells in mice at 10 and 2 cmH2O on expiration. While the surface area of the BM covered by AE2 cells remained rather stable, the area covered by AE1 cells differed between those two pressures (Ruhl et al., 2019). These observations are supported by confocal microscopy of lungs inflated to different lung volumes (Perlman and Bhattacharya, 2007). Thus, in the range of lung volumes of physiological breathing the strain of AE1 cells is larger than that one of AE2 cells. This may occur because at lower lung volumes the AE2 cells are preferentially located within pleats and those pleats must be unfolded before the AE2 cells are subjects to strain. Based on these considerations it appears to be reasonable that AE2 cells are only stretched at higher lung volumes, e.g., above 80% of TLC.
3 CONCLUSION
Recent innovations in three and four-dimensional imaging techniques have expanded our knowledge of the micromechanics of acini and alveoli. At the largest scale, these dynamics are manifest as volumetric strain which can be quantified using imaging techniques with light microscopic resolution. However, the micromechanical mechanisms by which the interalveolar septa adapt to alveolar volume changes during breathing or mechanical ventilation, including tissue strain and recruitment of septal pleats, require inclusion of electron microscopic resolution. Pleats can involve either the blood-gas barrier alone, creating invaginations into the alveolar capillaries, or small folds of the entire interalveolar septum. In the latter case, the folding predominantly occurs between the piles of the alveolar capillary network located at the junctions of inter-alveolar septa (the corners of the alveoli). Pleating is a consequence of a complex interplay of tissue tension (fiber system) and surface forces at the air-liquid interface and result in a loss of alveolar surface area. In the context of lung injury, surface tension can increase considerably so that complete alveoli collapse and form microatelectases. These induce potentially harmful stresses on adjoining interalveolar septa, a mechanism discussed to be involved in ventilation-induced lung injury but also the progression of fibrosis lung diseases. The micromechanical mechanisms of alveolar septal deformation can be quantified using design-based stereology and transmission electron microscopy. Data suggest that in healthy lungs, with a volume history above the residual volume, recruitment of entire alveoli is infrequent. Instead, volume changes up to 80% of TLC are accommodated by recruitment of septal pleats and septal stretching which, in combination, yield increased gas exchanging surface area (Figure 13). However, above 80% TLC, stretching might dominate recruitment.
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Due to the close interaction of lung morphology and functions, repeatable measurements of pulmonary function during longitudinal studies on lung pathophysiology and treatment efficacy have been a great area of interest for lung researchers. Spirometry, as a simple and quick procedure that depends on the maximal inspiration of the patient, is the most common lung function test in clinics that measures lung volumes against time. Similarly, in the preclinical area, plethysmography techniques offer lung functional parameters related to lung volumes. In the past few decades, many innovative techniques have been introduced for in vivo lung function measurements, while each one of these techniques has their own advantages and disadvantages. Before each experiment, depending on the sensitivity of the required pulmonary functional parameters, it should be decided whether an invasive or non-invasive approach is desired. On one hand, invasive techniques offer sensitive and specific readouts related to lung mechanics in anesthetized and tracheotomized animals at endpoints. On the other hand, non-invasive techniques allow repeatable lung function measurements in conscious, free-breathing animals with readouts related to the lung volumes. The biggest disadvantage of these standard techniques for lung function measurements is considering the lung as a single unit and providing only global readouts. However, recent advances in lung imaging modalities such as x-ray computed tomography and magnetic resonance imaging opened new doors toward obtaining both anatomical and functional information from the same scan session, without the requirement for any extra pulmonary functional measurements, in more regional and non-invasive manners. Consequently, a new field of study called pulmonary functional imaging was born which focuses on introducing new techniques for regional quantification of lung function non-invasively using imaging-based techniques. This narrative review provides first an overview of both invasive and non-invasive conventional methods for lung function measurements, mostly focused on small animals for preclinical research, including discussions about their advantages and disadvantages. Then, we focus on those newly developed, non-invasive, imaging-based techniques that can provide either global or regional lung functional readouts at multiple time-points.
Keywords: pulmonary function tests, non-invasive tests, invasive tests, pulmonary functional imaging, imaging-based techniques
1 INTRODUCTION
Lungs play the most important role in the gas exchange process by transferring oxygen from the inhaled air to blood. Any chronic pulmonary abnormality eventually causes morphological destructions in the lung, which consequently reflect as pulmonary functional changes (Hoymann, 2007). Due to this close relationship between lung morphology and function, accurate measurement of lung function at multiple time-points is of great interest for diagnostic and prognostic purposes. Since the primary function of the lung is gas exchange, the pulmonary function can be characterized by ventilation, the distribution of the inhaled air into and out of the alveoli, and perfusion, the flow of blood to alveolar capillaries (Powers and Dhamoon, 2019).
Pulmonary function tests (PFTs) are not only valuable in the clinical context, but also in an experimental context which they are of utmost importance. Animal models are extremely crucial for gaining deeper insight into the cellular and molecular mechanisms involved in the pathogenesis of pulmonary diseases, simply because they allow experiments that are not authorized with humans (Nemery et al., 1987; Bates and Irvin, 2003). The principles controlling ventilation, airflow, lung volume, and gas exchange are almost the same among most of the mammals (Costa and Tepper, 1988; Hoymann, 2007; Hoymann, 2012). During the past decades, the growing interest in longitudinal lung functional studies on rodents led to an exploration for finding novel, more sensitive, non-invasive methods for repeated pulmonary function measurements (Glaab et al., 2007; Hoymann, 2007; Bates, 2017). This search resulted in introducing many invasive and non-invasive techniques for obtaining lung functional data during longitudinal animal studies in different lung research areas, such as pharmacological efficacy studies, safety pharmacological studies, and toxicological investigations (Bates and Irvin, 2003; Glaab et al., 2005; Hoymann, 2007; Hoymann, 2012; Bates, 2017). Each of these methods has their own advantages and disadvantages, which makes them suitable only for certain kinds of experiments (Glaab et al., 2007; de Andrade Castro and Russo, 2019). On one hand, invasive methods use anesthetized, paralyzed, tracheotomized animals, which are far from their natural conditions, however, they offer precise and specific readouts closely related to lung mechanics (De Vleeschauwer et al., 2011). On the other hand, non-invasive methods conveniently allow repeated pulmonary functional measurements in conscious animals with readouts related to the lung volumes, but with less sensitivity to pulmonary mechanics compared to the invasive methods (Hoymann, 2007). Therefore, based on the goal of the experiment, it should be decided whether functional readouts related to natural breathing patterns of conscious animals are required (non-invasive methods), or sensitive, accurate, and specific parameters related to lung mechanics (invasive methods).
These conventional methods of lung function measurements, invasive and non-invasive, only deliver global readouts. While, a wide range of lung diseases start locally by deteriorating lung parenchyma as well as small airways, and their functional effects are usually masked by lung compensatory mechanisms until significant sections of the lung structure are lost (Hsia, 2004; Burgel et al., 2013; Hsia, 2017; Stockley et al., 2017). Since small airways contribute minimally to airflow resistance, standard PFTs in clinics, such as spirometry and plethysmography which measure pulmonary functional parameters related to lung volumes cannot detect their loss at early stages. In the case of small airway diseases, such as COPD, fibrosis, emphysema, etc., these PFTs detect the lung function loss only after obstruction/destruction of 75% of the small airways (Cosio et al., 1978; Burgel et al., 2013). Therefore, the site of these small airways, approximately from the 8th generation to terminal bronchioles and respiratory bronchioles, is called the “silent zone” (Burgel et al., 2013; Stockley et al., 2017). The biggest disadvantage of standard PFTs is that they consider the lung as a single unit, providing only global averages of functional parameters for the whole lung, which are not sensitive enough for early detection of most of the lung abnormalities (Ohno et al., 2022). This major limitation of the conventional PFTs prompted a search for techniques to acquire regional lung function data instead of global readouts. These techniques can be performed at experimental end-point, but are preferably non-invasive in the sense that the animals can fully recover from repeated functional measurements without any long-term injuries interfering with the experimental research question. Due to the recent advances of lung imaging modalities such as computed tomography (CT), magnetic resonance imaging (MRI), and nuclear medicine techniques, a new concept has emerged called “pulmonary functional imaging”, which utilizes imaging-based techniques to regionally measure lung functions (Gefter et al., 2021; Ohno et al., 2021). Pulmonary functional imaging with ability to provide regional lung functional data significantly improves our ability to detect and longitudinally evaluate many chronic pulmonary diseases at early stages. In the past few decades, several non-invasive techniques have been proposed for pulmonary functional imaging using CT, MRI, and nuclear medicine for clinical applications (Gefter et al., 2021; Ohno et al., 2021; Kooner et al., 2022; Ohno et al., 2022). Due to the importance of animal models in the understanding of pathogenesis of pulmonary diseases, these non-invasive, imaging-based techniques for regional lung function measurements are equally important for preclinical lung research.
In this narrative review, we describe and discuss both conventional and state-of-the-art experimental methods for lung function measurements focusing on small animals for preclinical and basic lung research. These methods fall roughly into two major categories, namely invasive, i.e. end-point measurements and non-invasive methods that can be applied repeatedly in the same animal, with or without a short anesthesia period. We further divide the non-invasive methods into imaging-based and non-imaging-based techniques. Then, we focus on those newly developed, non-invasive, imaging-based techniques that can provide either global or regional lung functional readouts at multiple time-points. We conclude with a discussion about future perspective of PFTs for longitudinal animal studies in biomedical research.
2 THE ROLE OF PULMONARY FUNCTION TESTS IN PRECLINICAL LUNG RESEARCH
Murphy DG (2002) described the function of the respiratory system as a pumping apparatus, which includes nervous and muscular components, and a gas exchange unit (Murphy, 2002). While defects in the pumping apparatus can disrupt the breathing pattern, structural changes in airways, alveoli, and interstitial tissues including blood and lymph vessels that form the gas exchange unit lead to obstructive or restrictive diseases. Therefore, any change in pulmonary function detected by the standard PFTs stems from either disruption in pulmonary ventilation, or alteration in the mechanical properties of lungs (Murphy, 2002; Hoymann, 2012). For capturing these pulmonary function changes during progression of respiratory disorders, various invasive and non-invasive methods have been introduced throughout the past decades. These PFTs offer different lung functional parameters with different levels of sensitivities, with each one of these methods fitting to certain research questions. In the following subsections, we provide a detailed overview of both invasive and non-invasive PFTs for lung function measurements mostly in rodents, as well as discussions about their advantages and disadvantages that make them suitable for certain kinds of in vivo experiments.
2.1 Invasive methods for lung function measurements
Under invasive techniques for lung function measurements, we consider those methods that require the animals to be either orotracheally intubated (Likens and Mauderly, 1982; Brown et al., 1999; Glaab et al., 2004) or intubated via tracheostomy (Palecek et al., 1967), while breathing spontaneously or being mechanically ventilated during the procedure (Jackson and Watson, 1982; Schuessler and Bates, 1995). As this will lead to long-term injury, in practice, these methods are mostly considered as end-point measurements, carried out under terminal anesthesia compared to non-invasive methods, the value of invasive PFTs and pulmonary maneuvers lies in that they are far more sensitive for detecting those obstructive/restrictive lung disorders that change the mechanical properties of the gas exchange units.
2.1.1 Dynamic compliance and lung resistance with plethysmography
Measurement of parameters such as dynamic compliance ([image: image]) and lung resistance ([image: image]) using invasive lung function measurements is a classical approach to determine pulmonary mechanics and airway responsiveness (Glaab et al., 2007). For the first time, in 1988, Martin et al. showed the viability of measuring these two parameters, [image: image] and [image: image], in anesthetized, tracheotomized, and ventilated mice using body plethysmography (Martin et al., 1988). In this study, for evaluation of the bronchoconstrictor responses of normal C57BL/6 mice to bronchoconstrictor agonists, the authors connected the tracheotomized mice placed in a plethysmograph chamber to a pressure transducer and ventilator, where the device was set to provide 150 breathes/min with tidal volumes of 5–6 ml/kg. Lung volume changes of the mice were recorded by the plethysmograph using the pressure changes inside the chamber, which alongside the transducer signal and flow information were used to calculate the pulmonary compliance and resistance by the method of Amdur and Mead. (1958), that relates the tidal volume and the flow rate to intrapleural pressure at specific points during the respiratory cycle information to acquire the mechanical properties of the lungs. Followed by this pioneering technique, many more methods have been reported for measurement of [image: image] and [image: image] in anesthetized, tracheotomized mice using body plethysmography (Takeda et al., 1997; Taube et al., 2002; Irvin and Bates, 2003). In an attempt for repetitive measurements of [image: image] and [image: image] in mice, Brown et al. proposed a rapid, repeated intubation technique for anesthetized mice instead of tracheotomy (Brown et al., 1999). In this technique, the animal should be suspended at a 45° angle using a plexiglass support, while a light source illuminated the trachea below the vocal cord for better visualization. For a better view of the tracheal opening, a metal laryngoscope was used to keep the mouth open and hold the tongue out of the way to intubate the animal with a catheter attached to the hub of a needle. In this investigation, the authors have studied neither the maximum number of repeated intubations nor the timing between them which left doubts about the feasibility of the proposed method for repetitive measurements of [image: image] and [image: image] in anesthetized, instrumented mice (Brown et al., 1999).
In general, pulmonary compliance (C) can be defined as a parameter for measurement of lung expansion per each unit increase in the transpulmonary pressure, which can be divided into static and dynamic compliances (Marshall, 1957; Desai and Moustarah, 2020). While static compliance ([image: image]) represents pulmonary compliance when there is a fixed volume and no airflow, dynamic compliance describes the compliance during breathing and it monitors both elastic and airway resistance (Desai and Moustarah, 2020). Since certain respiratory disorders such as pulmonary fibrosis, emphysema, COPD, atelectasis, and newborn respiratory distress syndrome directly change the elastic properties of lung parenchyma, monitoring the compliance curve can be helpful to determine their progression (Lu and Rouby, 2000). In general, important factors such as elasticity of lung parenchyma, surface tension, surfactant, lung volume, smooth muscle contraction, and peripheral airway inhomogeneity can be considered as direct determinants of pulmonary compliance (Glaab et al., 2007; Desai and Moustarah, 2020). [image: image], which represents both airway and tissue resistance, is a dynamic force against the tracheobronchial tree and to some extend parenchyma deformation, which reflects both narrowing of the conducting airways and parenchymal viscosity (Glaab et al., 2007). Airway resistance ([image: image]), which can be described as the ratio between the pressure drop across the airway tree and the resulting airflow, highly depends on the geometry of the airway tree and the viscosity of the resident gas (Czovek, 2019). As the other contributor to lung resistance, tissue resistance ([image: image]), is a fundamental characteristic that is highly related to the elastic property of the tissue (Czovek, 2019). Asthma, COPD, cystic fibrosis, emphysema, and airway tumors are common pathological conditions that increase lung resistance (Özdilek, 2022).
Airway resistance and dynamic compliance are widely considered gold-standard parameters for diagnosis and quantification of bronchoconstriction and obstruction (Glaab et al., 2005; Hoymann, 2007; Ewart et al., 2010). The sensitivity and specificity of these parameters make them ideal choices for follow-up studies of testing safety of pharmacological compounds; however, despite many advantages, most of the approaches that measure pulmonary compliance and resistance require anesthetized and intubated/tracheotomized animals, which is far from the natural condition and mostly an endpoint for them (Bates and Irvin, 2003).
2.1.2 Forced oscillation technique
The forced oscillation technique (FOT), for the first time introduced by DuBois et al. (1956), is a technique based on sinusoidal sound waves of a single frequency that pass through the lungs to provide information about pulmonary mechanics with parameters such as respiratory impedance (Zrs). Zrs is defined as the mechanical load of the respiratory system to ventilation (Navajas et al., 1991), and can be divided into resistance, which describes the resistance of conducting airways and tissue, and reactance (X), which reflects respiratory compliance and characterizes lung parenchyma (Glaab et al., 2007). For more insights into the basic concepts of FOT, we refer to (Pride, 1992; MacLeod and Birch, 2001; Oostveen et al., 2003; Tepper and Costa, 2015; Lundblad et al., 2021). To investigate the effects of drugs and diseases on pulmonary mechanics, FOT has been employed for measuring respiratory impedance both in rats (Jackson and Watson, 1982; Preuss et al., 1999) and mice (Schuessler and Bates, 1995; Vanoirbeek et al., 2010; Devos et al., 2017; Mori et al., 2017). Compared to the classical FOT approach for measuring pulmonary resistance and compliance, low-frequency forced oscillation technique (LFOT) provides even more details about pulmonary mechanics (Irvin and Bates, 2003; Peslin and Fredberg, 2011). In the case of LFOT, because a lower frequency sound wave travels further in the conducting airways and reaches smaller airways and lung parenchyma, it can provide more detailed information about lung mechanics (Brashier and Salvi, 2015). The biggest advantage of LFOT is the capability of showing differentiation between airway and tissue mechanics (Glaab et al., 2007).
The impulse oscillometry system (IOS), introduced by Michaelson et al., in 1975 using a computer-driven loudspeaker, is a FOT technique that utilizes multiple sound frequencies at the same time instead of a single frequency (Michaelson et al., 1975). The main advantage of employing multiple oscillation frequencies is that IOS calculates airway resistance in a way that allows differentiation between the behavior of large and small airways. Nowadays, almost all of the commercialized devices for lung function measurements such as FlexiVent [SCIREQ© (Inc, 2022)] employ multiple oscillation frequencies for pulmonary functional and mechanical assessments. In the case of any airway obstruction, either in the central or peripheral airways, the total airway resistance increases above the normal value (Brashier and Salvi, 2015). Therefore, LFOT and IOS are accurate and powerful techniques to measure parameters such as resistance, reactance, and consequently respiratory impedance over a range of frequencies. However, similar to invasive plethysmography techniques, implementing these techniques still requires anesthesia, intubation, and even a higher level of expertise in handling.
Similar to preclinical lung research, FOT measurements also play an important role in clinical practice for early detection of the effects of smoking and COPD (Goldman, 2001; Oostveen et al., 2003; Ribeiro et al., 2018; Bhattarai et al., 2020). FOT as a non-invasive technique for measuring respiratory mechanics is already approved after comparative studies with classical spirometry readouts (Dellacà et al., 2004; Faria et al., 2010; Amaral et al., 2013; Su et al., 2018). The modern clinical devices for FOT measurements are able to cover a wide range of frequencies, lower than 5 Hz to assess peripheral airways and higher than 20 Hz to measure proximal airway resistance, which allows independent evaluation of proximal and peripheral airways (Shinke et al., 2013; Contoli et al., 2016; Berger, 2018). For low frequency measurements, i.e. less than 5 Hz, loudspeakers, a piston-type mechanical device (Kaczka et al., 1997), or pneumatic proportional solenoid valves (Kaczka and Lutchen, 2004) are used. Despite the advantages of FOT measurements, more clinical studies are required for correct interpretation of parameters such as elastance and reactance that highly depend on frequency (King et al., 2020).
2.1.3 Forced pulmonary maneuvers
The two most commonly used commercially available devices for invasive lung function measurements in small animals are FlexiVent [SCIREQ© (Inc, 2022)] and Buxco-forced pulmonary maneuvers [DSI© (Buxco, 2022)] (Figure 1). These devices are widely considered the gold-standard for in vivo lung function measurements, since both of them are capable of performing forced oscillation technique, negative pressure-driven forced expiratory maneuvers (NPFE), and measuring standard pressure-volume (PV) curves. These techniques offer relevant parameters such as resistance, compliance, and elastance in anesthetized animals with high sensitivity and specificity. To delineate the existing potential of the invasive and non-invasive methods for lung function measurements, Vanoirbeek et al. (2010) employed FlexiVent and Buxco systems, as well as unrestrained plethysmography to assess two well-established models lung disease: a model of elastase-induced pulmonary emphysema, and a model of bleomycin-induced pulmonary fibrosis. The invasive techniques, unlike unrestrained plethysmography, using lung functional parameters such as functional residual capacity, total lung capacity, vital capacity, and compliance of the respiratory system could effectively distinguish the pulmonary emphysema from fibrosis. They concluded that both invasive systems for lung function measurements are sensitive enough for monitoring lung pathologies, however, FlexiVent has the advantage of an in-line nebulizer for testing hyperreactivity with methacholine. However, these commercialized devices for lung function measurements share the same disadvantages as the previous invasive techniques, including the requirement for terminal anesthesia, intubation/tracheostomy, high level of expertise in handling, and ventilatory maneuvers instead of spontaneous breathing, which does not always reflect the physiological situation (de Andrade Castro and Russo, 2019). Furthermore, one animal at a time can be handled during each lung function measurement which makes the technique time-consuming in vivo animal studies. Among these, the most important drawback is that these are endpoint lung function measurements due to tracheostomy, however, attempts have been made to address this issue by replacing tracheostomy with intubation for repeated invasive lung function measurements (Glaab et al., 2004; Glaab et al., 2005; De Vleeschauwer et al., 2011; Bonnardel et al., 2019). In a recent attempt, Bonnardel et al. used the FlexiVent system to prove the feasibility of repeated lung function measurements by intubation of healthy BALB/cJ mice and C57BL/6J mice to obtain parameters such as forced vital capacity (FVC), compliance of respiratory system (Crs), and forced expiratory volume in the first 0.1 s (FEV0.1) (Bonnardel et al., 2019). The authors reported an accurate evaluation of FVC, Crs, and FEV0.1 for intubated BALB/cJ mice, and FVC, FEV0.1, and inspiratory capacity (A) for intubated C57BL/6J mice. Despite the efforts for showing the feasibility of performing repetitive invasive lung function measurements in small animals, they are not suitable for reproducibly repeated measurements, resulting in that commercially available devices are still routinely used for endpoint measurements only. The lack of an alternative, truly non-invasive method for reproducible, repetitive detailed lung function measurements warrants further investigations for finding a reliable method with the least invasiveness for obtaining detailed lung functional data with direct readouts related to lung mechanics.
[image: Figure 1]FIGURE 1 | Commercially available experimental setups for in vivo lung function measurements in small animals (A) FlexiVent [reprinted from www.scireq.com (Inc, 2022)]; (B) Buxco [reprinted from www.datasci.com (Buxco, 2022)].
2.2 Non-invasive methods for lung function measurements in rodents
For in vivo longitudinal investigations of pulmonary function as well as screening large numbers of conscious small animals, non-invasive approaches are a prerequisite. In the following sections, we divide the non-invasive conventional methods and state-of-the-art techniques for lung function measurements into imaging-based and non-imaging-based methods and discussed them in detail.
2.2.1 Non-imaging-based techniques
2.2.1.1 Unrestrained whole-body plethysmography
Non-invasive plethysmography techniques offer lung function readouts of conscious animals longitudinally. Unrestrained whole-body plethysmography (UWBP), as an extreme of non-invasiveness, provides lung function data of several awake mice/rats at the same time and at several time points. Basically, the animals are placed each into a separate closed chamber to record breathing-induced oscillations of pressure inside the chamber by employing a barometric analysis technique. This technique provides parameters such as tidal volume and respiratory frequency (Glaab et al., 2007; Vanoirbeek et al., 2010; Bates, 2017). UWBP has been employed by many researchers for longitudinal measurement of lung functions in spontaneously breathing animals, especially by reporting a parameter called enhanced pause (Penh) (Hamelmann et al., 1997; Chong et al., 1998; Finotto et al., 2001; Donaldson et al., 2002). Penh is a dimensionless parameter used for the evaluation of changes in the shape of the airflow entering and leaving a whole-body plethysmograph (Bates, 2017). In 1997, for the first time using UWBP, a study on airway hyperresponsiveness (AHR) using aerosolized methacholine challenge in conscious, spontaneously breathing mice, revealed a good correlation between Penh and readouts such as lung resistance obtained from an invasive method (Hamelmann et al., 1997). Following this pioneering study, a few more investigations confirmed good correlations between Penh and gold-standard functional parameters obtained from invasive lung function measurements (Chong et al., 1998; Berry et al., 1999; Finotto et al., 2001; Donaldson et al., 2002; Kumar et al., 2004). However, further experiments have raised serious uncertainties and questions such as: what Penh as a dimensionless index really measures and to what extent it can be related to lung mechanics (Lundblad et al., 2002; Mitzner and Tankersley, 2003; Adler et al., 2004; Bates et al., 2004; Sly et al., 2005). Using unrestrained plethysmography investigating the relationship between Penh and lung resistance, it has been shown that UWBP can determine lung resistance only when tidal volume and functional lung capacity are measured independently. Also, humidity and temperature of the gas inside the chamber should be preconditioned to the animal’s body (Lundblad et al., 2002). Since fulfilling these conditions with conscious, unrestrained animals are not possible, the authors suggested that Penh should not be used for bronchial responsiveness assessments and sent a clear warning to the community that Penh cannot represent airway or pulmonary resistance. Followed by this enlightening study, more researchers (Adler et al., 2004; Bates et al., 2004) shared their serious concerns about replacing invasive mechanical indexes such as lung resistance with Penh, since this dimensionless parameter lacks the necessary physical principles. Despite intense criticism against the application of Penh to measure airway reactivity and AHR, for further exploration of Penh, Lomask discussed the mathematics of unrestrained plethysmography for two types of whole-body plethysmographs, pressure (PWBP) and flow (FWBP) plethysmographs (Lomask, 2006). The author confirmed that PWBP that utilizes a sealed chamber poorly correlates with airway resistance at room temperature. However, the Penh values obtained by FWBP that uses a chamber with a pneumotachograph correlate with resistance. Similarly, the relationships between Penh and thoracic airflow patterns have shown that Penh of plethysmography airflow is a sensitive indicator of an increase in specific airway resistance (Frazer et al., 2011). Nevertheless, UWBP as a convenient, quick, and non-invasive method can be employed for gross screening of overall ventilatory function in rodents. However, considering the cautionary warnings toward the misusage of Penh, especially in lung studies on airway responsiveness, ventilatory function obtained from UWBP should be corroborated with independent direct measurements of pulmonary mechanics (Vanoirbeek et al., 2004; Vanoirbeek et al., 2006; Hoymann, 2007; Tarkowski et al., 2007).
2.2.1.2 Unrestrained video-assisted plethysmography
Since lung function data obtained from unrestrained plethysmography have no direct link to the mechanical properties of the lung, Bates et al. (2008) introduced unrestrained video-assisted plethysmography (UVAP) to non-invasively determine lung mechanical function in small animals. Reliable measurement of lung mechanical function requires a precise assessment of lung volume changes during the animal’s breathing, which is beyond the capability of UWBP (Lundblad et al., 2002; Adler et al., 2004; Bates et al., 2004). However UVAP, as an extension of UWBP, was an attempt to more precisely estimate lung volume using orthogonal video imaging (Bates et al., 2008). In UWBP, the measurements are based on the chamber pressure fluctuations due to the animal’s breathing, which results from the fact that the change in lung volume is not equal to the volume of inspired air from the chamber. Two physical processes can be introduced as the reason for this difference (Mitzner and Tankersley, 2003; Adler et al., 2004; Bates et al., 2008): (Hoymann, 2007) During inspiration, the respiratory musculature produces a necessary pressure gradient that drives the inspired air through the resistive airways, which also leads to thoracic gas compression; (Powers and Dhamoon, 2019); Due to the different temperature and humidity inside the thorax compared to the chamber, the inspired air expands inside the lungs. It has been shown that the pressure change due to the gas conditioning inside the lungs can be eliminated by heating and humidifying the air inside the plethysmography chamber to match the condition inside the lungs (Lundblad et al., 2002). Therefore, by preconditioning the air inside the chamber, the pressure fluctuations during the animal’s breathing can be related directly to the thoracic gas compression, which is also influenced by tidal volume (Bates et al., 2008). The constructed plethysmograph was a cuboidal chamber with two clear orthogonal sides for monitoring the animal, and a water jacket on the remaining sides for controlling the temperature inside the chamber. The humidity of the chamber was also controlled continuously by introducing a stream of air to the chamber after passing over a flask of hot water, except for those brief moments when lung function measurements were acquired, and the chamber was completely sealed. A pressure transducer was utilized for assessment of the pressure inside the chamber relative to the atmospheric pressure and two video cameras were fixed close to the plethysmography chamber to monitor the two orthogonal sides. Using this setup, the authors tried to simultaneously measure the pressure inside the chamber, as well as the changes in lung volume by assuming the animal’s body as an elliptical cross section in the acquired orthogonal silhouettes (Bates et al., 2008).
As the biggest advantage of this system, UVAP is able to directly and more precisely measure specific airway resistance in unrestrained and spontaneously breathing mice compared to UWBP. However, there are still downsides to this system (Reynolds and Frazer, 2011): (Hoymann, 2007) movements of the animals are problematic due to the slow sampling resolution (25 Hz, camera speed) of the cameras; (Powers and Dhamoon, 2019); controlling the conditions inside the chamber including temperature and humidity makes the system more complicated and even may induce stress to the animal. Due to the mentioned limitations, despite the solid theory related to lung mechanics behind the UVAP, this extension of unrestrained plethysmography was unable to replace the invasive methods for lung function measurements and never became a widely used method for lung mechanical function measurements in small animals.
2.2.1.3 Acoustic whole-body plethysmography
Acoustic whole-body plethysmography (AWBP), similar to UVAP, attempts to measure tidal volume more accurately compared to UWBP. The acoustic plethysmograph proposed by Reynolds and Frazer included a main chamber, nozzle, speaker, microphone, and end stop assembly to change the volume, which represents a resonant cavity that operates at a frequency that depended on the volume of the cavity and also the dimensions of the nozzle (Reynolds and Frazer, 2006). During the breathing of the animal in the plethysmography chamber, the volume around the animal changes due to the thorax movements which influences the amplitude of the acoustic pressure inside the chamber. In this system, the acoustic pressure of the chamber is almost independent of the animal’s lung volume, due to the fact that the acoustic input impedance of the system is very large because of the large change in area from the chamber to the nasal opening (Reynolds and Frazer, 2006). Since the sound pressure level (SPL) of the plethysmograph has a direct relationship with the signal-to-noise ratio of volume measurements, the sensitivity of the AWBP can be increased with higher values of SPLs, which is tolerable for mice (Fay, 1988). The acquired acoustic pressure signal inside the chamber was related to tidal volume using a signal processing technique. Similar to UVAP, VWBP can directly measure specific airway resistance in unrestrained, spontaneously breathing animals. However, this system is susceptible to ambient noise frequencies near the excitation frequency (Reynolds and Frazer, 2011), making it impractical to use for precise assessment of lung volume changes during the animal’s breathing in a laboratory setting without acoustic insulation.
2.2.1.4 Head-out body plethysmography
In head-out body plethysmography (Glaab et al., 2007), the head and body of the animal are separated by a seal in the plethysmograph, wherein the animal’s head is exposed to a continuous airflow in the head chamber, and the rest of the body is placed in the body chamber which is attached to a pressure transducer by a pneumotachograph tube (Figure 2). In the body chamber, the thoracic movements of the animal drive the flow to the pneumotachograph tube which finally reaches the differential pressure transducer, where the respiratory flow is measured and parameters such as respiratory rate and tidal volume are obtained (Hoymann, 2007). Commonly for employing this approach, the animals should be trained a few days before the lung function measurements to get used to the head-out plethysmograph (Hoymann, 2012). The introduction of head-out body plethysmography dates back to 1994, when Vijayaraghavan et al. non-invasively measured mid-expiratory flow ([image: image]) for the assessment of airway responsiveness in conscious mice (Vijayaraghavan et al., 1994). [image: image] is the midpoint of expiratory tidal volume, which can perfectly describe the main changes in tidal volume due to an airflow limitation caused by bronchoconstriction, edema, or accumulation of mucus (Glaab et al., 2007; Hoymann, 2012). Since then, many other research groups employed head-out plethysmography for examination of drug effects and proposed [image: image] as a meaningful, non-invasive parameter for determination of bronchoconstriction in mice and rats (Neuhaus-Steinmetz et al., 2000; Glaab et al., 2001; Glaab et al., 2002; Baelder et al., 2005; Glaab et al., 2005). In addition, validation studies by employing invasive and non-invasive PFTs showed good correlations between [image: image] and gold-standard functional parameters (Glaab et al., 2001; Glaab et al., 2002; Glaab et al., 2005). In 2005, Glaab et al. utilized head-out body plethysmography to non-invasively measure [image: image] in conscious mice which were exposed to inhalable Aspergillus fumigatus antigens, paralleled by invasive measurement of pulmonary conductance and dynamic compliance in anesthetized, orotracheally intubated mice (Glaab et al., 2005). The decrease in [image: image] and pulmonary conductance and dynamic compliance correlated well and despite the higher sensitivity of gold-standard parameters, [image: image] was sensitive enough to detect airway responsiveness in intact spontaneously breathing mice.
[image: Figure 2]FIGURE 2 | Head-out plethysmography (A) Schematic and (B) Photos of head-out plethysmography systems for mice and rats [reprinted from Hoymann. (2012)].
In conclusion, head-out body plethysmography is a non-invasive, simple, and repeatable method for lung function measurements that allows handling several conscious animals at the same time by attaching several chambers to a central system. Head-out body plethysmography offers valuable outputs such as [image: image] with physical meaning [ml/s] that directly relates to gold-standard pulmonary functional parameters such as airway resistance (Glaab et al., 2007). Despite its advantages, there is a risk of inducing the influence of stress to the results due to retainment of the animal during the measurements. However, this issue can be mitigated to some extent by training the animals beforehand and starting lung function measurements only after the animals settled down to a stable level (Glaab et al., 2007).
2.2.1.5 Double-chamber plethysmography
Double-chamber plethysmograph, as the name explains, consists of two rigid chambers that separate the animal’s body from the neck to isolate the animal’s head and nose as hermetically as possible in the front chamber, from the rest of the body in the rear chamber (Figure 2). In the front chamber, where the restrained animal is consciously and spontaneously breathing, the produced flow from the nostrils is measured, while in the rear chamber the produced airflow by volume change due to the thorax movements is measured. Either using pressure transducers or pneumotachographs, waveform signals as a function of time from each chamber are recorded, which can finally produce respiratory parameters such as tidal volume and frequency (Reynolds and Frazer, 2011; Mailhot-Larouche et al., 2018). In addition to respiratory parameters, acquiring parameters such as [image: image] and specific airway resistance (sRaw), which are sensitive to airflow obstruction, is also possible with double-chamber plethysmography (Pennock et al., 1979; Neuhaus-Steinmetz et al., 2000; Glaab et al., 2001; DeLorme and Moss, 2002; Glaab et al., 2002; Flandre et al., 2003). While measurement of airway resistance requires both waveform signals obtained from head- and body-chambers, for calculating [image: image], just like head-out body plethysmography, only the signal from body-chamber is needed. Therefore, depending on the application, double-chamber plethysmography can be employed with or without the head-chamber (Mailhot-Larouche et al., 2018). Regardless of the advantages, double-chamber plethysmography shares the same disadvantages as head-out plethysmography, which is the requirement of restraining the animal and facing the risk of inducing the effects of stress to the obtained results. Furthermore, the reproducibility of obtained parameters such as sRaw from double-chamber plethysmography for airway responsiveness has been challenged (Duguet et al., 2000; DeLorme and Moss, 2002). However, still many researchers suggest double-chamber plethysmography as a non-invasive, easy, rapid, and reproducible technique for longitudinal assessment of respiratory function in conscious animals after challenges with aerosolized substances (Lofgren et al., 2006; Mailhot-Larouche et al., 2018).
2.2.2 Imaging-based techniques
All the lung function measurement techniques outlined so far more or less provide lung function readouts on diagnosis of lung diseases and severity in animal studies of lung diseases. The Flexivent and Buxco systems, applied as end-point measurements, provide the most detailed set of lung functional and mechanical readouts including parameters related to lung volumes, quasi static pressure-volume curves, as well as the capability to distinguish lung tissue properties from airway characteristics using the low-frequency forced oscillation technique (Shalaby et al., 2010; Vanoirbeek et al., 2010; De Vleeschauwer et al., 2011; Bates, 2017; de Andrade Castro and Russo, 2019). As such, they can differentiate between obstructive and restrictive lung diseases and can be considered as the gold standard tools for lung function assessments. Nevertheless, as these lung function measurements provide global readouts of lung and airway performance, they may underestimate the extent of lung pathology in cases where unaffected lung regions compensate for affected regions, such as in chronic respiratory diseases (CRDs), lung transplantation, and pneumonectomy (Wu et al., 2000; Dane et al., 2013; Ravikumar et al., 2013; Vos et al., 2014; Dekoster et al., 2020; Li et al., 2020). Therefore, the early diagnosis and longitudinal assessments of lung performance in different cases is currently stalled due to the inability to capture the complete spatial distribution of lung function. We would ideally need a tool that can provide regional readouts on lung function.
Imaging modalities such as CT and MRI as efficient visual tools can be employed not only to monitor lung structural changes, but also to obtain lung functional data. While non-imaging-based methods for lung function measurements only provide global readouts for lung function assessment, some of the imaging-based methods can longitudinally provide detailed regional data of lung performance, which may allow researchers to detect pulmonary diseases in early stages and test the therapeutics more effectively. On one hand, micro-CT with high spatial and temporal resolution offers a great potential to obtain detailed regional information about lung structure and function in alive animals, which can enable us to quantify the severity of pulmonary diseases at earliest
Stages in a non-invasive manner. While, the ability of micro-CT in longitudinal assessments of lung structural changes is already well-established in vivo lung disease studies (De Langhe et al., 2012; Poelmans et al., 2016; Dekoster et al., 2020), its great potential in providing regional pulmonary functional data still needs to be revealed. On the other hand, MRI without ionizing radiation and with employing hyperpolaraized gases can provide regional ventilation and perfusion maps. This section investigates the abilities of current lung imaging modalities for the regional/global assessment of lung function and biomechanics non-invasively in the presence of lung pathologies.
2.2.2.1 X-ray computed tomography
In clinics, X-ray CT as the gold-standard modality for lung medical imaging, plays an important role in the diagnostic and therapeutic workup of many lung diseases, due to its extensive availability, speed, high-resolution, and high signal-to-noise ratio for lung tissue (Simon, 2000; Tielemans et al., 2020). High-resolution computed tomography (HRCT) is the most updated optimized technique to acquire the most detailed lung images with a multidetector CT scanner (Verschakelen, 2010) (Figure 3). In addition to its traditional role in the diagnostic of diffuse parenchymal and interstitial lung diseases (DPILDs), CT techniques have been developed and utilized as non-invasive methods to measure regional ventilation in the lung for many years (Gur et al., 1979; Gur et al., 1981; Herbert et al., 1982; Snyder et al., 1984; Simon et al., 1998). Therefore, the significant potential of CT for developing new techniques has provided a magnificent opportunity to obtain not only detailed anatomical information on lung structure and pulmonary pathological patterns, but also quantitative functional characterization of the lung during the progression of pulmonary diseases (Young et al., 2019).
[image: Figure 3]FIGURE 3 | HRCT scans of human lung with usual interstitial pneumonia (UIP)[reprinted with permission from Tielemans et al. (2020)] (A) In vivo HRCT scan of the lung with resolution of 1 mm 6 months before lung transplantation; (B) Ex vivo CT scan of the lung after transplantation with resolution of 700 μm; (C) Ex vivo µCT scan of the same lung with higher resolution, 150 μm; (D, E) Core ex vivo µCT scan with resolution of 10 μm, showing severe fibrosis (red cylinder) and more healthy area (orange cylinder).
In preclinical research, µCT has proven to be a very powerful tool for longitudinal assessments of lung structural changes in chronic lung disease models, however, its routine implementation lags behind. Although, there are great opportunities to extract imaging-derived biomarkers not only on lung disease burdens, but also on lung function based on its ability to provide four dimensional (4D) data from different phases of the breathing cycle. Dynamic imaging of the lung using µCT to obtain 4D datasets is possible either with prospective synchronization (signal-based gating), triggering the image acquisition at certain phases of the respiratory cycle during scanning, or retrospective synchronization (image-based gating), sorting the acquired images according to their respiratory phases as a post-processing step (Liu et al., 2017). 4D-µCT of the lung using synchronization thereby not only reduces motion artifacts induced by cardiac and respiratory cycles, but also provides opportunities to extract end-inspiratory and end-expiratory images of the lungs, that can then be used to calculate (regional) tidal expansion (Ding et al., 2010; Vinogradskiy et al., 2012; Brennan et al., 2015). Using density measurements, several µCT-derived biomarkers such as mean lung density, total lung volume, areated and non-areated lung volumes have been introduced to longitudinally investigate the onset and progression of pulmonary diseases such as lung fibrosis, invasive pulmonary aspergillosis, and pulmonary cryptococcosis (De Langhe et al., 2012; Vande Velde et al., 2016; Dekoster et al., 2020). Furthermore, the distribution of air volume inside the lung can be obtained at several positive end-expiratory pressures (PEEPs) to plot a pressure-volume (P-V) curve, which can describe the static mechanical P-V relationship of the respiratory system with the assumption that the alveolar pressures are equilibrated (Marcucci et al., 2001). Calculating the distribution of regional air content and lung volume using density-based techniques has been employed by several researchers in a variety of applications to study topics such as post-pneumonectomy lung growth, special species adaptations, and respiratory distress syndrome (Hoffman and Ritman, 1985; Gattinoni et al., 1993; Olson and Hoffman, 1994; Gattinoni et al., 1995). The following sections investigate the x-ray-based techniques developed for lung function measurements in the recent years for preclinical lung research in more detail.
2.2.2.2 Xenon-CT regional ventilation imaging
Application of Xenon (Xe) gas as a contrast agent for CT-based regional ventilation measurements as a non-invasive procedure for evaluation of pulmonary function dates back to 1979, when Gur et al. used ventilation rate constants to discuss the pulmonary function of normal and impaired lungs (Gur et al., 1979). Since the density of Xe is higher than air, in the presence of this gas in the airways, the density of those areas in the CT images linearly increases with the Xe concentration; therefore, by serial scanning of the same ROI in the lung during wash-in and wash-out of Xe, regional ventilation can be mapped by density measurement techniques (Simon et al., 1998; Simon, 2005). Xe-CT ventilation imaging has been employed in many lung studies to non-invasively measure regional distributions of ventilation, perfusion, and ventilation/perfusion (V/Q) ratio (Figure 4) (Hoffman et al., 1995; Simon et al., 1998; Tajik et al., 1998; Marcucci et al., 2001; Jones et al., 2003; Sauter et al., 2019). However, despite many advantages such as providing high-resolution, regional ventilation maps non-invasively, Xe-CT method includes also several limitations. As an anesthetic gas, the concentartion of Xe cannot exceed 30%–35% for ventilation measurements in humans due to the side effects, which consequently limits the maximum CT density enhancement that can be acquired (Simon, 2000). Furthermore, since Xe is soluble in blood, the maximum alveolar concentration of this gas reduces during washing; while, most of the employed models for Xe-CT ventilation measurements consider no uptake and recirculation of Xe. In addition, due to the higher density and viscosity of Xe compared to air, the regional distribution of ventilation can be different from normal respiratory gases, especially at higher inspiratory flow rates (Simon, 2005).
[image: Figure 4]FIGURE 4 | Xenon ventilation and gadolinium perfusion maps of a landrace pig acquired using dual-energy CT [reprinted from Sauter et al. (2019)]. Last row shows the overlay of the xenon and gadolinium density maps as a combined ventilation/perfusion maps.
2.2.2.3 X-ray body plethysmography
X-ray body plethysmography was another attempt to cover the limitations of UWBP for accurate measurements of tidal and end-expiratory volumes using single projection x-ray imaging, with the purpose of assessing airway resistance in conscious, spontaneously breathing mice (Lai-Fook et al., 2008). The proposed plethysmograph by Lai-Fook et al. included a transparent plastic tube with a cone-shaped end which was connected to a thin-walled copper cylinder. The x-ray source and sensor were located in the plastic tube to acquire single projection images of the animal’s thorax using a single x-ray pulse of 10 ms exposure time to minimize image blur due to respiratory and cardiac cycles. The plethysmograph also included a heat lamp in the transparent plastic tube and a pressure transducer, thermistor, and humidity gauge in the thin-wall copper cylinder for controlling the air condition inside the chamber and measuring the pressure. Since evaluation airway resistance requires both tidal and end-expiratory volumes, single projection x-ray images and pressure oscillations inside the chamber were used to estimate these lung volumes in spontaneously breathing mice. Pressure oscillations inside the plethysmography chamber were assumed as sinusoidal variations. The biggest advantage of x-ray body plethysmography was the capability of measuring lung volumes in a way that allows separate estimations of airway resistance and compliance; however, the high cost of the x-ray system, slow collection of x-ray images throughout a breathing cycle, and the manual segmentation of the images, halted the way of seeing this system as an efficient screening tool (Bates et al., 2008; Reynolds and Frazer, 2011).
2.2.2.4 X-ray lung function
In further exploration for finding a non-invasive method for lung function measurements and address drawbacks of plethysmography techniques, Dullin et al. (2016) introduced an imaging-based technique called x-ray lung function (XLF) method. XLF is a non-invasive technique for lung function measurements that employs low-dose planar cinematic x-ray imaging to monitor the animal’s breathing during the measurements. In this in vivo approach for lung function measurements, a video of 2D radiographs of the chest movements during spontaneously breathing of the unrestrained, anesthetized animal was captured to measure the average x-ray transmission of the lungs in each frame of the recorded video. The intensity fluctuations of the animal’s chest movements normalized by the average background signal in the acquired 2D movie were described using an x-ray transmission function (XTF) over time. After filtering, the breathing cycles of the XTF for each animal were parameterized using a third-order polynomial and the average of each parameter ([image: image]- [image: image]) over all of the breathing cycles were used to characterize the lung function by the ratio between inhalation and exhalation times as well as the maximum air content in the lung. Applying the XLF technique to an ovalbumin-induced experimental allergic airway disease mouse model mimicking severe acute asthma (SAA), Dullin et al. showed a significantly higher sensitivity for XLF in detecting the elasticity reduction of the lungs in comparison to UWBP (Dullin et al., 2016). XLF using the XTF parameters ([image: image]- [image: image]), showed shorter relative inspiration periods and reduced air flows in the lungs, which both pointed to a reduction in elasticity related to the inflammation in SAA. UWBP using parameters such as MaxSlope and MinSlope showed the same trend in air flow reduction for SAA mice compared to the controls. Furthermore, the authors also assessed the efficacy of dexamethasone as the common treatment of SAA (Figure 5), and correlated the results with UWBP, and further with post-mortem histology, broncho-alveolar lavage (BAL), and synchrotron phase contrast CT. Similarly, in comparison to UWBP, XLF with higher accuracy showed the improvement of lung function parameters in the treated mice with dexamethasone.
[image: Figure 5]FIGURE 5 | X-ray lung function (XLF) technique (A) Region of the interest of the lung in an exemplified radiograph. (B) Comparison between breathing cycles of a healthy control mouse (CN), a mouse with severe accute airway inflammation (SAA) 2 days after the last challenge, and a mouse from the same model, treated with dexamethasone before each challenge [reprinted from Dullin et al. (2016)].
For further evaluation on reliability and sensitivity of XLF technique, the same research group used XLF and propagation synchrotron phase-contrast computed tomography (pSRμCT) for quantification of lung remodeling in an allergic airway inflammation (AAI) mouse model (Markus et al., 2017). In the lung function measurements using XLF, the breathing frequency during acquisition was adjusted to one breathing cycle in 1,400 msec using the level of anesthesia and overall for each mouse 21 breathing cycles were recorded. Using the same parameterization technique explained above, XTF parameters ([image: image]- [image: image]) were used to characterize the lung function of each animal. After each lung function measurement, the mice were euthanized for in situ lung imaging by synchrotron pSRμCT, to assess whether the XLF findings in the recovered mice are associated with subtle structural changes. Based on the pSRμCT results, the authors showed the persistence of airway remodeling after the resolution of the inflammatory response. In addition, they found a high degree of correlation between the pSRμCT volume ratio and XLF results, which showed a significant air trapping in AAI mice in comparison to controls, most probably due to the reduction of elasticity in the lungs induced by allergic exposure. The authors concluded that the persistent loss of lung elasticity in AAI mice even after a few months’ recovery can be related to the loss of elastic fibers. The results of this study once again confirmed the reliability and sensitivity of XLF as a non-invasive, in vivo technique for longitudinal lung function measurements in AAI mouse models.
Since none of the functional parameters ([image: image]- [image: image]) of XLF described pulmonary air volume, Dullin’s research group developed a unique experimental setup to simultaneously perform either XLF or µCT with WBP (Khan et al., 2021). They replaced the animal’s bed inside the gantry of the µCT scanner with a custom-made plethysmography chamber, which included a differential pressure sensor and isoflurane inlet-outlet for anesthesia (Figure 6). The original approach in XLF for calibration of x-ray transmission over time included a background selection for normalization, which required a large field of view (FOV) that led to low image resolution (Dullin et al., 2016). In this study, the XTF function was modified by applying a new approach for background correction, an adaptive moving filter, which provided the possibility of using a smaller FOV during the XLF measurements and consequently a better image resolution at the lung region (Khan et al., 2021). The relative x-ray transmission function (rXTF) was used for analysis of the breathing cycles and quantitative functional parameters such as end-inspiration lung volume (EIV), the relative x-ray transmission at end-expiration, as well as the decay rate of the expiration phase. The results showed a strong correlation between the acquired lung volume by rXTF function in XLF technique and those extracted from the µCT data; however, the XLF data were obtained by only 7% of the x-ray dose and 13% of the acquisition time used in µCT, which shows the capability of XLF as a reliable technique for in vivo, non-invasive lung volume measurements in longitudinal studies on lung diseases.
[image: Figure 6]FIGURE 6 | Schematic of the developed setup by Khan et al. for correlative XLF, WBP, and µCT measurements [reprinted from Khan et al. (Khan et al., 2021)].
Since 2D radiographs of the chest movements are used by XLF protocol, the acquired imaging data could only be used for monitoring the animal’s breathing during the measurements and no anatomical information could be obtained. To address this issue, Dullin et al. proposed a new technique based on XLF to quantify lung function in the raw data of retrospectively gated lung µCT scans, which is called retrospective gating-based x-ray lung function measurement (rgXLF) (Dullin et al., 2022). For assessment of the newly developed technique, they applied the rgXLF protocol on mdx mice, the most commonly used mouse model for studying Duchenne muscular dystrophy (DMD). The authors employed the same strategy for parameterization of the breathing pattern that Khan et al. (Khan et al., 2021) used in their study. The comparison of functional parameters between XLF and rgXLF revealed a strong correlation, with almost the same k-values of the expiration phase and similar heart rates. In a comparison between control and mdx mice, both cross sections and 3D lung reconstruction showed the differences in the shape diaphragm between the mice (Figure 7). Therefore, rgXLF with a low x-ray dose, short acquisition time, and minimum voxel size of 40 µm showed the ability for longitudinal lung function measurements and also providing anatomical information without the requirement for additional scanning.
[image: Figure 7]FIGURE 7 | Retrospective gating-based x-ray lung function measurement (rgXLF) (A, C) µCT images of a healthy control mouse and a mdx mouse respectively, showing the difference in the shape of the diaphragms; (B, D) 3D renderings of the healthy and mdx mice; (E) Comparison of the breathing patterns of the healthy and mdx mice (healthy = blue and mdx = blue), showing a more rapid decay in the expiration phase of the mdx mouse [reprinted from Dullin et al. (2022)].
2.2.2.5 Phase contrast X-ray lung function
The continuous search for finding new imaging-based techniques to obtain regional lung function and biomechanics data led to employing synchrotron radiation sources to produce highly coherent, high flux x-rays that are required for phase contrast x-ray imaging (PCXI) [see (Bayat et al., 2001), (Bayat et al., 2009), (Porra et al., 2004), (Monfraix et al., 2004), (Bayat et al., 2022a), (Cercos-Pita et al., 2022), (Bayat et al., 2022b)]. PCXI is a high-resolution imaging technique, capable of differentiating between soft tissues by enhancing the contrast of biological interfaces and also providing dynamic motions of lung tissue. Recently, Bayat et al. throughly reviewed the present methods for synchrotron radiation-based imaging that have been used for regional lung function measurements [see (Bayat et al., 2020)]. The synchrotron radiation-based imaging methods included free propagation-based phase-contrast lung imaging (PBI), speckle-based lung imaging, 4D lung imaging, and K-edge subtraction (KES) imaging as well as their applications in preclinical animal models.
Four-dimensional x-ray velocimetry (4DxV) is a PCXI-based technique that can capture the expansion/contraction of lung tissue throughout a breathing process and also measure the airflow inside the airways. Therefore, any regional structural change of lung parenchyma and alteration of airflow inside the airways due to obstructive/restrictive lung diseases can be detected using this technique (Dubsky et al., 2010; Dubsky et al., 2012; Fouras et al., 2012). Since most of the 4DxV techniques were developed and validated in synchrotron radiation facilities, a more compact and accessible experimental setup was required to make 4DxV mapping more commonly-used in lung research laboratories (Tuohimaa et al., 2007; Bravin et al., 2012; Krenkel et al., 2016). In 2020, Murrie et al. introduced a dynamic in vivo 4DxV imaging system using a liquid-metal-jet microfocus X-ray source for regional lung function measurements in β-ENaC mice, a mouse model of cystic fibrosis (CF) (Figure 8) (Murrie et al., 2020). Mice were anesthetized, intubated, and ventilated during scanning. The results of 4DxV analysis, the expiratory time constant, showed a dramatic decrease in regional lung expansion of the left lung for β-ENaC mice in comparison to healthy controls, which correlated directly to the reduction of aeration due to the patchy CF-like airway obstructions in this region. This reduction of aeration directly indicates the regional reduction of lung function for the β-ENaC mouse, which can be considered as a biomarker for early detection of an obstructive airway disease (Figure 9). The proposed 4DxV imaging system is capable of regional imaging of lungs and airways with 60 µm resolution d 30 frames per second for pulmonary functional imaging and obtaining 3D ventilation maps. However, ionizing radiation measurements showed 1.47–1.74 Gy radiation dose delivered to each animal during image acquisition, which was below the lethal radiation dose to damage lung tissue (7.5 Gy for BALB/C mice and 8.3 Gy for C57BL/6 mice (Okunieff et al., 1996)), but still high enough to be considered as the endpoint for the animal.
[image: Figure 8]FIGURE 8 | Four-dimensional x-ray velocimetry (4DxV) technique for regional lung function assessments [reprinted from Murrie et al. (2020)]: (A) Experimental image acquisition setup using a liquid-metal-jet microfocus X-ray source, introduced by Murrie et al. (2020) for in vivo regional lung function measurements; (B) Raw 2D projections acquired over 360° using the proposed image acquisition setup; (C) Reconstructed CT images from the binned projections to produce 4D CT dataset.
[image: Figure 9]FIGURE 9 | Lung function assessments using 4DxV technique [reprinted from Murrie et al. (Murrie et al., 2020)] (A, B) Airway 3D models of a healthy and β-ENaC mice, respectively, colored by local expiratory time constant from 4DxV analysis showing an increased expiratory time constant (arrow) for the β-ENaC mouse compared to the healthy littermate; (C, D) Comparison of the lung tissue expantion maps of the healthy and β-ENaC mice, respectively, revealing a reduction in regional tissue expansion (arrow) for the β-ENaC mouse compared to the healthy littermate.
2.2.2.6 Optical respiratory dynamics tracking
Search for finding a simpler way than WBP and XLF to monitor respiratory dynamics, resulted in introduction of an optical technique by Svetlove et al. called optical respiratory dynamics tracking (ORDT) (Svetlove et al., 2022). This technique is especially useful for tracking diaphragm function of mice with neuromuscular diseases such as Duchenne muscular dystrophy (DMD). ORDT is a simple method for monitoring respiratory dynamics of anesthetized mice using camera tracing of chest surface markers. For developing this optical technique, the authors utilized a camera with the ability to produce images with 600 × 400 pixels resolution for 10 s at 100 frames/sec. They placed four paper markers with black cross-hair pattern on the thoracic-abdominal region of the mice with double-sided tape and tracked the movements of these markers in the acquired video with Linear Assignment Problem algorithms. The expiration constant was computed in XLF software. To assess the performance of ORDT technique, the authors used mdx mouse model to investigate the irregularities in the breathing pattern of the mice due to respiratory muscle weakness, which is one of the common characteristics of DMD. In comparison with the data acquired by XLF, the results obtained by ORDT showed significantly steeper expiration for mdx mice compared to the controls by calculating the expiration constant (k), which most probably shows the higher sensitivity of ORDT compared to XLF in capturing the change of respiratory dynamics in dmx mice. Furthermore, unlike XLF technique, ORDT was also able to show the differences between fast and slow expiratory phases in mdx mice, while healthy controls had almost the same fast and slow phases. Compared to the alternative methods for longitudinal assessment of diaphragm function in mice, e. i. WBP and XLF, ORTD is easier to perform, completely non-invasive (no ionizing radiation), cheaper, and can be performed by commonly available tools and equipment (Svetlove et al., 2022). Furthermore, since this optical technique directly assess the dynamics of the body surface, it has a greater potential in detecting abnormal breathing patterns.
2.2.2.7 Pulmonary functional magnetic resonance imaging
In the past decades, alongside CT and nuclear medicine, magnetic resonance imaging (MRI) has been employed to evaluate chronic lung diseases in terms of gas exchange (Ohno et al., 2022). Pulmonary functional imaging with MRI includes measurements of ventilation, perfusion, as well as respiratory motion and mechanics (Wielpütz and Kauczor, 2012), which dates back to 1990s when hyperpolarized (HP) noble gas MR imaging and oxygen-enhanced MRI were introduced for the first time (Albert et al., 1994; Edelman et al., 1996; Kauczor et al., 1998).
Due to the abundance of hydrogen atoms in soft tissues (water and fat protons [image: image]) which contain polar nuclei, MRI of lung tissues results in high-quality images. However, in an inflated lung that approximately 80% filled with air, MRI is challenging due to low proton density and abundant air-tissue interfaces, which reduce signal-to-noise ratio and increase magnetic susceptibility effects, resulting in very low inherent signal that is available for lung imaging (Velde et al., 2014; Dubsky and Fouras, 2015; Kumar et al., 2016). Inhalation of HP noble gases by improving the MRI signal overcomes this issue (Dubsky and Fouras, 2015). Contrast agents such as helium-3 ([image: image]) and xenon-129 ([image: image]) are the most commonly-used non-radioactive noble gases for HP MRI (Ohno et al., 2022), which have been studied extensively for evaluation of diseases burden and efficacy assessment of therapeutics (Ruppert et al., 2000; Altes et al., 2001; Fain et al., 2006; Fain et al., 2007; Kirby et al., 2012; Chang, 2013). Physical methods of polarization such as spin-exchange optical pumping (SEOP) and metastability exchange (ME) can increase the polarization up to 4-5 order of magnitude above the thermal equilibrium which compensates for the low density of the inhaled noble gas inside the lung (Fain et al., 2010; Adamson et al., 2017). SEOP can be used for polarization of both [image: image] and [image: image]; however, ME can be employed only for [image: image] applications (Adamson et al., 2017).
The biggest advantage of HP [image: image] MRI is the visualization of areas in the lung which are actively involved in ventilation such as terminal respiratory bronchioles and adjacent alveoli (Santyr et al., 2009; Fain et al., 2010). [image: image], with low solubility and a high diffusion coefficient, is the most commonly-used HP noble gas for pulmonary functional imaging due to its large gyromagnetic ratio which offers the strongest signal (Santyr et al., 2009). Due to this unique ability, HP [image: image] MRI has been used to study many animal models of lung diseases such as asthma, pulmonary fibrosis and emphysema (Holmes et al., 2005; Mata et al., 2007; Thomas et al., 2009; Stephen et al., 2010). For early detection of bleomycin-induced pulmonary fibrosis progression in Sprague-Dawley rats, Stephen et al. employed HP [image: image] MR imaging and pulmonary function testing by a plethysmography chamber for validation purposes (Stephen et al., 2010). To evaluate lung function and structure of the animals, they used apparent diffusion coefficient (ADC) and fractional ventilation as the most commonly-used metrics. While PFTs showed no significant differences between the treatment groups, fractional ventilation and the ADC value in small airways and alveoli declined for the fibrotic rats, suggesting that the metrics of [image: image] MRI are more sensitive measures to monitor the progression of pulmonary fibrosis in animal models compared to the parameters of lung function tests. Despite showing the feasibility of measuring the ventilation changes in fibrotic rats, this method had limited success most probably due to the fact that ventilation is an indirect measure of the severity of pulmonary fibrosis (Adamson et al., 2017). In the case of emphysema, it has been shown that [image: image] ADC is sensitive to alveolar damage due to emphysema in both humans (Salerno et al., 2002; Swift et al., 2005) and animal models (Woods et al., 2004; Jacob et al., 2008; Rodríguez et al., 2009). Also, Xu et al. hypothesized and proved that the transverse diffusion coefficient ([image: image]) of [image: image] apparent diffusion, measured at sub-milli-second diffusion times, is a more sensitive metric for detecting the alveolar damage in the elastase-instillation model of emphysema in rats compared to the longitudinal diffusion coefficient ([image: image]) (Xu et al., 2012). Nevertheless, despite many advantages, due to the extremely limited quantity of [image: image] available worldwide, the cost of using this contrast agent for pulmonary functional imaging is very high which currently limited its application (Fain et al., 2010).
On the other hand, [image: image] as a by-product of the liquid air industry can be found in abundance which consequently leads to a relatively cheaper price compared to [image: image] (Santyr et al., 2009; Fain et al., 2010). In addition, compared to [image: image], [image: image] has higher solubility in tissues and blood which results in a higher ability for quantitative modeling of gas exchange (Kaushik et al., 2013; Qing et al., 2014a; Qing et al., 2014b). To address this issue, due to a lower gyromagnetic ratio and more challenging polarization protocols compared to [image: image], the application of HP [image: image] MRI lagged behind (Fain et al., 2010). However, recent protocols for HP [image: image] MRI employs a mixture of [image: image] with [image: image] isotope enriched up to 85%, which improves the MR signal and solves the problem of low gyromagnetic ratio (Kirby and Parraga, 2013; Mugler and Altes, 2013). In recent years, HP [image: image] MR imaging has been employed in many lung disease studies with different animal models such as radiation-induced lung injury (RILI), allergic inflammation models of asthma, bleomycin models of pulmonary fibrosis, etc. (Cleveland et al., 2014; Doganay et al., 2016; Li et al., 2016; Lilburn et al., 2016; Sharma et al., 2017).
Despite the potential of pulmonary functional MRI (PfMRI) using inhaled hyperpolarized gases ([image: image]; [image: image]), the development and application of PfMRI have been hampered due to technological challenges such as limited access to MRI and the requirement for multinuclear capabilities which consist of a dedicated [image: image] coil and the polarizer (Kooner et al., 2022). By addressing these technological challenges, further validation, and standardization of imaging protocols and analysis, PfMRI can play an important role in clinical care of many chronic lung diseases such as asthma and interstitial lung diseases to detect symptoms, guide therapy interventions and investigate treatment response (Kooner et al., 2022).
3 TOWARD CLINICAL APPLICATIONS: TRANSLATIONAL PROBLEMS AND FUTURE PERSPECTIVE OF LUNG FUNCTION TESTS
Both invasive and non-invasive conventional methods for lung function measurements, such as plethysmography techniques, have their own advantages and disadvantages (Sections 2.1 and Section 2.2.1). Furthermore, imaging-based techniques for lung function measurements offer non-invasive methods to acquire relevant readouts related to ventilation, perfusion, gas exchange, and lung mechanics (Section 2.2.2). However, almost all of these methods for lung function measurements evaluate the whole lung as a single unit and only offer global readouts. These global lung functional parameters are not sensitive enough to detect the onset and progression of many lung diseases, simply because these pulmonary abnormalities start regionally and their functional effects are masked by lung compensatory mechanisms (Hsia, 2004; Vande Velde et al., 2016; Hsia, 2017; Dekoster et al., 2020). The destructive effects of these lung diseases reflect on global lung functional readouts only after depletion of significant portions of the lung parenchyma. In addition, many of these traditional methods lack the necessary spatial and temporal resolution for the evaluation of lung physiology (Gefter et al., 2021; Ohno et al., 2021). Pulmonary functional imaging is capable of regional quantification of lung physiology as well as pulmonary mechanics with reference to spatial and temporal information derived from time-resolved anatomical imaging (Ohno et al., 2022). Longitudinal evaluation of pulmonary abnormalities on a regional basis in a non-invasive manner is the biggest advantage of pulmonary functional imaging over plethysmography techniques as well as most of the imaging-based techniques for lung function measurements. Pulmonary functional imaging with the capability of capturing regional subtle changes in ventilation even overcomes classical gold-standard techniques, such as FOT, for functional and mechanical assessments of lung. Nowadays, X-ray-CT and MRI by providing high spatial and temporal resolution are the primary imaging modalities for pulmonary functional imaging.
In the past few decades, as pulmonary functional imaging, many non-invasive, novel µCT- and MR-based techniques have been introduced for ventilation and perfusion imaging as well as biomechanics evaluation. On one hand, CT-based methods such as XLF techniques (Section 2.2.2.4), non-invasively offer pulmonary functional readouts related to lung volumes and elasticity in longitudinal in vivo animal studies [see (Dullin et al., 2016; Markus et al., 2017; Khan et al., 2021; Dullin et al., 2022)]. In addition, Xe-enhanced ventilation µCT can provide ventilation maps for regional ventilation assessments during the progression of pulmonary diseases with higher spatial resolution than any other imaging modality (Ohno et al., 2021). With further optimization for radiation dose reduction, validation, and standardization of imaging protocols, it is expected that Xe-enhanced ventilation µCT play a more important role in pulmonary functional imaging in near future. Furthermore, PCXI, (Section 2.2.2.5), as a sensitive, high-resolution imaging technique with the capability of providing regional information about airflow and ventilation, as well as structural changes of lung parenchyma showed a promising potential for pulmonary functional imaging (Murrie et al., 2020). With more developments in technology and the availability of in vivo 4DxV imaging systems, in near future, PCXI technique can be an inevitable part of every in vivo longitudinal animal study for assessment of lung disease models. On the other hand, MR-based techniques such as hyperpolarized noble gas MR imaging using [image: image] and [image: image] have been widely used for ventilation imaging to evaluate the severity of many chronic pulmonary diseases such as cystic fibrosis, asthma, COPD, etc. [see (Altes et al., 2001; Fain et al., 2006; Thomas et al., 2009; Stephen et al., 2010; Kirby et al., 2012; Cleveland et al., 2014; Doganay et al., 2016; Lilburn et al., 2016)]. Furthermore, oxygen-enhanced MR imaging offers not only valuable information related to regional oxygen enhancement based on oxygen diffusion, but also demonstrates oxygen uptake based on respiration itself. Still, some technical challenges and drawbacks such as dependence on the polarizer and multinuclear technology remain to be overcome to reach the point that these MR-based techniques become fully functional in preclinical and clinical areas (Kooner et al., 2022; Ohno et al., 2022). Considering the future perspective of pulmonary functional imaging using MR, Fluorine-19 ([image: image]) MRI looks like a more promising approach as an economical alternative for hyperpolarized noble gas MRI (17). This technique uses inert fluorinated gases which are non-toxic, inexpensive, and can be found in abundance. In addition, in contrast to hyperpolarized noble gas MRI, [image: image] MRI can be performed by any MRI scanner with broadband multinuclear imaging capabilities (Couch et al., 2014; Ohno et al., 2022). As the physiological concentrations of detectable mobile fluorine are negligible, it can be a challenge to reach a sufficiently high density of [image: image] nuclei to label the lung tissue that is required to produce high-quality images (Ruiz-Cabello et al., 2011; Chapelin et al., 2018). If this technical challenge can be overcome, [image: image] MRI has great potential to become a feasible and reliable technique for pulmonary functional imaging both in preclinical and clinical areas, but still further validation and optimizations are required.
Since almost all of the pulmonary abnormalities are heterogeneously distributed in the lungs, e.g. interstitial lung diseases, pulmonary functional imaging with the ability to quantify lung functional parameters regionally seems to hold the key for early diagnosis of many lung disorders in the future. Despite the great potential of pulmonary functional imaging for regional lung function assessments, still global conventional spirometric measurements are used in clinics to measure lung volumes, which are not sensitive enough to detect restrictive lung diseases at earliest stages. Several methods of pulmonary functional imaging including [image: image] and [image: image] MR imaging and Xe-enhanced lung ventilation CT imaging have already shown promising results in the early detection of interstitial lung diseases in humans (Couch et al., 2014; Kong et al., 2014; Ohno et al., 2022). Yet, due to the lack of optimization and standardization of imaging protocols as well as validations in truly clinical trials, these pulmonary functional imaging methods are not translated into the clinics as quantitative tools for monitoring the onset and progression of interstitial lung diseases. Both in clinical and preclinical areas, state-of-the-art lung physiology assessments are gradually, but steadily, shifting toward pulmonary functional imaging using X-ray CT and MRI due to the high temporal and spatial resolution. To accelerate this clinical translation process, interdisiplinary research groups including researchers with different expertise such as pulmonary medicine, imaging, physiology, etc. should be formed to clinically validate the techniques and increase the clinical adoptation of these pulmonary functional methods.
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Purpose: The purpose of this study was to train and validate machine learning models for predicting rapid decline of forced expiratory volume in 1 s (FEV1) in individuals with a smoking history at-risk-for chronic obstructive pulmonary disease (COPD), Global Initiative for Chronic Obstructive Lung Disease (GOLD 0), or with mild-to-moderate (GOLD 1–2) COPD. We trained multiple models to predict rapid FEV1 decline using demographic, clinical and radiologic biomarker data. Training and internal validation data were obtained from the COPDGene study and prediction models were validated against the SPIROMICS cohort.
Methods: We used GOLD 0–2 participants (n = 3,821) from COPDGene (60.0 ± 8.8 years, 49.9% male) for variable selection and model training. Accelerated lung function decline was defined as a mean drop in FEV1% predicted of > 1.5%/year at 5-year follow-up. We built logistic regression models predicting accelerated decline based on 22 chest CT imaging biomarker, pulmonary function, symptom, and demographic features. Models were validated using n = 885 SPIROMICS subjects (63.6 ± 8.6 years, 47.8% male).
Results: The most important variables for predicting FEV1 decline in GOLD 0 participants were bronchodilator responsiveness (BDR), post bronchodilator FEV1% predicted (FEV1.pp.post), and CT-derived expiratory lung volume; among GOLD 1 and 2 subjects, they were BDR, age, and PRMlower lobes fSAD. In the validation cohort, GOLD 0 and GOLD 1–2 full variable models had significant predictive performance with AUCs of 0.620 ± 0.081 (p = 0.041) and 0.640 ± 0.059 (p < 0.001). Subjects with higher model-derived risk scores had significantly greater odds of FEV1 decline than those with lower scores.
Conclusion: Predicting FEV1 decline in at-risk patients remains challenging but a combination of clinical, physiologic and imaging variables provided the best performance across two COPD cohorts.
Keywords: chronic obstructive pulmonary disease, machine learning, computed tomography, lung function decline, quantitative imaging
INTRODUCTION
Chronic obstructive pulmonary disease (COPD) is characterized by a variety of clinical phenotypes and disease courses that are often difficult to predict (Miravitlles et al., 2013; Mathioudakis et al., 2020). There is a pressing need to create actionable tools to assist clinicians and researchers in identifying patients who are at higher risk for accelerated lung function decline so that early, directed therapies can be appropriately initiated. In addition to conventional markers of lung function decline using pulmonary function testing (PFT) metrics, novel advanced chest imaging analytic techniques are currently being explored to identify high risk patients. Among these techniques are Parametric Response Mapping (PRM), which co-registers inspiratory and expiratory images to distinguish between normal lung, emphysema, and non-emphysematous air trapping (functional small airways disease, fSAD). Prior studies using PRM have demonstrated the association between fSAD and 5-year forced expiratory volume in 1 s (FEV1) decline, progression of emphysema and exacerbation risk (Bhatt et al., 2016; Han et al., 2017; Labaki et al., 2019).
Vascular remodeling is also prevalent among COPD patients and believed to be part of the pathogenesis of this disease. CT scans have been used to visualize changes in distal pruning of blood vessels (Rahaghi et al., 2019). The ratio of blood volume in vessels with a cross-sectional area < 5 mm2 to total blood vessel volume (TBV) has been proposed as an imaging biomarker and, consistent with this theory, has been shown to decrease as COPD progresses (Estepar et al., 2013). Increased airway wall thickness (AWT) has also been associated with more frequent COPD exacerbations (Han et al., 2011) and with greater FEV1 decline and development of airflow limitation in smokers (Mohamed et al., 2015). AWT is often measured using Pi10, the square root of an airway wall area with a 10 mm lumen perimeter (Nakano et al., 2005).
Predictive models have been widely used for prediction of clinically meaningful outcomes in subjects with COPD. These models have been used to identify factors that place patients at-risk-for exacerbations and hospital admissions and readmissions and to demonstrate the effect of smoking reduction on FEV1 decline (Simmons et al., 2005; Bahadori et al., 2009; Bertens et al., 2013). Predictive models have also been combined with deep learning methods to assist in staging COPD severity and predict disease progression using automated CT staging to quantify the degree of emphysema and air trapping visualized on images (Hasenstab et al., 2021). Predicting risk of mortality, both in patients admitted to the ICU with exacerbations (Jain et al., 2018) and those in the outpatient primary care setting using a variety of predictive modeling methods (Kiddle et al., 2020) has been extensively studied. However, prediction of FEV1 decline has remained challenging with currently available risk models.
The purpose of this study was to train and evaluate logistic regression prediction models for rapid FEV1 decline over a 5-year time span in ever-smoking participants of the Genetic Epidemiology of Chronic Obstructive Pulmonary Disease (COPDGene) study who were either at-risk-for COPD (smoking history but normal spirometry, GOLD 0) or with mild-moderate COPD (GOLD 1–2). We used a variable importance methodology to select and rank a subset of variables that were important for prediction of rapid FEV1 decline (defined as a drop in FEV1% predicted of > 1.5%/year). Models using only imaging biomarkers and data readily available from the Digital Imaging and Communications in Medicine (DICOM) header (i.e., age, sex) were also trained and compared to full data models to determine if data captured only in a CT scan has adequate predictive value. Finally, we externally validated these prediction models in the large Subpopulations and Intermediate Outcome Measures in COPD (SPIROMICS) cohort.
MATERIALS AND METHODS
This study is a retrospective analysis of prospectively acquired data obtained from two large North American cohorts. Both studies were IRB-approved at all clinical centers, elicited written informed consent from all participants, and were compliant with the Health Insurance Portability and Accountability Act (HIPAA).
COPDGene (ClinicalTrials.gov Identifier: NCT 00608764) is an ongoing NIH-sponsored, prospective, multicenter (n = 21), observational cohort study starting in November 2007 and consisting of more than 10,000 individuals who were current or former smokers at the time of enrollment. COPDGene aims to understand the etiology, progression, and heterogeneity of COPD (Regan et al., 2010). Inclusion criteria were age 45–80 years old at baseline visit, > 10 pack-years cigarette smoking history, and non-Hispanic white or African American race. Exclusion criteria were other lung diseases, pregnancy, cancer other than skin cancer in the 5 years prior to study entry, receiving antibiotics for a COPD exacerbation in the month prior to study enrollment, and relative of a previously enrolled participant.
SPIROMICS (ClinicalTrials.gov Identifier: NCT 01969344) is an ongoing NIH-sponsored prospective, multicenter (n = 12), observational cohort study starting in November 2010 and consisting of 2,981 current, former, and never-smokers at the time of enrollment (Couper et al., 2014). Inclusion criteria were age 40–80 years old at baseline visit, >20 pack-year cigarette smoking history for current or former smokers, and meeting lung function criteria based on spirometry without bronchodilators. An extensive list of exclusion criteria can be found on the ClinicalTrials.gov website (https://clinicaltrials.gov/ct2/show/NCT01969344).
Analysis utilized inspiratory and expiratory chest CT scans from both COPDGene (Regan et al., 2010; Han et al., 2011) and SPIROMICS cohorts (Sieren et al., 2016). In COPDGene, CT scanning occurred at three phases between 2007 and 2022. The intervals between phases were Phase 1–2 5.68 ± 0.89 (mean ± standard deviation, SD) years, Phase 2-3 4.60 ± 0.63 years, and Phase 1–3 10.09 ± 0.40 years. In SPIROMICS, CT scanning occurred at five timepoints between 2010 and 2022, with the baseline and fifth timepoint used in this analysis occurring 6.13 ± 1.05 years apart.
For both studies, COPD was defined by a post-bronchodilator FEV1/FVC (forced vital capacity) < 0.7 at the baseline visit, as specified in the GOLD guidelines at the time of study inclusion (Rabe et al., 2007). GOLD grades 1–4, based on post-bronchodilator spirometry, were used to define disease severity (GOLD 1, FEV1 ≥ 80% predicted; GOLD 2, FEV1 50%–79% predicted; GOLD 3, FEV1 30%–49% predicted; and GOLD 4, FEV1 < 30% predicted), with GOLD 0 classification defined by a post-bronchodilator FEV1/FVC ≥ 0.7 and FEV1% predicted ≥ 80%. We performed risk modeling based on GOLD category on the following numbers of participants: in COPDGene, GOLD 0 (n = 2,298) and GOLD 1–2 (n = 1,523), and in SPIROMICS, GOLD 0 (n = 385) and GOLD 1–2 (n = 500) (Figure 1; Tables 1, 2).
[image: Figure 1]FIGURE 1 | Consolidated Standards of Reporting Trials (CONSORT) diagram for model training. (COPDGene Phase 1), 5-year internal validation (COPDGene Phase 2–3), 10-year internal validation (COPDGene Phase 1–3), and external validation (SPIROMICS) datasets.
TABLE 1 | Summary statistics for COPDGene Phase 1, COPDGene Phase 2, and SPIROMICS cohorts for GOLD 0 subjects.
[image: Table 1]TABLE 2 | Summary statistics for COPDGene Phase 1, COPDGene Phase 2, and SPIROMICS cohorts for GOLD 1–2 subjects.
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For all scans, Imbio Inc. Lung Density Analysis version 3.1 (Minneapolis, MN, United States) was used to perform PRM, lung volume measurements, TBV, and tBV5 (the ratio of vascular tree length in vessels with a cross-sectional area less than 5 mm2 to total vascular tree volume). PRMemphysema is defined as the percentage of lung voxels less than −950 Hounsfield units (HU) on the inspiratory CT scan and less than −856 HU on the expiratory CT scan following deformable registration; PRMfSAD is defined as the percentage of lung voxels greater than or equal to −950 HU on the inspiratory CT scan but less than −856 HU on the expiratory CT. PRM metrics were binarized into clinically significant (PRMemphysema > 2.0%, PRMfSAD >10.0%) and non-clinically significant categories. The 2% and 10% thresholds were chosen by finding the thresholds that had the highest combination of sensitivity and specificity for univariate prediction of rapid decline in GOLD 0–2 subjects. Bone Mineral Density Analysis v.0.1 (Imbio Inc.) was used to compute the average HU value within the trabecular region of the T12 vertebral body (BMDT12). Airway analysis metrics such as mean segmental AWT and AWT for all airways with an internal perimeter of 10 mm (Pi10) were computed and analyzed in the feature selection step, but could not be used because different software vendors processed data for COPDGene (Thirona) and SPIROMICS (Vida Diagnostics), and thus, the high inter-software variability associated with airway measurements precluded comparisons of models using this data.
At the time this study was conducted, co-author CH, who performed the following statistical analysis and developed the machine learning models, was employed by Imbio Inc. Neither Imbio nor CH had influence over participant inclusion.
Definition of accelerated FEV1 decline
There is no universally accepted definition of accelerated FEV1 decline. Martinez et al. defined it as 60 mL/year, roughly double the normal rate of decline in non-smokers (Martinez et al., 2018). However, in the COPDGene cohort, significantly more men than women fit this categorization. To develop sex-agnostic models, we instead categorized rapid progression as a drop of more than 1.5% FEV1 percent predicted per year ([image: image] FEV1%pred), which roughly corresponds to the top quartile of decline. Because a competing risk for accelerated decline is mortality, models were trained to classify participants at-risk-for rapid FEV1 decline given survival.
Feature selection
We initially considered a set of K = 29 features consisting of symptoms, spirometry, demographic, and CT imaging biomarker data (Figure 2). To simplify the models and to increase reliability of the inputs, we chose to not use self-reported data. A 29 × 29 table of Spearman correlations between each feature was generated to assess feature redundancy (Parr et al., 2020) using data from GOLD 0–2 subjects. Features that had a Spearman correlation > 0.80 with any other variables were considered for removal due to information redundancy. For example, we retained weight and height but removed body mass index (BMI) because weight and height were independent from each other, but weight was highly correlated to BMI. Forced mid-expiratory flow (FEF25.75) was removed because it correlated strongly with FEV1/FVC. Finally, of the PRM imaging biomarker variables, PRMupper lobes emphysema and PRMlower lobes fSAD had the lowest correlation and thus were retained.
[image: Figure 2]FIGURE 2 | Spearman correlation matrix for the initial 29 variables. Spearman correlations > 0.80 are highlighted in orange. Strong correlations exist between PRM imaging biomarker variables, FEV1/FVC and FEF25-75, and BMI and weight. Abbreviations: bdr, bronchodilator responsiveness; sgrq, St. George’s Respiratory Questionnaire; BMI, body mass index; FEV1.pp.post, post bronchodilator FEV1% predicted; FVC.pp.post, post bronchodilator FVC % predicted; FEV1.FVC.post, post bronchodilator FEV1/FVC; FEF.25.75.post, post bronchodilator forced mid-expiratory flow; walk.dist, 6-min walk distance; pi10.thirona, square root of an airway wall area with a 10 mm lumen perimeter, measured by Thirona software; awt.thirona, segmental airway wall thickness, measured by Thirona software; prm.total.fsad, PRM total fSAD > 10%; prm.total.emphysema, PRM total emphysema > 2%; prm.upper.fsad, PRM upper lobes fSAD > 10%; prm.lower.fsad, PRM lower lobes fSAD > 10%; prm.upper.emphysema, PRM upper lobes emphysema > 2%; prm.lower.emphysema, PRM lower lobes emphysema > 2%; insp.ct.vol, CT-derived inspiratory lung volume; exp.ct.vol, CT-derived expiratory lung volume; tbv, total blood vessel volume; t.bv5, ratio of vascular tree length in vessels with a cross-sectional area less than 5 mm2 to total vascular tree volume; trabecular.T12, average Hounsfield unit (HU) value within the trabecular region of the T12 vertebral body; cortical.T12, average Hounsfield unit (HU) value within the cortical region of the T12 vertebral body.
Following manual feature pruning, we conducted a “drop-column” feature-importance ranking and data-driven pruning procedure for the remaining 22 parameters. Classification models were trained using COPDGene Phase 1 data, with the outcome [image: image] FEV1%pred variable measured between Phase 1 and Phase 2. We generated an initial model using all K = 22 features to arrive at a baseline model performance based on the receiver operating characteristic area under the curve (ROC-AUC). To arrive at AUC distribution, model performance was assessed using repeat cross-validation (M = 5,000 cross-validations with a train/test ratio of 80%/20%). The same procedure was repeated K = 22 times, each time removing a single feature, which produced a distribution of AUC reductions for each instance of feature removal. Features that resulted in a decrease in model AUC performance when “dropped” were retained for use in the final model; all others were removed (Figure 2). The drop-column procedure was performed separately for GOLD 0 and GOLD 1–2 subjects, resulting in two distinct variables sets for the final models.
In addition to a full variable model considering all variables that survived feature selection, we also created limited models using only imaging biomarkers (i.e., lung volumes, PRM, vascular, and bone density measurements) and data readily available from the DICOM header (i.e., age, sex), referred to hereafter as “CT-limited model.” The purpose of this analysis was to determine the predictive value of data that could only be obtained from a CT scan file within the electronic medical record.
Machine learning methods and parameters
A wide variety of machine-learning techniques can be used to predict biological outcomes from multiple sources of data (Garavand et al., 2022). In this study, models were developed and validated using logistic regression with an L1 regularization penalty (a.k.a. LASSO) due to simplicity of implementation (i.e., few hyper-parameters) compared to other popular machine learning frameworks such as Random Forests or XGBoost. The L1 regularization penalty was employed to learn models that have a sparse set of significant predictor variables. We used the scikit-learn software package v1.0.2 within Python version 3.8.10 for all model development and validation. Model hyper-parameters were optimized using a Randomized Cross Validation search algorithm (sklearn.model_selection.RandomizedSearchCV). The cross validation hyper-parameter search resulted in an optimal inverse regularization penalty weight of C = 0.3.
Internal and external validation
Internal validation was performed in two ways. First, we applied the models developed on the COPDGene Phase 1 training data to the COPDGene Phase 2 data, where the output variable was the [image: image] FEV1%pred between the Phase 2 and Phase 3 visits. Second, we validated the model developed on the COPDGene Phase 1 data against the [image: image] FEV1%pred between the Phase 1 and Phase 3 data, which were roughly 10 years apart. External validation was performed on data from the SPIROMICS study. Differences in the distribution between data in the training, internal validation, and external validation cohorts are shown in Table 1. Confidence intervals were computed by computing 1.96 × SD of the AUC using bootstrapping with 5,000 resamples. Permutation testing was used to generate AUC p-values.
Relative risk based on model output probabilities
Following model generation, we recorded the logistic regression output probabilities associated with the lower 25th (p25) and upper 75th (p75) percentiles of the training data. We computed the relative risk between participants with FEV1%pred decline risk > p75 and those with risk < p25 for the training dataset (COPDGene Phase 1-Phase 2), the internal validation dataset (COPDGene Phase 2-Phase 3), and the external validation dataset. Additionally, we looked at the relative risk of rapid decline over 10 years by examining subjects that had [image: image] FEV1%pred data between COPDGene Phase 1 and Phase 3. Relative risk was computed using the scipy.stats.contingency.relative_risk software package v1.8.1.
RESULTS
Results are separated into 3 broad sections: 1) feature selection to create the training model, 2) within the COPDGene cohort cross validation and 3) external SPIROMICS cohort validation, followed by a section on relative risk.
Within cohort analysis
Figure 3 depicts all features that survived the variable selection procedure during model training in models developed on COPDGene Phase 1-Phase 2 data. In the full-variable model for the GOLD 0 cohort, higher post bronchodilator FEV1% predicted (FEV1pp.post), bronchodilator responsiveness (BDR), greater expiratory CT volume, and a higher St. George’s Respiratory Questionnaire (SGRQ) score were the most important variables for predicting rapid FEV1 decline. Less significant variables included a lower TBV, male sex, and current smoking status.
[image: Figure 3]FIGURE 3 | Features that survived the drop-column variable selection procedure for each GOLD group and model type (top: GOLD 0; bottom: GOLD 1–2). The mean ±1.96 × SD decrease in AUC related to dropping each feature is plotted only for features that significantly affected the model. Red bars indicate a higher risk of rapid FEV1 decline with increasing value, having bronchodilator reversibility, African American race, and/or being a current smoker. Blue bars indicate a higher risk of rapid FEV1 decline with decreasing value and male sex. Abbreviations: fev1.pp.post, post bronchodilator FEV1% predicted; bdr, bronchodilator responsiveness; exp.ct.vol, CT-derived expiratory lung volume; sgrq, St. George’s Respiratory Questionnaire; tbv, total blood vessel volume; fev1.fvc.post, post bronchodilator FEV1/FVC; walk.dist, 6-min walk distance; prm.lower.fsad, PRM lower lobes fSAD > 10%; cortical.T12, average HU value in the cortical region of the T12 vertebra; prm.upper.emphysema, PRM upper lobes emphysema > 2%; t.bv5, ratio of vascular tree length in vessels with a cross-sectional area less than 5 mm2 to total vascular tree volume.
In the full-variable model for the GOLD 1–2 cohort, BDR, younger age, PRMlower lobes fSAD > 10%, and higher blood vessel volume were the most important variables predicting rapid FEV1 decline. Less significant variables included higher SGRQ score, lower weight, higher FEV1pp.post, current smoking status, higher expiratory CT volume, shorter height and 6-min walk distance (6MWD), African American race, and PRMupper lobes emphysema > 2%.
Within cohort validation
Following model training, we validated the CT-limited COPDGene models using the same training variables within the COPDGene cohort. This process used data from both the 5-year (P2–P3) and 10-year (P1–P3) follow-up periods. For the GOLD 0 models, AUCs were similar to those from the training dataset, whereas the GOLD 1–2 models were still significant but had much lower AUCs during the 5-year follow up (P2–P3) than during training (Table 3).
TABLE 3 | Cross-validation AUCs, listed as mean ± 1.96 standard deviation (SD).
[image: Table 3]Surprisingly, AUCs increased for all models in the 10-year validation (P1–P3). This result is atypical in machine learning, as model AUCs tend to be highest in training data. A possible explanation is that we employed the same pool of independent variables used for training to predict the same signal, but over a longer period of time. This process might decrease the noise inherent in serial FEV1 measurements, and thus increase the prediction accuracy.
External cohort validation
External validation on SPIROMICS data resulted in trends similar to COPDGene P2–P3 data, showing slight predictive drops in performance. The full variable models were significant (p < 0.05) for both the GOLD 0 and GOLD 1–2 groups; however, the performance of the CT-limited models declined and were no longer significant for GOLD 0 participants. A possible explanation is that there were only roughly half as many SPIROMICS participants as in the COPDGene P2–P3 analysis.
In general, GOLD 1–2 models consistently performed better than GOLD 0 models. This finding suggests that accelerated lung function decline can be predicted with greater accuracy in those who already have spirometric evidence of airflow obstruction. Additionally, the prediction accuracy of the CT-limited models was much lower than the full variable models across all training and validation groups.
Relative risk
We next computed relative risk between two groups: those with rapid decline risk greater than the upper 75th (p75) versus those with decline less than the lower 25th (p25) (Table 4). For this purpose, we used the logistic regression output probabilities of the training data for all four datasets. The highest relative risk was consistently seen in the 10-year internal validation group (COPDGene P1–P3), suggesting that over longer follow-up, these predictive models can effectively discriminate those at highest risk of accelerated lung function decline.
TABLE 4 | Relative risk of rapid FEV1 decline associated with risk score greater than the upper 75th percentile (p75) versus risk less than the lower 25th (p25).
[image: Table 4]Focusing only on GOLD 1–2 participants in the COPDGene P1–P3 group, the full model can predict an over 8-fold increased risk of accelerated FEV1 decline among p75 versus p25 participants. Relative risk was lower in all the tested cohorts when using the CT-limited model, consistent with prior results in this analysis.
Overall, these relative risk profiles suggest that the full variable models could effectively identify those at highest risk of lung function decline with sufficient accuracy to provide clinical relevancy and utility in decision making. By contrast, the CT-limited models lack significantly increased relative risk in the SPIROMICS data, despite promising results in the COPDGene 10-year analysis. This finding highlights the need for further external validation using 10-year follow-up data to determine more conclusively whether screening for rapid FEV1 decline will be practically feasible using only data from DICOM files.
DISCUSSION
We studied the important clinical question of whether machine learning techniques can predict which ever-smokers, either at-risk-for COPD or with mild-moderate disease, are at highest risk for accelerated FEV1 decline. In an ideal world, one may imagine that identifying individuals at-risk-for disease progression only from data available in a chest CT would allow for increased availability of data to clinicians in a potentially automated fashion. Using logistic regression models built based on a combination of radiographic and clinical features, we show that this approach is feasible.
We were able to identify the most relevant imaging biomarker features predicting accelerated lung function decline, which importantly differed between those with established disease and those at-risk. Key variables in GOLD 1–2 participants included PRMlower lobes fSAD and demographic information such as age, expiratory lung volume in GOLD 0 participants, and pulmonary function results, particularly BDR, in both groups. Our models showed only modest decreases in predictive strength, as indicated by AUC analysis, in the external validation cohort, and improved at longer intervals in the training set (COPDGene), for which longer follow-up data were available. In the latter group, the full variable models were able to predict an 8-fold difference in relative risk between those in the highest versus lowest quartile of lung function decline. These findings support the use of combined radiographic and clinical data models to select participants for therapeutic trials of potentially disease-modifying agents in COPD.
A strength of this analysis is that the input variables in the full models are objective, and most are readily available, due to the use of spirometry rather than more complex pulmonary function testing and to the fact that many individuals also have recent CT scans. In the CT-limited model, additional variables, including TBV, were also found to be significant contributors to prediction of accelerated FEV1 decline, though with interesting differences based on COPD status. Thus, FEV1 decline was associated with lower TBV in GOLD 0, but with higher TBV in GOLD 1–2. One possible explanation for this disparity is the known association of distal pruning of pulmonary vessels with early COPD progression (Estepar et al., 2013; Synn et al., 2019; Weatherald et al., 2019). However, further studies are needed to understand why this relationship is reversed in later disease stages, where there may be additional anatomic changes associated with development of pulmonary hypertension (Elwing and Panos, 2008).
Our finding of the strong predictive impact of BDR is also noteworthy, as BDR has recently been associated with thicker airway walls in COPD subjects and decline in lung function (Donaldson et al., 2005; Kim et al., 2014). This may be due to active inflammatory disease at the level of the distal, smaller airways, leading to loss of lung function over time (Barjaktarevic et al., 2019).
Our results agree with a recent study that used similar machine learning techniques to predict progression of FEV1 in COPDGene (Boueiz et al., 2022) and that also utilized P1–P2 and P1–P3 data for internal validation. Their machine learning models, both logistic regression and random forest, were able to predict an absolute cross-sectional FEV1 at follow-up visits with excellent results (ROC-AUCs > 0.9). However, similar to our work, they had greater difficulty predicting change in FEV1 over time, with ROC-AUCs around 0.7 for both types of their models. This may be due to the fact that the relative changes in FEV1 over a few years are small and result in low signal-to-noise ratios. We extend those findings via use of novel PRM and vascular biomarkers in our prediction models, as well as by external validation in a separate cohort to improve their performance despite these inherent limitations.
The overall modest AUCs across our models, ranging roughly between 0.5–0.7, imply that FEV1 is an imprecise (i.e., noisy) dependent variable. Models trained on noisy binary classification outcomes can still converge upon an optimal solution, as long as noise is symmetric, i.e., the same odds of false positive and false negative measurements, and there are sufficient observations (Lugosi, 1992). That AUCs were highest for GOLD 1-2 participants was expected, and in agreement with the analysis of Boueiz et al. (2022), as FEV1 decline in COPD is most rapid in this group, making the signal-to-noise ratio highest (D'Amato et al., 2016). Also as expected, we found that pulmonary function, symptoms, and more extensive demographic data improved prediction accuracy over using imaging variables alone. In particular, BDR was consistently the most important non-imaging variable, with SGRQ score also providing significant information.
That some of our findings were no longer statistically significant in the CT-limited model for GOLD 0 indicates that screening this group using imaging data alone is inadequate. These findings further emphasize the challenge of predicting FEV1 decline in ever-smokers without airflow obstruction. While currently available clinical parameters alone do not adequately predict risk in this group, it is promising that when combined with radiographic variables, these novel machine learning techniques can be harnessed to assist in clinical decision making in a relatively short period of time. There remains great potential to harness these techniques for a variety of clinical applications to fill patient care gaps. For example, the ability to better phenotype patients will allow researchers to identify suitable subjects for clinical trials, target subjects at greatest risk for accelerated lung function decline, and more rapidly assess response to new therapies.
We also acknowledge several limitations to our work and have identified key goals moving forward. We only tested logistic regression models using machine learning techniques for feature selection. Although we did not test other algorithms, notably decision tree models, we replicated findings of a recent study that did. Prior studies have attempted to phenotype subjects at risk of lung function decline using machine learning methods such as decision tree models in other cohorts, but did not adjust for decline associated with sex, which was the greatest predictor of decline (Nikolaou et al., 2021). As stated above, prediction of FEV1 remains challenging, and continued refinement and optimization of our models will be required before these techniques can be applied clinically to account for lung function decline that may be fairly subtle over a few years. A wealth of biomarker data correlates to risk of COPD progression, exacerbations, and mortality (Leitao Filho et al., 2020; Tanimura et al., 2020; Pratte et al., 2021; Serban et al., 2021; Singh et al., 2021) that was not included in our current models, but in future iterations would be important to consider. Survivorship bias is another limitation in longitudinal observational cohort studies, especially in subjects with advanced COPD and increased short term mortality risk, that may influence our results. Finally, most of the longitudinal follow-up in this study occurred over a 5-year period, with some additional analysis based on 10-year follow-up data. However, a longer follow-up period may further enhance our model’s performance and predictive ability.
In summary, we determined that a combination of radiographic and clinical variables can help predict which individuals are at highest risk for rapid FEV1 decline. While logistic regression models trained on a limited but more easily obtainable dataset captured from CT scans also had significant predictive value, these models were not as accurate. Predicting FEV1 decline continues to be challenging and there remains a strong unmet clinical need for further refinement of these models.
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Purpose: This study aimed to develop and evaluate [image: image], a super-voxel-based method for surrogate computed tomography ventilation imaging (CTVI).
Methods and Materials: The study used four-dimensional CT (4DCT) and single-photon emission computed tomography (SPECT) images and corresponding lung masks from 21 patients with lung cancer obtained from the Ventilation And Medical Pulmonary Image Registration Evaluation dataset. The lung volume of the exhale CT for each patient was segmented into hundreds of super-voxels using the Simple Linear Iterative Clustering (SLIC) method. These super-voxel segments were applied to the CT and SPECT images to calculate the mean density values (Dmean) and mean ventilation values (Ventmean), respectively. The final CT-derived ventilation images were generated by interpolation from the Dmean values to yield [image: image]. For the performance evaluation, the voxel- and region-wise differences between [image: image] and SPECT were compared using Spearman’s correlation and the Dice similarity coefficient index. Additionally, images were generated using two deformable image registration (DIR)-based methods, [image: image] and [image: image], and compared with the SPECT images.
Results: The correlation between the Dmean and Ventmean of the super-voxel was 0.59 ± 0.09, representing a moderate-to-high correlation at the super-voxel level. In the voxel-wise evaluation, the [image: image] method achieved a stronger average correlation (0.62 ± 0.10) with SPECT, which was significantly better than the correlations achieved with the [image: image] (0.33 ± 0.14, p < 0.05) and [image: image] (0.23 ± 0.11, p < 0.05) methods. For the region-wise evaluation, the Dice similarity coefficient of the high functional region for [image: image] (0.63 ± 0.07) was significantly higher than the corresponding values for the [image: image] (0.43 ± 0.08, p < 0.05) and [image: image] (0.42 ± 0.05, p < 0.05) methods.
Conclusion: The strong correlation between [image: image] and SPECT demonstrates the potential usefulness of this novel method of ventilation estimation for surrogate ventilation imaging.
Keywords: ventilation, 4DCT, super-voxel, radiotherapy, lung cancer
1 BACKGROUND
Lung cancer is the most common cause of cancer-related death in both men and women (Wild et al., 2020). Radiotherapy (RT) is an important treatment modality for lung cancer, especially in patients in whom surgical resection is contraindicated or those with mid- or late-stage lung cancers (Gadgeel et al., 2012). The functional lung volume that can be irradiated in such patients is limited, as irradiation of functioning tissue can lead to radiation pneumonitis (RP) and respiratory failure. Currently, the percentage of the lung volume receiving at least 20 Gy (V20) and the mean lung dose (MLD) are used to predict the risk of pulmonary injury (Lee et al., 2003) or the maximum acceptable dose to deliver to a lesion (Baisden et al., 2007). However, these parameters are evaluated across the whole lung volume and do not account for functional differences between lung regions. Recently, regional lung functionality assessment has been shown to enable highly functional lung areas to be spared from irradiation and thus can be used to design treatment plans that reduce the risk of injury (Hoover et al., 2014; Bucknell et al., 2018; Lee and Park, 2020; Vinogradskiy et al., 2022).
Lung ventilation images can provide regional functional information. Clinical-standard lung ventilation imaging techniques require radioactive gases or aerosols; for example, single-photon emission computed tomography (SPECT) uses Technetium-99 m (Tc-99 m) (Suga et al., 2004) and positron emission tomography (PET) uses Gallium-68 (Ga-68) (Ament et al., 2013). However, not all hospitals can perform PET or SPECT scans, and the radiopharmaceuticals used for imaging expose patients to additional radiation doses. Hyperpolarized noble gas magnetic resonance imaging (MRI) ventilation (Cai et al., 2007; Cai et al., 2009; Tustison et al., 2010; Roos et al., 2015) is another non-invasive imaging technique used to generate ionizing radiation-free ventilation images for lung function assessment. However, MRI ventilation requires a tracer gas and specialized equipment, which may limit the availability of this modality in clinical practice. CT-derived ventilation imaging (CTVI) is another method of generating ventilation images. Moreover, as CT scans of patients undergoing RT are routinely performed, CTVI methods could potentially help patients avoid unnecessary radiation doses and medical costs.
Current CTVI methods are mainly based on volume changes (Jacobian-based, [image: image]) or density changes ([image: image]) and use four-dimensional CT (4DCT) and deformable image registration (DIR) (Vinogradskiy, 2019). In 4DCT-based methods, the peak-inhale phase CT (CTin) and peak-exhale phase CT (CTex) are selected from 4DCT data to represent the largest regional volume differences and changes in HU values. The rationale underlying density change-based methods is that each lung CT voxel represents a combination of water-like and air-like tissues (Simon, 2000), so the density of the lung voxel in the CTin decreases when air is inhaled. The density change in each voxel then can be calculated by applying DIR to map the voxels between CT images of inhalation and exhalation. The Jacobian-based methods use the volume change in a given lung voxel due to inhaled air. The volume change can be calculated as the Jacobian of the generated DIR (Reinhardt et al., 2008). However, because these methods are performed at the voxel level, their results are substantially affected by image artifacts and DIR accuracy. Therefore, sub-regional level analysis methods have been developed to improve the accuracy robustness of CTVI (Szmul et al., 2019; Castillo et al., 2020). These methods have yielded some improvements but they also are DIR-based, which means that their accuracy depends on DIR algorithms; thus, they are affected by the parameters of DIR algorithms and the sensitivity of DIR to 4DCT image artifacts. Other CTVI methods that do not use DIR have been devised. For example, Kipritidis et al. (2016) devised a modified Hounsfield unit (HU)-based method that generates robust ventilation images without DIR. However, this method may overestimate areas with edges between solid tissue and normal parenchyma within the lung, such as the peritumoral lung and the pleural space. Some deep learning-based methods can generate highly accurate functional lung images (Zhong et al., 2019; Liu et al., 2020; Ren et al., 2021a; Ren et al., 2021b), but these results lack anatomical explanations.
Current DIR-based CTVI methods are sensitive to both CT image quality and DIR algorithms, so the images they generate have a limited correlation with the gold-standard ventilation images generated using SPECT and PET (Vinogradskiy, 2019). Consequently, the results of CTVI are complicated and difficult to interpret, meaning they may be unsuitable for clinical application. The super-pixel concept was first proposed and developed as an image segmentation technology in 2003 (Ren and Malik, 2003). It uses pixel blocks that form specific patterns with adjacent pixels that have a similar texture, color, and other features. Images can be represented by a small number of super-pixels, which significantly reduces the complexity of image post-processing. A similar concept, the super-voxel, is used for three-dimensional (3D) image analysis. An air exchange unit is evaluated using a volume of approximately 2 cm3 (Levin et al., 2017) that contains a cluster of CT voxels with a resolution of approximately 1 mm × 1 mm × 3 mm. The CT image of a patient with lung cancer can be pre-processed by segmentation into a small number of super-voxels, where each super-voxel contains a cluster of voxels with similar features and forms perceptually meaningful anatomic features. Drawing on this principle, the current study devised a super-voxel-based method for generating robust lung ventilation images from the mean CT density value (Dmean) of super-voxels. The ventilation images generated are based on CT image features in the absence of DIR. The results are robust and expected to be directly interpretable and meaningful for predicting the outcomes of patients with lung cancer.
2 MATERIALS AND METHODS
2.1 Workflow of the study
Figure 1 shows the main workflow of this study. The CTex and CTin were used to calculate the ventilation images. A clustering method was used to generate super-voxels, and the Dmean of each super-voxel was used to calculate the ventilation images [image: image]. The results of [image: image] and the DIR-based CTVIs ([image: image]; [image: image]) were compared with SPECT images. The details are presented in the following sections.
[image: Figure 1]FIGURE 1 | Flowchart of this study for comparing the [image: image], [image: image], and [image: image] with SPECT.
2.2 Image data
The data of 21 patients with lung cancer were acquired from the Ventilation And Medical Pulmonary Image Registration Evaluation (VAMPIRE) dataset (Kipritidis et al., 2019). All of the patients underwent 4DCT and diethylenetriamine pentaacetate (DTPA)-SPECT scans at Stanford University, United States (Yamamoto et al., 2014). All of the patients provided written informed consent to participate in a clinical trial of 4DCT ventilation imaging approved by the institutional review board for a study by Yamamoto (Yamamoto et al., 2014). Ten breathing phase CT images and a time-average CT with a slice thickness of 2.0, 2.5, or 3.0 mm were available for each patient. The average interval between the 4DCT and subsequent DTPA-SPECT (including low-dose attenuation correction CT) scans was 4 (±5) days. Rigid registration was performed between each SPECT image and the time-average CT image using Mattes mutual information rigid registration in Plastimatch. The DTPA-SPECT scans were linearly interpolated to match the dimensions of the time-average CT image (Kipritidis et al., 2019). The lung masks for all of the CT images (4DCT and attenuation correction CT) were also acquired from the VAMPIRE dataset, which used a region-growing method. The lung masks of the attenuation correction CT images were also used as the masks of the SPECT images. The CT values were converted to density values using Eq. 1, as follows:
[image: image]
2.3 DIR-based CTVI methods
The two main conventional DIR-based methods are [image: image] and [image: image]. Both methods require DIR between the CTin and CTex. In [image: image], a voxel at spatial position [image: image] of the CTex is mapped toward a voxel at spatial position [image: image] of the CTin by DIR. The ventilation value at position [image: image] can be directly calculated using Eq. 2 (Kipritidis et al., 2019), as follows:
[image: image]
In [image: image], the volume change of a voxel at position [image: image] is calculated using the determinant of the Jacobian of the deformation field at position [image: image]. This process is performed using Eq. 3, as follows:
[image: image]
Both [image: image] and [image: image] images were calculated in this study and used for comparison. DIR between the CTin and CTex was performed using MIMvista 6.3.4 (MIM Software Inc., Cleveland, OH, United States) with a default spacing resolution of 3 mm.
2.4 Super-voxel segmentation
Simple linear iterative clustering (SLIC) (Achanta et al., 2012) is a clustering method applied to lung CT 3D images to generate super-voxels with low computational power requirements. The SLIC algorithm first initializes the [image: image] seeds by resampling pixels on a regular grid. Then, it assigns each voxel to the closest seed point to generate [image: image] clusters based on the distance (D), as described by Eq. 4:
[image: image]
where [image: image] is the HU value difference, [image: image] is the Euclidean distance, S is the initial sampling interval [image: image], N is the total voxel number in the lung volume, and [image: image] is a weighting value used to control the compactness of the super-voxel. Next, the positions of the centers are moved to the point with the smallest gradient to prevent placement on the edges of an image or at a noisy voxel. The above steps are repeated until the result converges. Only the super-voxels in the lung mask were used in this study. An in-house tool based on Matlab (MathWorks Inc., Natick, MA, United States) was used, and [image: image] was set as 1,500 for all of the patients (refer to the Discussion section for commentary). The number of super-voxels generated varied between the patients according to their lung anatomy. All of the CT and SPECT images were interpolated into images of the same size and with a pixel size of with 2 mm ✕ 2 mm ✕ 2 mm, and a 3D median filter with dimensions of 5 voxels ✕ 5 voxels ✕ 5 voxels was applied to the images to reduce noise.
2.5 Super-voxel-based ventilation image [image: image] calculation
As shown in Figure 2, a super-voxel map was generated on CTex images (as described in Section 2.4), and the Dmean of each super-voxel was calculated. Other studies have used fixed threshold intervals of −1,024 to −400 HU to generate the lung parenchyma (Kemerink et al., 1998; Kuhnigk et al., 2005). In the current study, the same fixed threshold interval was applied to identify the non-lung region; a super-voxel with a Dmean greater than 0.6 according to Eq. 1 was assigned a value of 0 to remove clearly false results from consolidation of the tumor and abnormal tissues, which have a high density but should have a low ventilation value. The super-voxel segmentation results were then directly mapped on the SPECT images, as both the SPECT and time-average CT data were registered according to the VAMPIRE challenge, and the time-average CT and CTex images shared the same position. The mean ventilation value (Ventmean) was calculated using SPECT image data. The correlation between the Dmean and Ventmean of the super-voxels was determined using Spearman’s correlation analysis.
[image: Figure 2]FIGURE 2 | The workflow of the generations of the [image: image] and [image: image].
Figure 2 shows the workflow for generating the [image: image] images and the ventilation images based on SPECT ([image: image]). [image: image] image generation requires only a CTex image, while [image: image] images require both CTex and SPECT images. To demonstrate the feasibility of generating a reasonable ventilation image using hundreds of super-voxels, we generated the VISV image and compared it with a SPECT image. The details of [image: image] are presented as follows. To perform [image: image] of the whole lung volume, we used the geometric center of a super-voxel to represent the position of the super-voxel, and the Dmean value as the ventilation value of the center positions of the super-voxels. The ventilation values of all of the voxels in a lung were then calculated via interpolation with the Dmean of the super-voxels, as follows (Eq. 5):
[image: image]
[image: image]
where [image: image] is the vector of the ventilation value of all voxels in a lungs; [image: image] is the vector calculated only using the Dmean of the super-voxel; [image: image] is the interpolation weight matrix; [image: image] is the element of the [image: image] matrix, which is calculated based on the distance between voxel [image: image] and the center position of super-voxel [image: image], as shown in Eq. 6; [image: image] is the mean distance between the super-voxels; and [image: image] is the distance between voxel [image: image] and super-voxel [image: image]. The lung volume was divided into the left and right lungs. For each voxel, the ventilation value was interpolated using only the super-voxels from the ipsilateral lung. To smooth the final CTVIs, we applied a 3D Gaussian filter with a kernel size of three voxels to each lung voxel. The same post-processing steps were applied to all CTVIs. The Ventmean of the super-voxels from SPECT was used to generate the [image: image] according to the above-stated interpolation method and the correlation between [image: image] and SPECT was evaluated. Two more super-voxels-based ventilation images were also generated for comparison. The Ventmean of the super-voxels from [image: image] and [image: image] was used to generate the [image: image] and [image: image] with a similar method as [image: image], respectively. Their correlations with SPECT were also evaluated.
2.6 Comparison of [image: image], [image: image], [image: image], [image: image], and [image: image] with SPECT
The [image: image] images generated in this study were evaluated with the corresponding SPECT images using voxel-wise Spearman correlation analysis. Spearman correlation analysis was also used to compare SPECT images with CTex, [image: image], [image: image], [image: image], and [image: image] images. The comparison between the CTex and SPECT was used to show the advantages of analysis at the super-voxel level compared to the voxel level. To assess the concordance of high-functioning regions between CTVI and SPECT, SPECT and [image: image] images from each patient were divided into two volumes by the 66th percentile ventilation value in the lung, which is used to distinguish high- and low-functioning lung regions. This value has been used by other studies (Yamamoto et al., 2011; Ren et al., 2021b). The Dice similarity coefficient index (DSC) was used to assess the accuracy of [image: image] in segmenting the high- and low-functioning lung regions. The DSC was also used to compare the high- and low-functioning lung regions segmented by SPECT with those segmented by [image: image], [image: image], [image: image], and [image: image]. Only the intersection between the CT and SPECT lung masks was analyzed in this study.
2.7 Impact of the super-voxel number on [image: image] experiments
The size of the super-voxels may influence the results of [image: image]. On the one hand, super-voxels that are too large may not be able to identify small defects. On the other hand, super-voxels that are too small may lose their structure-oriented properties. A particular clustering may influence the results of [image: image]. For example, by increasing the number of super-voxels, the size of clusters is reduced. To investigate how the size of the super-voxels influences the results, we measured the correlation of [image: image] with SPECT for different numbers of super-voxels. Performance was evaluated at various values of [image: image] (300, 500, 800, 1,000, 1,500, 2,000, 2,500, 3,000, 4,000, 8,000, 12,000, and 15,000) to cover an extensive range. A large value of [image: image] increases the calculation time and depletes the memory needed to calculate the interpolation matrix W, as described in Section 2.5. The computer used for this analysis was equipped with an Intel® Core™ i9-11900K 3.50-GHz processor and 64.0 GB of RAM.
3 RESULTS
3.1 Super-voxel segmentation
The SLIC method was used to divide the lung volumes of the 21 patients into 380–715 super-voxels at a [image: image] of 1,500. Figure 3 shows an example of super-voxel segmentation of the lung volume. Different colors indicate different super-voxel regions. The mean correlation between [image: image] and SPECT was 0.91 (range: 0.84–0.96). Figures 4B, C show a comparison between SPECT and [image: image] images. The two images have a similar function distribution. The strong correlation between [image: image] and SPECT suggests that a reasonable CTVI image of the whole lung volume can be generated by analyzing hundreds of super-voxels.
[image: Figure 3]FIGURE 3 | Super-voxel segmentation in the lungs of a patient. (A) Is the CT, (B) is the result of the super-voxel segmentation in the lung region.
[image: Figure 4]FIGURE 4 | Comparison of SPECT image and [image: image] images for a representative case. (A) Is CT; (B) is the SPECT of the lung region superimposed onto the CT; (C) is the [image: image] of the lung region superimposed onto the CT; (D) is the [image: image] of the lung region superimposed onto the CT; (E) is the [image: image] of the lung region superimposed onto the CT; (F) is the [image: image] of the lung region superimposed onto the CT. For all the figures, their 99th percentile and higher values were scaled to 100 (to reduce the artifact effect caused by the tracer deposited at airways in SPECT for visual inspection), and the minimum value was scaled to 0.
3.2 Comparison of [image: image], [image: image], [image: image], [image: image], and [image: image] with SPECT
The correlation between the Dmean from CT and the Ventmean for the super-voxel volume from SPECT was 0.59 ± 0.09, indicating that super-voxels with a lower mean density tend to have a lower function value than super-voxels with a higher mean density. This moderate-to-strong correlation means that the Dmean of a super-voxel can be used as a surrogate for Ventmean when generating [image: image], as mentioned in Section 2.5. Figure 4 presents a comparison of SPECT with [image: image]. The low-functioning lung region, indicated by the red arrow in the CT image and by the blue and black-blue area in the ventilation image (Figure 4B), can be identified using [image: image] (dark blue area in Figure 4D). The mean correlation coefficient between [image: image] and SPECT was 0.62 (range: 0.37–0.77). The mean correlation coefficients of SPECT with CTex, [image: image]; [image: image]; [image: image],; [image: image] were 0.16 ± 0.16, 0.33 ± 0.14, 0.23 ± 0.10, 0.39 ± 0.18, and 0.33 ± 0.15 respectively. These results indicate that [image: image] is closer to SPECT than conventional DIR-based methods. The super-voxel based method can improve the correlations of the DIR-based CTVIs by 0.06 and 0.10 for [image: image]; [image: image], respectively. A similar improvement was also reported by Szmul’s study (Szmul et al., 2019).
The mean DSC values of the high-functioning ([image: image]) and low-functioning regions ([image: image]) on [image: image] images were 0.63 ± 0.07 and 0.81 ± 0.03, respectively. Because the criterion for dividing the lung is the 66th, the low-functioning region is larger than the high-functioning region, and [image: image] is higher than [image: image]. As shown in Figure 4, the locations of the low-functioning regions on the [image: image] images matched those on the SPECT images, but the highest-functioning regions (dark red area) just exhibited a certain amount of overlap. The mean [image: image] values of [image: image], [image: image], [image: image], and [image: image] were 0.43 ± 0.08 and 0.42 ± 0.05, 0.49 ± 0.11, and 0.48 ± 0.07, respectively, and the corresponding mean [image: image] values were 0.70 ± 0.04, 0.70 ± 0.03, 0.74 ± 0.06, and 0.73 ± 0.04, respectively.
For some patients, [image: image] yielded low correlation with SPECT. However, this could be improved. As indicated by the red arrow in Figure 5A, a defective lung region with a high density at the top of the left lung caused a falsely high ventilation value, as shown in Figure 5C. Such errors can be corrected by manually contouring the defect regions via assignment to a low ventilation value. In this case, the final correlation coefficient increased to 0.52, as shown in Figure 5D.
[image: Figure 5]FIGURE 5 | Comparison of SPECT image and [image: image] images for a representative case. (A) Is CT; (B) is the SPECT of the lung region superimposed onto the CT; (C) is the origin [image: image] of the lung region superimposed onto the CT; (D) is the corrected [image: image] of the lung region superimposed onto the CT. For all the figures, their 99th percentile and higher values were scaled to 100, and the minimum value was scaled to 0.
3.3 Evaluation of the impact of the super-voxel number on [image: image]
Figure 6 shows super-voxel segmentation using two values of [image: image]. As the number of super-voxels increased, the size of the super-voxels decreased. The generated [image: image] images show high similarity in highly ventilated regions. As shown in the bottom left row of Figure 6, as the volume of the super-voxel decreased, it became more difficult to contain the whole texture of the sub-region; this presents an obstacle to analysis of the Ventmean with other features of such a super-voxel. Table 1 shows the experimental results obtained with different numbers of super-voxels. On average, approximately 193, 280, 373, 413, 520, 615, 713, 802, 1,018, 1,788, 2,550, and 3,108 super-voxels were extracted from the lung volumes of the 21 patients when [image: image] was set as 300, 500, 800, 1,000, 1,500, 2,000, 2,500, 3,000, 4,000, 8,000, 12,000, and 15,000, respectively. The correlation of Dmean with Ventmean was strongest when approximately 520 super-voxels were extracted from the lung volume and decreased as the number of super-voxels continued to increase. A paired-samples t-test to compare the Dmean and Ventmean obtained at a [image: image] of 1,500 with those obtained at other [image: image] values revealed that a [image: image] of 1,500 generated the most reasonable number of super-voxels inside the lungs. The Dmean exhibited a stronger correlation with Ventmean at a [image: image] of 1,500 than at [image: image] values lower than 1,500 and higher than 3,000. The correlation of [image: image] with SPECT reached a plateau at approximately 520 super-voxels and remained stable as the number of super-voxels increased. Thus, [image: image] was set as 1,500 to retain as many structure-oriented properties as possible for each super-voxel.
[image: Figure 6]FIGURE 6 | Two different super-voxel segmentations with different [image: image] and the corresponding [image: image]. The [image: image] of the top row is 500, and the bottom row is 120000. (A,C) are the results of the super-voxel segmentation in the lung region. (B,D) are the CTVISVD of the lung region superimposed onto the CT.
TABLE 1 | The influence of the different numbers of the super-voxel. [image: image] means the initial setting of the super-voxel number for the CT image, and [image: image] means the final extracted super-voxel number in the lung volume. The mean correlation value is the mean Spearman correlation value of all the patients. Dmean is the mean density of the super-voxel, and Ventmean is the mean ventilation value of the super-voxel. The p-values are obtained from the paired-samples t-test of the [image: image] of other value with the [image: image] of 1,500.
[image: Table 1]4 DISCUSSION
In this study, a super-voxel-based method was developed to generate surrogate ventilation images directly from CT images. The SLIC method was employed to generate super-voxels inside the lung volume, and the Dmean of the super-voxels was used as a surrogate for the mean ventilation value to calculate a whole-lung ventilation image through interpolation. This novel [image: image] method achieved a mean Spearman’s correlation coefficient of 0.62 (range: 0.37–0.77) with the ground-truth SPECT, which was significantly higher than the correlation coefficients of SPECT with the DIR-based methods [image: image] (0.33 ± 0.14, p < 0.05), [image: image] (0.23 ± 0.10, p < 0.05), [image: image] (0.39 ± 0.18, p < 0.05), and [image: image] (0.33 ± 0.15, p < 0.05). The [image: image] of [image: image] was 0.63 ± 0.07, which was also significantly higher than those of [image: image] (0.43 ± 0.08, p < 0.05), [image: image] (0.42 ± 0.05, p < 0.05), [image: image] (0.49 ± 0.11, p < 0.05) and [image: image] (0.48 ± 0.07, p < 0.05), and the [image: image] of [image: image] (0.81 ± 0.03) was higher than those of [image: image] (0.70 ± 0.04, p < 0.05), [image: image] (0.70 ± 0.03, p < 0.05), [image: image] (0.74 ± 0.06, p < 0.05) and [image: image] (0.73 ± 0.04, p < 0.05). By using this novel method, the complexity of a ventilation imaging problem can be reduced from calculating millions of ventilation values for all voxels to only calculating hundreds of Ventmean values for super-voxels. The Ventmean of a super-voxel can be directly derived from super-voxel features. Thus, [image: image] can be generated without DIR, so the novel method is simpler and more robust than DIR-based methods.
This study shows that the Dmean of a super-voxel is strongly correlated with the Ventmean of a super-voxel, which means that a lower super-voxel density is usually associated with less functional ventilation than a higher super-voxel density. Similar results have been shown in other studies (Lafata et al., 2019; Yang et al., 2021). As shown in Figure 4, the region with low ventilation function (indicated by arrows) is darker than the region with normal function. The low-functioning region may correspond to a defective lung region caused by emphysema, where healthy pulmonary tissue has been replaced increasingly by air due to alveolar damage and weakening and rupture of the inner walls of the air sacs. This was a preliminary study of the use of the Dmean of super-voxels to generate ventilation images, and only 21 patients were included. Other super-voxel features can be analyzed and combined with Dmean to build a more accurate and robust model for future CTVI studies involving more patient data.
According to Eq. 4, the total super-voxel number and compactness value affect segmentation of the super-voxels. The SLIC algorithm used in this study can refine the compactness value adaptively to reduce the influence of this variable without requiring pre-assignment. The only variable required for SLIC is the total number of super-voxels. The correlation between Dmean and Ventmean is strongest when approximately 520 super-voxels are extracted from the lung volume and decreases as the number of super-voxels increases. Meanwhile, as the number of super-voxel increases, the mean correlation between [image: image] and SPECT increases and then plateaus. A reasonable explanation for this observation is that as the number of super-voxels increases, the size of the super-voxels decreases, and some of the densities of these small super-voxels are then affected by the bronchi, noise, or artifacts with high-density values. The mean correlation between the Dmean and Ventmean of the super-voxels decreases to tend to be the pixel level results, which had the same value, 0.40 ± 0.19, as the correlation between the CTex (after interpolation and denoising with a median filter) and SPECT. However, these discrepancies can be reduced by the smoothness of the Gaussian filter in the final image processing. The correlation between [image: image] and SPECT remains stable. Accordingly, in this study, the [image: image] setting that yielded the strongest correlation between the Dmean and Ventmean was selected to maintain the structure-oriented properties of the super-voxels to the greatest extent possible. The correlation between the CTex and SPECT was 0.16 ± 0.16, significantly lower than the result obtained with [image: image] method. This outcome is probably mainly attributable to the technical limitations associated with SPECT imaging. SPECT has an original resolution of 8 mm. We resampled the SPECT image with a resolution of 2 mm in the data process, so it could serve as a data smoothing process. This process was similar to our method, wherein we calculated the mean density of the super-voxel and then used interpolation to calculate the value of each voxel.
This study has some limitations. Pulmonary ventilation refers to the air exchange between the atmosphere and the lungs. It involves the inflow of air through the airway to the alveoli, where the air exchange occurs, followed by outflow through the airway. Our results show that lung regions with lower density values exhibit lower ventilation values than those with higher density values. As previously mentioned, the damaged alveoli in a patient with emphysema lost their ability to expel air, leading to decreased intensity. However, in some cases, abnormal lung regions associated with pulmonary diseases can exhibit increased density, known as opacities, and fall into four patterns: consolidation, interstitial, nodules or masses, and atelectasis (L ung-disease, 2023). These diseases can also obstruct the airway or damage to the parenchyma, leading to a loss of air exchange capability. Consequently, some pulmonary diseases may affect the CTVI results in this study. However, the clinical presentation of pulmonary diseases on CT images can vary. Raju et al. categorized the signs of the lung disease into 22 groups (Raju et al., 2017). These signs can increase the difficulty of automatically recognizing defect regions. In this study, the super-voxel was the smallest unit of analysis and its features can be used directly to classify it as a defect or normal region. In future work, we will create a super-voxel-based model to automatically identify defect regions and correct the ventilation value to increase the accuracy of our method.
Moreover, some regions may have a low ventilation value due to pressure placed by the tumor on the central airway and blood vessels; this pressure can be recovered after radiotherapy (Yuan et al., 2012). Such regions need to be carefully protected during the treatment, and the dose should be as low as possible as normal lung regions. In cases with such regions, the patient’s dyspnea may be reduced and the lung function may increase if the tumor shrinks after treatment. From this perspective, CTVI can provide more information than SPECT. More investigation is needed to identify these regions and thus guide treatment planning.
5 CONCLUSION
In this study, we developed a super-voxel-based method to generate surrogate ventilation images from CT data. The observed correlation between [image: image] and SPECT indicates that [image: image] has high similarity with SPECT. Our results also show that the Dmean can be used as a surrogate for the Ventmean in the context of generating ventilation images.
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Comparison of ventilation defects quantified by Technegas SPECT and hyperpolarized 129Xe MRI
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Introduction: The ideal contrast agents for ventilation SPECT and MRI are Technegas and 129Xe gas, respectively. Despite increasing interest in the clinical utility of ventilation imaging, these modalities have not been directly compared. Therefore, our objective was to compare the ventilation defect percent (VDP) assessed by Technegas SPECT and hyperpolarized 129Xe MRI in patients scheduled to undergo lung cancer resection with and without pre-existing obstructive lung disease.
Methods: Forty-one adults scheduled to undergo lung cancer resection performed same-day Technegas SPECT, hyperpolarized 129Xe MRI, spirometry, and diffusing capacity of the lung for carbon monoxide (DLCO). Ventilation abnormalities were quantified as the VDP using two different methods: adaptive thresholding (VDPT) and k-means clustering (VDPK). Correlation and agreement between VDP quantified by Technegas SPECT and 129Xe MRI were determined by Spearman correlation and Bland-Altman analysis, respectively.
Results: VDP measured by Technegas SPECT and 129Xe MRI were correlated (VDPT: r = 0.48, p = 0.001; VDPK: r = 0.63, p < 0.0001). A 2.0% and 1.6% bias towards higher Technegas SPECT VDP was measured using the adaptive threshold method (VDPT: 23.0% ± 14.0% vs. 21.0% ± 5.2%, p = 0.81) and k-means method (VDPK: 9.4% ± 9.4% vs. 7.8% ± 10.0%, p = 0.02), respectively. For both modalities, higher VDP was correlated with lower FEV1/FVC (SPECT VDPT: r = −0.38, p = 0.01; MRI VDPK: r = −0.46, p = 0.002) and DLCO (SPECT VDPT: r = −0.61, p < 0.0001; MRI VDPK: r = −0.68, p < 0.0001). Subgroup analysis revealed that VDP measured by both modalities was significantly higher for participants with COPD (n = 13) than those with asthma (n = 6; SPECT VDPT: p = 0.007, MRI VDPK: p = 0.006) and those with no history of obstructive lung disease (n = 21; SPECT VDPT: p = 0.0003, MRI VDPK: p = 0.0003).
Discussion: The burden of ventilation defects quantified by Technegas SPECT and 129Xe MRI VDP was correlated and greater in participants with COPD when compared to those without. Our observations indicate that, despite substantial differences between the imaging modalities, quantitative assessment of ventilation defects by Technegas SPECT and 129Xe MRI is comparable.
Keywords: ventilation imaging, Technegas SPECT, hyperpolarized xenon-129, MRI, airflow obstruction, ventilation defects, functional lung imaging
1 INTRODUCTION
Pulmonary ventilation imaging modalities have been developed to provide a regional evaluation of airflow obstruction at high-resolution and thus ultimately improve the clinical management of a variety of lung diseases. Nuclear medicine (Jögi et al., 2011; Bajc et al., 2017; Farrow et al., 2017), magnetic resonance imaging (MRI) (Kruger et al., 2016; Ohno et al., 2022; Sharma et al., 2022) and computed tomography (CT) (Park et al., 2010; Kim et al., 2012) based methods have all demonstrated abnormal and heterogeneous ventilation in patients with obstructive lung diseases, including chronic obstructive pulmonary disease (COPD) and asthma. While the potential added value of ventilation imaging modalities over conventional global measures of lung function made by breathing tests is recognized, few are widely available or used in the routine management of obstructive lung disease.
The most clinically established and widely used ventilation imaging modality is single photon emission computed tomography (SPECT) using a range of ventilation agents including krypton-81 m gas (81mKr) and 99mTc-labelled aerosols (e.g., diethylene-triamine-pentaacetate [DTPA] and Technegas) (Roach et al., 2013; Bajc et al., 2019). Beyond its primary use in conjunction with perfusion SPECT for the diagnosis of pulmonary embolism, ventilation SPECT is rarely utilized for other indications such as pre-operative quantification of lung function (Genseke et al., 2018) and functional lung avoidance in radiation therapy planning (Munawar et al., 2010; Yuan et al., 2011). Alternatively, inhaled hyperpolarized gas MRI, using either helium-3 (3He) or xenon-129 (129Xe), has undergone extensive research and development for obstructive lung disease applications (Kirby et al., 2012; Svenningsen et al., 2013; Ebner et al., 2017; Shammi et al., 2022; Stewart et al., 2022). Compared to SPECT, hyperpolarized gas MRI offers higher spatial and temporal resolution without exposure to ionizing radiation. However, its availability is currently limited to specialized academic centers. Previous cross-modality investigations have demonstrated the comparability of 81mKr SPECT with 3He MRI in 23 patients with COPD and 9 healthy volunteers (Stavngaard et al., 2005), and 99mTc-DTPA SPECT with 129Xe MRI in 11 patients with COPD (Doganay et al., 2019; Kim et al., 2019). While these preliminary investigations report good comparability, they were limited by the small number of patients and disease populations evaluated. Most importantly, the current ideal contrast agents for ventilation SPECT and MRI are generally accepted to be Technegas (Bajc et al., 2019) and 129Xe gas (Niedbalski et al., 2021), respectively, and they have not been directly compared to each other.
With broadening interest in the clinical utility of ventilation imaging, and recent approval of 129Xe MRI and impending approval of Technegas SPECT by the U.S. Food and Drug Administration, a direct quantitative comparison of the modalities is needed. Therefore, the primary objective of this study was to compare the ventilation defect percent (VDP) assessed by Technegas SPECT and 129Xe MRI obtained the same day in a convenient sample of patients scheduled to undergo lung cancer resection with and without pre-existing obstructive lung disease. The secondary objective was to evaluate and compare the relationship of VDP assessed by both modalities with clinical history and standard lung function measures of obstructive lung diseases. To address these objectives, ventilation defects observed by Technegas SPECT and 129Xe MRI were quantified as the whole-lung VDP using two previously published segmentation methods: adaptive thresholding (VDPT), previously optimized for Technegas SPECT (Farrow et al., 2012); and, k-means clustering (VDPK), previously optimized for 129Xe MRI (Kirby et al., 2012).
2 MATERIALS AND METHODS
2.1 Participants and study design
This was a prospectively planned sub-study of patients scheduled to undergo first-time lung cancer resection at the division of Thoracic Surgery, McMaster University, Hamilton, Ontario as part of their clinical care who were enrolled into a single-center, prospective, 5-week observational study designed to evaluate the prevalence and clinical relevance of abnormal ventilation in lung cancer patients prior to lung resection. Eligible patients were greater than 18 years of age, first-time lung resection candidates in accordance with the British Thoracic Society guidelines (Callister et al., 2015), and they could not have had previous lung resection, previous chest radiation, or MRI contraindications. All participants provided written informed consent to an ethics-board approved (Hamilton Integrated Research Ethics Board #7770) and registered (ClinicalTrials.gov #NCT04191174) protocol. We report data acquired at a single pre-operative study visit, at which time baseline demographic data and clinical history were collected, and participants performed standard-of-care pulmonary function testing (spirometry and diffusing capacity of the lung for carbon monoxide (DLCO)), Technegas SPECT-CT and 129Xe MRI. Image session order was randomized.
2.2 Technegas SPECT-CT acquisition
Technegas (Cyclomedica Australia, Sydney) was prepared with a Technegas Generator (Cyclomedica Australia, Sydney) according to the manufacturer recommendations and a 40 MBq dose was administered to the participant in the supine position via inhalation. The participant was coached to inhale Technegas, starting at functional residual capacity, until 40 μSv/h was measured by a hand-held Geiger counter positioned over the chest. Technegas SPECT was then acquired while supine, during 15-min of tidal breathing using an Optima™ Nuclear Medicine (NM)/Computed Tomography (CT) 640 hybrid imaging system (GE Healthcare, Milwaukee, United States) and in accordance with The Canadian Association of Nuclear Medicine guidelines using the following acquisition parameters: LEHR collimator, energy window: 140 keV ± 20%, zoom factor of 1.0, 128 × 128 matrix and 4.42 mm isotropic voxels, step and shoot, 25 s/image, 60 images per acquisition (30 images per camera head), 360° rotation, 6° steps, body contour. A low dose non-contrast chest CT was subsequently acquired on the same NM/CT system during free breathing for attenuation correction and to allow for delineation of the thoracic cavity volume using the following acquisition and reconstruction parameters: 120 kVp, 20 mA, 1 s tube rotation time, 1.25 pitch, 512 × 512 matrix, 2.5 mm slice thickness, 2.5 mm slice spacing, standard reconstruction kernel, and 50 cm display field of view. Technegas SPECT reconstruction was performed using a Hermes Workstation (Hermes Medical Solutions, Stockholm, Sweden) with the following settings: OSEM reconstruction (2 iterations, 10 subsets), 3D Gaussian filter with 1.20 cm FWHM with corrections for attenuation, scatter, and collimator resolution recovery.
2.3 MRI acquisition
129Xe ventilation MRI and 1H MRI were acquired using a Discovery™ MR750 3T system (General Electric Healthcare; Milwaukee, United States) as previously described (Svenningsen et al., 2021). Participants were instructed to inhale 1 L of gas (N2 for 1H MRI and a hyperpolarized 129Xe/N2 mixture for 129Xe MRI) from functional residual capacity, and coronal slices were acquired under breath-hold conditions. Spin-exchange polarizer systems (Polarean 9800 or 9820, Polarean, Durham, United States) were used to polarize isotopically enriched 129Xe gas (86%; ∼600 mL) that was dispensed into a pre-filled mixing syringe (∼400 mL of N2) to achieve a fixed dose of 1 L that was transferred to a Tedlar bag (Jensen Inert Products, Coral Springs, United States) for participant delivery. 129Xe polarization was measured using a polarization measurement station (Polarean Inc., Durham, United States) and the dose-equivalent (DE) volume of 100% enriched, 100% polarized 129Xe was calculated as previously described (He et al., 2015). Following inhalation of the 1 L dose from functional residual capacity, hyperpolarized 129Xe static ventilation MRI was performed using a custom-built, unshielded quadrature-asymmetric bird-cage coil and a 3D fast gradient recalled echo sequence (acquisition time = 10 s, TE = 1.5 ms, TR = 5.1 ms, variable flip angle, initial flip angle = 1.3°, receive bandwidth = 16 kHz, field of view = 40 × 40 × 24 cm3, reconstructed matrix size = 128 × 128 × 16, voxel size = 3.125 × 3.125 × 15 mm3). A matching 1H MRI was performed using the whole-body radiofrequency coil and a fast-spoiled gradient echo sequence (acquisition time = 9 s, TE = 1.2 ms, TR = 4.3 ms, flip angle = 20°, FOV = 40 × 40 cm, matrix size = 128 × 128, 16 slices, voxel size = 3.125 × 3.125 × 15 mm3).
2.4 VDP quantification
Ventilation defects observed by Technegas SPECT and 129Xe MRI were quantified as the whole-lung VDP using two different segmentation methods: adaptive thresholding (VDPT) and k-means clustering (VDPK), which have been optimized and validated for Technegas SPECT (Farrow et al., 2012) and 129Xe MRI (Kirby et al., 2012), respectively. For the adaptive thresholding method (Farrow et al., 2012), voxels within the thoracic cavity were defined as “ventilation defect” if they were below a threshold determined as 0.5 x Mean5-80, where Mean5-80 is the mean intensity of all voxels in the thoracic cavity that fall between the 5th and 80th percentile of voxel intensities. The k-means method (Kirby et al., 2012) used an iterative algorithm to bin the voxel intensities into five clusters, with the lowest signal cluster being considered “ventilation defect.” For both segmentation methods, the whole-lung VDP was calculated as the volume of ventilation defects normalized to the thoracic cavity volume.
2.4.1 SPECT segmentation
The thoracic cavity was delineated by registering the CT to the Technegas SPECT and then segmenting the CT using semi-automated segmentation and registration software implemented on a HERMES workstation. Technegas SPECT ventilation segmentation using the threshold method was implemented on a HERMES workstation and the k-means method was implemented using the Image Processing Toolbox provided by MATLAB R2022b (The MathWorks Inc., Natick, MA, United States).
2.4.2 MRI segmentation
The thoracic cavity was delineated by registering the 1H MRI to the 129Xe MRI and then segmenting the 1H MRI using a previously described semi-automated pipeline implemented in MATLAB (Kirby et al., 2012). 129Xe MRI ventilation segmentation using the threshold method was implemented in MATLAB and the k-means method was performed using the previously described MATLAB pipeline (Kirby et al., 2012).
2.5 Statistical analysis
Data were tested for normality using the Shapiro-Wilk normality test and, when data were not normal, non-parametric tests were performed. Differences in demographic and clinical characteristics between participants with no history of lung disease, asthma, and COPD were determined using a one-way ANOVA with Tukey’s multiple comparisons test for parametric data or Kruskal Wallis with Dunn’s multiple comparisons test for non-parametric data. The correlation and agreement between VDP measured by Technegas SPECT and 129Xe MRI were evaluated by Spearman (ρ) correlation coefficients and Bland-Altman analysis, respectively. The relationship of VDP measured by Technegas SPECT and 129Xe MRI with age, pack-year smoking history, spirometry, and DLCO were evaluated by Pearson (r) or Spearman (ρ) correlation coefficients. Statistical analyses were performed using GraphPad Prism 8.0 (GraphPad Software, San Diego, CA, United States) and all results were considered significant when the probability of making a Type I error was less than 5% (p < 0.05).
3 RESULTS
Forty-four patients scheduled for resection of lung cancer were enrolled, and 41 who completed same-day Technegas SPECT and 129Xe MRI were included in our analysis. Three of the enrolled participants were excluded from our analysis because 129Xe MRI was not performed; two participants had an MRI contraindication (brain aneurism clip), and one was unable to accommodate MRI scheduling. Of the 41 participants evaluated, 21 (51%) had no concomitant history of lung disease, while 6 (15%) had a history of asthma, 13 (32%) had COPD, and 1 (2%) had interstitial lung disease (ILD). Participant demographics, clinical characteristics, and primary tumor characteristics are summarized in Table 1. Participants with no history of lung disease, asthma, and COPD were well-balanced with respect to age (p = 0.41) and BMI (p = 0.08). Participants with COPD had a higher pack-year smoking history and lower DLCO%pred than participants with asthma (p = 0.01 and p = 0.0004) and those with no history of lung disease (p = 0.02 and p < 0.0001). FEV1%pred and FEV1/FVC were also lower for participants with COPD than those with no history of lung disease (p = 0.005 and p = 0.002).
TABLE 1 | Participant demographics and clinical characteristics.
[image: Table 1]Technegas SPECT and 129Xe MRI were well-tolerated by all participants, with no occurrence of adverse events. The scanning sessions were performed 90 ± 30 min apart [minimum of 12 min, maximum of 120 min]. Dosing and measurements of image quality are provided in the online supplement (Supplementary Table S1). Figure 1 shows coronal Technegas SPECT, 129Xe MRI, and corresponding structural 1H MRI slices for four representative participants. For participant A, a never-smoker with no history of lung disease, both modalities revealed relatively normal ventilation. For participant B, an ex-smoker with no history of lung disease, both modalities revealed peripheral ventilation defects despite normal lung function assessed by spirometry. For participants C and D, past smokers with COPD, large and spatially concordant ventilation defects were observed by both modalities. While most ventilation defects, such as those highlighted by yellow arrows, were spatially concordant across modalities, focal discordances were also observed, such as those highlighted by blue arrows for participants B and D.
[image: Figure 1]FIGURE 1 | Comparison of ventilation visualized by Technegas SPECT and hyperpolarized 129Xe MRI. Anatomically matched coronal Technegas SPECT, 129Xe MRI, and 1H MRI slices for four representative participants. Select examples of spatially concordant and discordant ventilation defects are highlighted by yellow and blue arrows, respectively. (A) 62-year-old female with necrotizing granuloma in left upper lobe and no history of lung disease. Technegas SPECT: VDPT = 12%*, VDPK = 5%; 129Xe MRI: VDPT = 22%, VDPK = 1%*; FEV1 = 91%pred, FVC = 89%pred, FEV1/FVC = 85%, DLco = 136%pred. (B) 81-year-old male with stage I NSCLC in lingula and no history of lung disease. Technegas SPECT: VDPT = 28%*, VDPK = 14%; 129Xe MRI: VDPT = 18%, VDPK = 4%*; FEV1 = 128%pred, FVC = 119%pred, FEV1/FVC = 72%, DLCO = 137%pred. (C) 78-year-old female with stage III NSCLC in left upper lobe and concomitant COPD. Technegas SPECT: VDPT = 47%*, VDPK = 20%; 129Xe MRI: VDPT = 31%, VDPK = 19%*; FEV1 = 72%pred, FVC = 91%pred, FEV1/FVC = 60%, DLCO = 49%pred. (D) 65-year-old male with stage III NSCLC in left upper lobe and concomitant COPD. Technegas SPECT: VDPT = 84%*, VDPK = 52%; 129Xe MRI: VDPT = 37%, VDPK = 48%*; FEV1 = 28%pred, FVC = 70%pred, FEV1/FVC = 31%, DLCO = 64%pred. COPD = chronic obstructive pulmonary disease; FEV1 = forced expiratory volume in one second; FVC = forced vital capacity; DLCO = diffusing capacity for carbon monoxide; LUL = left upper lobe; NSCLC = non-small cell lung cancer; %pred = percent of predicted value. *Thresholding (VDPT) and k-means clustering (VDPK) methods previously optimized and validated for Technegas SPECT and 129Xe MRI, respectively.
The VDP for Technegas SPECT and 129Xe MRI were quantified using adaptive thresholding (VDPT) and k-means clustering (VDPK) methods. The VDP was higher when determined using the threshold method compared to the k-means method for both Technegas SPECT (VDPT = 23.0 ± 14.0% vs. VDPK = 9.4 ± 9.4%, p < 0.0001) and 129Xe MRI (VDPT = 21.0 ± 5.2% vs. VDPK = 7.8 ± 10.0%, p < 0.0001). Figure 2 summarizes the correlation and agreement of VDPT and VDPK measured by Technegas SPECT and 129Xe MRI. For both quantification methods, VDP measured by Technegas SPECT and 129Xe MRI were correlated (Figure 2A: VDPT, r = 0.48, p = 0.001; Figure 2C: VDPK, r = 0.63, p < 0.0001). Using the threshold method, Bland-Altman analysis (Figure 2B) indicated a 2.0% bias (95% limit of agreement: −23.4% to 19.4%) for higher VDPT measured by Technegas SPECT (Technegas SPECT VDPT = 23.0 ± 14.0% vs. 129Xe MRI VDPT = 21.0 ± 5.2%, p = 0.81). Using the k-means method, Bland-Altman analysis (Figure 2D) indicated a similar 1.6% bias (95% limit of agreement: −10.4% to 7.2%) for higher VDPK measured by Technegas SPECT (Technegas SPECT VDPK = 9.4 ± 9.4% vs. 129Xe MRI VDPK = 7.8 ± 10.0%, p = 0.02).
[image: Figure 2]FIGURE 2 | Comparison of the ventilation defect percent (adaptive thresholding (VDPT) and k-means clustering (VDPK)) quantified by Technegas SPECT and 129Xe MRI. (A) Positive relationship between Technegas SPECT and 129Xe MRI VDPT quantified using the adaptive threshold method (r = 0.48, r2 = 0.49, p = 0.001, y = 1.86x-16.11). (B) Bland-Altman plot of the difference between Technegas SPECT and 129Xe MRI VDPT quantified using the adaptive threshold method. Bias = −2.0% (95% limits of agreement, −23.4% to 19.4%). (C) Positive relationship between Technegas SPECT and 129Xe MRI VDPK quantified using the k-means clustering method (r = 0.63, r2 = 0.80, p < 0.0001, y = 0.84x+2.83). (D) Bland-Altman plot of the difference between Technegas SPECT and 129Xe MRI VDPK quantified using the k-means clustering method. Bias = −1.6% (95% limits of agreement, −10.4% to 7.2%). For correlation plots, the dashed line represents the line of identity (y = x) and the dotted lines represent the 95% confidence intervals of the linear regression line. For Bland-Altman plots, the solid line represents the mean of the paired differences, and the dotted lines represent the 95% limits of agreement. Colored data points represent history of lung disease (no history, n = 21; asthma, n = 6; COPD, n = 13; ILD: n = 1). *Thresholding (VDPT) and k-means clustering (VDPK) methods previously optimized and validated for Technegas SPECT and 129Xe MRI, respectively.
Univariate relationships of Technegas SPECT VDP and 129Xe MRI VDP with age, pack-year smoking history, spirometry and DLCO are summarized in Table 2. Using the threshold method, Technegas SPECT VDPT and 129Xe MRI VDPT were negatively correlated with DLCO%pred (r = −0.61, p < 0.0001; and r = −0.37, p = 0.02) and FEV1/FVC (r = −0.38, p = 0.01; and r = −0.43, p = 0.005). 129Xe MRI VDPT, but not Technegas SPECT VDPT, was correlated with FEV1%pred (r = −0.55, p = 0.0002). Using the k-means method, Technegas SPECT VDPK and 129Xe MRI VDPK were negatively correlated with DLCO%pred (r = −0.52, p = 0.0005; and r = −0.68, p < 0.0001). 129Xe MRI VDPK, but not Technegas SPECT VDPK, was correlated with pack-year smoking history (r = 0.56, p = 0.0002), FEV1%pred (r = −0.35, p = 0.03) and FEV1/FVC (r = −0.46, p = 0.002). For both modalities, VDPT and VDPK were not different for participants classified by tumor stage or tumor size (Supplementary Table S2). Additionally, for both modalities, VDPT and VDPK of the ipsilateral lung (lung with tumor) was not different than the VDPT and VDPK of the contralateral lung (lung without tumor) (Supplementary Figure S1).
TABLE 2 | Univariate relationships of Technegas SPECT VDP and 129Xe MRI VDP with participant demographics and clinical characteristics.
[image: Table 2]Figure 3 summarizes VDP for 21 (51%) participants with no concomitant obstructive lung disease, 6 (15%) with a history of asthma, and 13 (32%) with COPD. The one (2%) participant with interstitial lung disease was excluded from this cross-sectional comparison. Using the threshold method (Figures 3A, B), Technegas SPECT VDPT and 129Xe MRI VDPT were significantly higher for participants with COPD than with those with no history of lung disease (p = 0.0003 and p = 0.0004). Technegas SPECT VDPT, but not 129Xe MRI VDPT, was significantly higher for participants with COPD than with those with asthma (p = 0.007 and p = 0.45). There was no difference in Technegas SPECT VDPT or 129Xe MRI VDPT between participants with asthma and those with no history of lung disease (p > 0.99 and p = 0.15). Using the k-means method (Figures 3C, D), Technegas SPECT VDPK and 129Xe MRI VDPK were significantly higher for participants with COPD than with those with asthma (p = 0.04 and p = 0.006) and no history of lung disease (p = 0.002 and p = 0.0003). There was no difference in Technegas SPECT VDPK or 129Xe MRI VDPK between participants with asthma and those with no history of lung disease (p > 0.99 and p > 0.99).
[image: Figure 3]FIGURE 3 | Ventilation defect percent and history of obstructive lung disease. (A) Technegas SPECT VDPT* was higher in participants with COPD than participants with asthma (35.2% ± 19.2% vs. 17.0 ± 5.3, p = 0.007) and those with no history of lung disease (35.2% ± 19.2% vs. 17.4 ± 4.1, p = 0.0003). (B) 129Xe MRI VDPT was higher for participants with COPD than those with no history of lung disease (25.0% ± 5.8% vs. 18.5% ± 3.5%, p = 0.0004). (C) Technegas SPECT VDPK was significantly higher for participants with COPD than those with asthma (16.3% ± 14.2% vs. 6.5% ± 4.0%, p = 0.04) and no history of lung disease (16.3% ± 14.2% vs. 6.0% ± 2.7%, p = 0.002). (D) 129Xe MRI VDPK* was higher in participants with COPD than participants with asthma (17.1% ± 13.8% vs. 3.2% ± 2.1%, p = 0.006) and those with no history of lung disease (17.1% ± 13.8% vs. 3.7% ± 2.2%, p = 0.0003). Box plots show minimum, first quartile, median, third quartile, and maximum VDP with individual values for all participants superimposed on the plot. Difference between groups was determined using one-way ANOVA with Tukey’s multiple comparisons test or Kruskal Wallis with Dunn’s multiple comparisons test. *Thresholding (VDPT) and k-means clustering (VDPK) methods previously optimized and validated for Technegas SPECT and 129Xe MRI, respectively.
4 DISCUSSION
We prospectively compared ventilation defects assessed by same-day Technegas SPECT and 129Xe MRI in 41 patients scheduled to undergo first-time lung cancer resection, a subset of whom had concomitant asthma or COPD. We report that ventilation defects quantified by Technegas SPECT and 129Xe MRI VDP (determined using both adaptive thresholding and k-means clustering segmentation methods) were 1) correlated with one another, 2) similarly correlated with standard measures of airflow limitation (FEV1/FVC) and diffusing capacity (DLCO%pred), and 3) significantly higher for participants with COPD than those with asthma and no history of obstructive lung disease.
Many segmentation methods have been developed and optimized to quantify ventilation defects as the VDP, including linear binning, thresholding, and k-means clustering. In this study, VDP was determined for both Technegas SPECT and 129Xe MRI using adaptive thresholding and k-means segmentation methods. The basis for this decision was that the adaptive thresholding quantification method has been previously optimized and validated for Technegas SPECT by Farrow et al., (2012), and the k-means method for 129Xe MRI by Kirby et al., (2012). Using both segmentation approaches, we observed that the burden of ventilation defects quantified by Technegas SPECT and 129Xe MRI VDP acquired on the same day were correlated. While this is the first comparison of ventilation defects assessed by Technegas SPECT and 129Xe MRI, our observations are consistent with previous investigations demonstrating the comparability of ventilation assessed by SPECT and MRI when utilizing alternative ventilation agents. Stavngaard and colleagues previously reported a good correlation between 81mKr SPECT and 3He MRI for both visual and quantitative assessments of ventilation defect scores in a cohort of 23 COPD and 9 healthy participants (Stavngaard et al., 2005). In a smaller study of 11 COPD patients, Doganay et al. demonstrated a good correlation between 99mTc-DTPA SPECT and 129Xe MRI relative lobar percentage ventilation (Doganay et al., 2019). For ventilation SPECT, international guidelines now recommend Technegas as the preferred ventilation agent in patients with obstructive lung disease (Roach et al., 2013; Bajc et al., 2019) limiting the clinical relevance of previous comparisons that used 81mKr and 99mTc-DTPA. Additionally, for hyperpolarized gas ventilation MRI, 129Xe gas is now preferred over 3He gas due to its greater availability, lower cost, and higher solubility that permits dissolved-phase imaging (Niedbalski et al., 2021).
In most participants, visual assessment showed spatial agreement between focal ventilation defects observed by both modalities. However, as highlighted in Figure 1 by the blue arrows, some discordance was also observed. We also report a mean bias, 2.0% and 1.6%, towards higher VDP measured by Technegas SPECT than 129Xe MRI, which was observed using the adaptive threshold and k-means method, respectively. This inter-modality bias and lack of absolute agreement in ventilation defects were not unexpected and may be explained by several factors. First, fundamental differences in the physical properties of the ventilation agents may contribute to differences in lung distribution. Technegas is an ultrafine aerosolized particle (0.005–0.2 μm (Lemb et al., 1993)) whose distribution in the lungs, unlike that of 129Xe gas, is impacted by aerosol deposition mechanics. While Technegas behaves in a gas-like manner, permitting peripheral penetration and alveolar deposition (Bajc et al., 2019), it has been previously shown to aggregate at sites of severe obstruction leading to “hot-spots” (De Nijs et al., 2021). Shown in Figure 1D, we observed this effect in a 65-year-old male with severe COPD (FEV1 = 28%pred, FEV1/FVC = 31%). Bilateral hotspots are observed on Technegas SPECT in the left and right main bronchi. Greater ventilation is observed distal to the right main bronchi hotspot by 129Xe MRI than Technegas SPECT. Second, the different acquisition conditions and spatial resolutions between modalities must be considered. Technegas SPECT is acquired during 15 min of tidal breathing, while 129Xe MRI is acquired during a 10 s breath hold at functional residual capacity plus 1 L. As a result, respiratory and cardiac motion have greater influence on ventilation assessed by SPECT, contributing to blurring and fewer counts at the lung borders. Additionally, lung inflation during imaging affects ventilation defects, with increased ventilation defects observed at lower levels of lung inflation (Hughes et al., 2019). As SPECT is on average acquired at a lower lung inflation (average over tidal volume) than 129Xe MRI (functional residual capacity plus 1 L), higher VDP is expected. Taken together, the aforementioned factors likely account for the higher VDP quantified by Technegas SPECT and the spatial discordances in focal ventilation defects that were observed upon visual inspection.
It is important to emphasize that this study did not intend to determine the optimal quantification approach for each modality, rather to determine if there was correlation and some equivalency between the two modalities using established quantification practices for each modality that are implemented in the literature. There are reasons why each modality may best be served by different segmentation methods, which is beyond the scope of this article. However, we do note that for both modalities, the adaptive threshold method resulted in significantly higher VDPs compared to the k-means clustering method, irrespective of history of obstructive lung disease. In the subgroup of patients with no history of lung disease, the majority of whom had well-ventilated lungs by visual inspection, the VDPs determined using the k-means method were much closer to zero than the threshold method (Technegas SPECT: VDPK = 6.0% vs. VDPT = 17.4%; 129Xe MRI: VDPK = 3.7% vs. VDPT = 18.5%), which better reflects what the images show (e.g., Figure 1A). We also noticed that when the VDP was determined using the threshold method (but not the k-means method), the bias towards higher Technegas SPECT VDPT increased with VDPT, or greater airflow limitation (Figure 2C). This bias seems to be driven largely by a subset of patients with COPD in whom the Technegas SPECT VDPT was considerably higher than the 129Xe MRI VDPT. Taken together, investigation of these cases reveals that the adaptive threshold classifies hypo-ventilated (or low ventilated) voxels as defect, leading to a significantly higher VDPT, which can be misleading when interpreted in absolute terms. This effect, in combination with severe obstruction leading to “hot-spots,” likely explains the exceptionally high Technegas SPECT VDPT reported for two patients with COPD (62% and 84%).
Ventilation defect burden quantified by Technegas SPECT VDPT and 129Xe MRI VDPK (VDPs determined using modality-specific approach) were similarly correlated to standard measures of airflow limitation (FEV1/FVC) and diffusing capacity (DLCO). For both modalities, the correlation with DLCO was stronger than with FEV1/FVC. One explanation for this may be that DLCO is a direct measurement of the capacity of communicating lung volume to transfer gas from inhaled air to the bloodstream, whereas FEV1/FVC is an indirect composite marker of the presence of airway obstruction with forced exhalation. Interestingly, 129Xe MRI VDPK but not SPECT VDPT, was correlated with pack-year smoking history and FEV1. The reason for this discrepancy is unclear. Consistent with these relationships, we also observed greater ventilation defect burden quantified by both modalities in participants with COPD compared to those with asthma and no history of obstructive disease. However, VDP assessed by both modalities was not higher in patients who reported a history of asthma compared to those without any known history of obstructive disease. This result may be considered unexpected as abnormal ventilation is a characteristic feature of asthma. We do note that the VDPs in our cohort of asthmatics are similar to what has been previously reported by others, using 129Xe MRI VDPK (Eddy et al., 2022) and Technegas SPECT VDPT (Farrow et al., 2012; Farrow et al., 2017), respectively. When interpreting this result, it should be considered that most of our cohort of patients without any known history of obstructive lung disease were current smokers (4 of 21, 19%) or past smokers (10 of 21, 48%), 36% of whom had an FEV1/FVC less than 0.70 and 7% had a DLCO less than 80%pred. As demonstrated by participant B in Figure 1, such patients may have subclinical or undiagnosed airways disease contributing to ventilation defects and increased VDP.
There are limitations to our study that should be considered. First, we evaluated a convenient sample of patients scheduled for lung cancer resection, in whom tumor burden may have influenced segmentation of the thoracic cavity and VDP quantification. However, in our cohort, tumor size was not associated with whole-lung VDP, and ipsilateral and contralateral VDP were not different (data provided online, Supplementary Figure S1; Table S2). These observations indicate that tumor burden did not significantly contribute to VDP assessed by either modality, which is not surprising given the small tumor sizes in our cohort (≤3 cm in 46%, >3 to ≤5 cm in 27%, >5 to ≤7 cm in 10%, and >7 cm in 7% of participants). Second, we did not quantitatively evaluate the spatial agreement of ventilation defects observed by Technegas SPECT and 129Xe MRI. Such analysis is highly dependent on accurate registration and anatomical alignment of Technegas SPECT and 129Xe MRI datasets, which was challenging due to differences in voxel size, acquisition conditions (tidal breathing vs. breath hold) and lung volume. Finally, our quantitative analysis distilled regional and voxel-wise measurements of ventilation down to a single whole-lung value, in this case the VDP. VDP is a binary whole-lung measurement that fails to characterize much of the information offered by ventilation imaging modalities. Furthermore, as our analysis demonstrates, different segmentation schemes yield different VDPs in the same individual.
In summary, using the current ideal contrast agents for ventilation SPECT and MRI, we imaged patients with and without obstructive lung disease prior to lung cancer resection to quantify and compare ventilation defects observed by both modalities. We report that the burden of ventilation defects quantified by Technegas SPECT and 129Xe MRI are correlated and increased in participants with COPD. Our observations indicate that, despite substantial differences between the imaging modalities, assessment of ventilation defects using established quantification practices for Technegas SPECT and 129Xe MRI are comparable, provided the same quantification approach is used. Future work is required to determine if superior and comparable improvements in patient outcomes are achieved by integrating ventilation assessment with Technegas SPECT and 129Xe MRI into the clinical management of lung diseases and potential improvement in outcomes post-resection. For now, based on our findings, the selection of ventilation imaging modality can be guided by local availability and regulatory approval, contraindications, and concern of radiation burden.
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This review focuses on methods to image acute lung inflammation with Positron Emission Tomography (PET). Four approaches are discussed that differ for biologic function of the PET reporter probe, radiotracer employed, and the specific aspect of the inflammatory response that is targeted. 2-[18F]fluoro-2-deoxy-D-glucose ([18F]FDG) is an enzyme substrate whose uptake is used to measure the metabolic activation of inflammatory cells during acute lung injury in the noncancerous lung. H215O and radiolabeled plasma proteins are inert molecules with the same physical characteristics as their nonradioactive counterparts and are used to measure edema and vascular permeability. Tagged enzyme or receptor inhibitors are used to probe expression of these targets induced by inflammatory stimuli. Lastly, cell-specific tracers are being developed to differentiate the cell types that contribute to the inflammatory response. Taken together, these methods cast PET imaging as a versatile and quantitative tool to measure inflammation in vivo noninvasively during acute and ventilator-induced lung injury.
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1 INTRODUCTION
Pulmonary inflammation is a hallmark of acute lung injury and its form induced by mechanical ventilation (ventilator-induced lung injury, VILI). Because this inflammation is considered a driver of outcome and hence a target of therapeutic approaches, significant interest has developed around methods to detect, measure, and monitor it in vivo noninvasively in the lung as the inflammatory process develops. In this respect, Positron Emission Tomography (PET) has emerged as one of the favorite imaging methods because of its versatility. The possibility to label molecules that participate in the biochemical reactions of inflammatory processes with positron emitters, and follow their fate in vivo, noninvasively, and with 3-dimensional resolution without altering their chemical properties has led to an array of PET techniques that target various pathways of the inflammatory process. Not aiming to be an exhaustive review of this topic, the emphasis herein will be on examples of PET imaging methods that leverage different aspects of the inflammatory response.
2 IMAGING INFLAMMATORY CELL METABOLIC ACTIVITY WITH 2-[18F]FLUORO-2-DEOXY-D-GLUCOSE ([18F]FDG)
Substantive experimental and clinical evidence has established PET measurement of [18F]FDG uptake as a method to noninvasively assess activation of inflammatory cells, in particular neutrophils, in the noncancerous lung (Jones et al., 1994; Jones et al., 1997; Chen and Schuster, 2004). In this section, the molecular mechanisms underlying the [18F]FDG signal, and its biologic significance, will be discussed first, followed by findings of studies that employed [18F]FDG to gain insights into the pathophysiology of the acute respiratory distress syndrome (ARDS) and VILI and on the effect of interventions to ameliorate these conditions.
Cells activated by an inflammatory stimulus increase their glucose consumption to satisfy the ensuing energy requirement. Neutrophils do so to an exaggerated extent because they possess few mitochondria and rely primarily on glycolysis to sustain their functional responses (Bao et al., 2014). The low ATP yield of glycolysis implies that activated neutrophils consume much higher quantities of glucose than other cell types. This phenotypic trait can be leveraged by administering the positron emitting glucose analog [18F]FDG, which is taken up by metabolically active cells through the facilitative glucose transporters, particularly Glut-1 and Glut-3 (Wang et al., 2016), and phosphorylated by hexokinase. Studies have shown that deoxyglucose uptake is related to plasma membrane levels of Glut-1 and to hexokinase activity (Haberkorn et al., 1994; Torizuka et al., 1995; Paik et al., 2005a; Paik et al., 2005b; Schuster et al., 2007). [18F]FDG is thus an ideal tracer to measure neutrophil activation because it undergoes the two rate limiting steps of glycolytic metabolism, i.e., transport and phosphorylation (Torizuka et al., 1995; Paik et al., 2005b), on which the energy requirement for all of the activated neutrophil’s functions rests. [18F]FDG-6-phosphate, however, cannot proceed further along the glycolytic pathway nor leave the cell. It accumulates intracellularly in proportion to metabolic rate, yielding a signal that can be imaged by PET. Glut-1 translocation from the cytoplasm to the cell surface (Schuster et al., 2007) and increased transporter affinity (Tan et al., 1998) are the main mechanisms of increased deoxyglucose transport into activated neutrophils.
Tracer kinetic models have been developed to measure the rates of glucose transport and phosphorylation with PET (Phelps et al., 1979). Because some assumptions of those models may not be valid in the acutely injured lung, we developed a tracer kinetic model specific for acute lung injury that accounts for [18F]FDG distribution in edematous tissue (Schroeder et al., 2008). This model allows estimation of the extravascular extracellular volume of distribution of [18F]FDG and of the rates of glucose transport (k1) and phosphorylation (k3) in acutely injured lungs. Consequently, this model allows noninvasive quantitative assessment of the key molecular steps that control cellular utilization of glucose in a subject with acute lung injury. Using this model we showed that, under conditions of surfactant depletion and endotoxemia, two common causes of acute lung injury, [18F]FDG PET-derived parameters correlated with biologically relevant effectors of inflammation, as the [18F]FDG phosphorylation rate paralleled expression of IL-1β, IL-8, and IL-10, all cytokines implicated in VILI and acute lung injury, and the [18F]FDG volume of distribution increased with the amount of infiltrating neutrophils. (de Prost et al., 2014).
The cellular events and signaling pathways responsible for increased glucose transport and phosphorylation in the activated neutrophil have been investigated in vitro. Such studies have shown that the increase in deoxyglucose uptake occurs during leukocyte priming (Tan et al., 1998; Jones et al., 2002a; Paik et al., 2004), for instance by TNF-α (Jones et al., 2002a). This finding supports the use of [18F]FDG to measure neutrophil activation because priming is the first step in neutrophil activation and is critical for neutrophil-mediated tissue injury. Studies in vitro have shown that the molecular pathway for increased [18F]FDG uptake involves several protein kinases, such as phosphatidylinositol-3 kinase (Paik et al., 2005a), tyrosine kinase, and protein kinase C (Tan et al., 1998; Paik et al., 2004), which affect the expression or activity of glucose transporters and hexokinase and are implicated in neutrophil priming.
In a unilateral model of VILI, we used PET of [18F]FDG to demonstrate that tidal overdistension and end-expiratory alveolar derecruitment are accompanied by increased [18F]FDG uptake (Musch et al., 2007), which could be significantly reduced by application of positive end-expiratory pressure (PEEP). The increase in [18F]FDG uptake during VILI is largely attributable to neutrophils and, to a lesser extent, other cell populations such as macrophages and type 2 epithelial cells (Musch et al., 2007; Saha et al., 2013). Subsequent studies have employed this technique to demonstrate that, in VILI, the spatial distribution of [18F]FDG uptake is related to that of lung mechanical strain (Retamal et al., 2018) and that an increase in regional pulmonary [18F]FDG uptake is accompanied by overexpression of genes implicated in the pathogenesis of VILI, such as genes that encode for epithelial and endothelial stretch markers and genes involved in specific inflammatory pathways (Wellman et al., 2016; Motta-Ribeiro et al., 2018). The topographical heterogeneity of pulmonary [18F]FDG uptake in VILI is enhanced by infusion of low-dose endotoxin during mechanical ventilation (Costa et al., 2010), a model for clinical sepsis, and reduced by protective ventilation with high PEEP and low tidal volume (de Prost et al., 2013). Specifically, endotoxin is synergistic with mechanical strain as lipopolysaccharide infusion amplified the effect of tidal strain on [18F]FDG phosphorylation rate 3-fold (Wellman et al., 2014). This is consistent with a priming effect of endotoxin on the mechanically ventilated lung, acting as a “first hit” that renders the lung more vulnerable to the inflammatory effect of mechanical ventilation.
Inflammation imaging with PET of [18F]FDG uptake has provided important insights also into the pathophysiology of acute lung injury due to causes other than mechanical ventilation, and of ARDS. In a sheep model of acute cotton smoke inhalation, we demonstrated that inflammatory cell metabolic activation occurs early and precedes impairment of pulmonary gas exchange (Musch et al., 2014). This finding is potentially clinically important because it implies that the therapeutic window for antiinflammatory therapies and application of protective mechanical ventilation might be soon after smoke inhalation and before the clinical picture of ARDS ensues. Chen et al. (Chen and Schuster, 2004) showed that when the acute injury was mainly characterized by alteration of pulmonary vascular permeability and edema, as in the oleic acid model, the increase of [18F]FDG uptake was minor and not statistically significant. In contrast, the rate of [18F]FDG uptake was significantly elevated after a low dose infusion of endotoxin, both with and without concomitant oleic acid injury, even in the absence of alveolar neutrophilia. This finding is important because it established the specificity of [18F]FDG PET for measuring neutrophil activity in acute lung injury.
[18F]FDG PET imaging has been applied also to patients with ARDS. An early case report showed markedly increased and diffuse pulmonary [18F]FDG uptake in a patient with ARDS (Jacene et al., 2004). The authors hypothesized that high rates of glucose utilization by the inflammatory cells involved in ARDS pathogenesis were responsible for the [18F]FDG signal. A later study confirmed this finding in a larger cohort of patients and further showed that [18F]FDG uptake was higher than in control subjects even in lung regions with normal density on computed tomography (Bellani et al., 2009). This finding is important because it implies that, in ARDS, also lung regions that appear normal radiographically are inflamed and, consequently, the functionally defined “baby lung” is not necessarily a healthy lung. A subsequent analysis shed further light on the cause of the elevated [18F]FDG uptake in normally aerated lung regions of ARDS patients by reporting a direct correlation between [18F]FDG uptake of these regions and their tidal mechanical strain (Bellani et al., 2011). This finding suggests that the inflammation of the baby lung is, at least in part, related to the strain imposed by mechanical ventilation, i.e., to VILI. This ability to topographically correlate the [18F]FDG signal with regional density and mechanics, afforded by combined PET/CT imaging, can help differentiate when the inflammatory cell metabolic activation is due mainly to the primary insult causing ARDS or to the secondary insult from mechanical ventilation, even though neutrophil activation is a hallmark of both these processes. In this respect, Bellani et al. (Bellani et al., 2009) described distinct patterns of [18F]FDG uptake in patients with ARDS. In some patients, uptake was highest in regions classified as nonaerated on CT, which are likely those most affected by the primary inflammatory process causing ARDS. In these patients, it is reasonable to assume that the [18F]FDG signal primarily reflected neutrophil activation due to the primary insult. In other patients, instead, the [18F]FDG uptake rate was higher in normally or mildly hypo aerated regions, suggesting that inflammatory cell activation in these patients could have been mainly due to the secondary insult from mechanical ventilation, as these are the regions distended by the tidal volume or that potentially undergo injurious cyclic tidal recruitment and derecruitment (Figure 1).
[image: Figure 1]FIGURE 1 | Images of cross-registered CT (top row) and [18F]FDG PET (bottom row) in two mechanically ventilated patients with ARDS. In patient A (images on the left), [18F]FDG distribution parallels that of the opacities on CT. In patient B (images on the right), [18F]FDG uptake is higher in normally aerated regions than in dorsal opacified regions (e.g., square 1 versus square 2, or ventral half of the left lung versus its dorsal half–square 2). Reprinted from Bellani et al. (2009), with permission.
3 IMAGING EDEMA AND PULMONARY VASCULAR PERMEABILITY
A hallmark of any form of acute lung injury, including VILI and ARDS, is increased pulmonary vascular permeability, leading to interstitial and alveolar edema. One of the first applications of PET to functional lung imaging assessed these pathophysiological processes. That application relies on oxygen-15 labeled water (H215O) as the radiotracer. H215O has the same physical properties as water. In particular, it diffuses freely across the pulmonary endothelium, so that the tracer rapidly reaches equilibrium with lung tissue. Regional lung water can be calculated by referencing lung tissue activity at equilibrium, measured with PET, to the activity of blood water, measured from blood samples collected during the scan. Regional lung water includes both intravascular (blood) and extravascular lung water. Because the pathophysiological variable of interest is edema, an additional measurement is necessary to parse out extravascular lung water. Intravascular lung water is computed by taking a PET scan after administration of a blood pool compartment label such as carbon monoxide, which binds to hemoglobin with high affinity and can be tagged with positron emitters carbon-11 (11C) or oxygen-15 (15O). Extravascular lung water is then obtained by subtracting intravascular water, measured with an inhalation PET scan of 11CO or C15O, from regional water measured with an intravenous infusion scan of H215O (Schuster et al., 1985; Schuster, 1989).
In acute and ventilator-induced lung injury, edema is a consequence of increased pulmonary vascular permeability. The possibility to label proteins that cross the alveolo-capillary membrane only in pathologic conditions of increased permeability with positron emitters enables PET to detect and measure this pathophysiologic alteration. A specific measure of pulmonary vascular permeability can thus be derived by measuring with PET the transport rate constant(s) (pulmonary transcapillary escape rate, PTCER) of a radiolabeled protein, such as 68Ga-transferrin or 11C-methylalbumin, between the intravascular and extravascular space (Schuster, 1989; Schuster et al., 1998).
Using these techniques, Sandiford et al. (Sandiford et al., 1995) reported that pulmonary vascular permeability, measured in ARDS patients in vivo from the PTCER of 68Ga-transferrin, was higher than in normal subjects and, within the ARDS group, they did not find consistent differences in PTCER between ventral and dorsal lung regions. In contrast, they reported that extravascular lung water was significantly higher in dorsal, dependent regions, than in ventral, nondependent ones. These data are consistent with the subsequent findings of the [18F]FDG studies mentioned above and further point to the fact that the functionally defined “baby lung” is not a healthy, normal lung. Instead, the lung in ARDS is globally inflamed even if the resulting increase in lung density may be heterogeneously distributed and edema predominantly dependent because of the effect of gravity.
4 IMAGING ENZYMES AND RECEPTORS INVOLVED IN LUNG INFLAMMATION
Recently, PET techniques have been developed to image specific molecular targets involved in inflammation. Inducible nitric oxide synthase (iNOS) is expressed in pulmonary epithelium, increased by pulmonary inflammation, and associated with disease severity in ARDS. Because of the central role of iNOS in inflammation, efforts have been made to develop iNOS inhibitors as pharmaceutical agents, and radiolabeled iNOS inhibitors for probing iNOS expression in vivo using PET. One such radiotracer, named 18F-NOS, was tested to detect pulmonary iNOS expression in murine models after intravenous or intratracheal endotoxin administration (Zhou et al., 2009). In that study (Zhou et al., 2009), there was a progressively higher relative uptake of 18F-NOS in the lungs of mice pretreated with i.v. endotoxin compared with untreated controls up to 1 hour after administration of the tracer but this differential uptake almost entirely waned by 2 hours, pointing to the ideal kinetics of this tracer to image pulmonary inflammation. These biodistribution results paralleled the pulmonary levels of iNOS assessed by Western blot in the same mice, consistent with iNOS-specific uptake of 18F-NOS, a conclusion confirmed by iNOS blocking studies. MicroPET images obtained over 1 hour in mice who had received intratracheal endotoxin confirmed higher pulmonary uptake of 18F-NOS than in control mice. These animal studies were corroborated by a recent study in humans that showed a ∼30% increase in 18F-NOS uptake with PET 16 h after instillation of endotoxin in the right middle bronchus (Huang et al., 2015). This increased uptake was topographically associated with an increase in density on computed tomography of the area of endotoxin instillation and with positivity for iNOS of bronchoalveolar lavage cells recovered from that area and stained immunohistochemically. Taken together, these studies demonstrated the potential of 18F-NOS to image iNOS activity in acute lung inflammation in vivo, including in humans.
Peroxisome proliferator-activated receptor gamma (PPARγ) has a role in metabolism and inflammation, and its agonists have been investigated in the treatment of a variety of diseases. PET ligands that bind to PPARγ have been developed to monitor receptor expression over time and potentially identify patients who would most likely benefit from PPARγ directed therapies (Lee et al., 2012).
5 PET IMAGING OF LUNG MACROPHAGES
Although primed and activated neutrophils are the main source of the [18F]FDG signal, other cell types also contribute to the uptake of [18F]FDG. Specifically in relation to acute lung inflammation, Saha et al. (Saha et al., 2013) demonstrated that alveolar macrophages give an appreciable contribution to the [18F]FDG signal both in VILI and in a model of acute lung injury caused by intranasal instillation of endotoxin. Consequently, there is considerable interest in PET tracers that can selectively tag macrophages. A class of these tracers is represented by translocator protein (TSPO) ligands. TSPO is a transmembrane mitochondrial channel overexpressed in macrophages and monocytes in various inflammatory states. Jones et al. (Jones et al., 2002b) showed that PET imaging of the TSPO ligand PK11195 labeled with 11C revealed macrophage accumulation and trafficking in a rabbit model of lung injury induced by endobronchial instillation of silica particles. Radioactive counts from the challenged right upper lobe were elevated compared to control lung regions, and paralleled macrophage accumulation. With time, the signal increased also in regions along the lymphatic drainage path, consistent with macrophage trafficking through lymph ducts. In contrast, neither radioactivity nor macrophage numbers increased in lung regions challenged with endobronchial S. pneumoniae, despite marked neutrophilia on histology and demonstration in a prior study (Jones et al., 1994) that the S. pneumoniae model was associated with markedly increased [18F]FDG uptake. A subsequent study in humans by the same group (Jones et al., 2003) corroborated the concept that 11C- PK11195 and [18F]FDG mostly target two different cell types, i.e., macrophages and neutrophils, respectively, which are involved to a different extent in asthma versus chronic obstructive pulmonary disease (COPD).
More recently, Chen et al. (Chen et al., 2021) reported on a newer TSPO PET ligand with greater affinity for TSPO and specificity for lung macrophages, N-acetyl-N-(2-[11C]methoxybenzyl)-2-phenoxy-5-pyridinamine, which also can be labeled with 11C ([11C]PBR28). [11C]PBR28 uptake increased concomitantly with the development of a M2 macrophage-dominant lung inflammatory response in a Sendai virus infection model. In contrast, [11C]PBR28 uptake did not rise in an endotoxin instillation model characterized by neutrophilic inflammation. This differential uptake of [11C]PBR28 between the two models contrasted with that of [18F]FDG, which increased similarly in both. The increase in [11C]PBR28 uptake, but not [18F]FDG, was attenuated in transgenic mice heterozygous for a mutation that confers macrophage depletion (Csf1wt/opT). Lung tissue immunohistochemical staining revealed that TSPO localized predominantly to macrophages rather than neutrophils.
Taken together, these results suggest that TSPO ligands, especially those of the later generation with higher affinity, may yield useful PET tracers to assess the pulmonary macrophage inflammatory response and complement the less specific metabolic information provided by [18F]FDG.
6 CONCLUSION
Over the past several years, substantial advancements in PET technology, radiochemistry, and molecular biology have enabled development of an array of imaging methods to study inflammation in the acutely injured lung. These methods have yielded fundamental insights into the pathophysiology of VILI and ARDS.
AUTHOR CONTRIBUTIONS
The author confirms being the sole contributor of this work and has approved it for publication.
FUNDING
The funding for this article was provided by the Department of Anesthesiology and Perioperative Medicine at University of Massachusetts Chan Medical School and NIH R56HL161209.
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.
REFERENCES
 Bao, Y., Ledderose, C., Seier, T., Graf, A. F., Brix, B., Chong, E., et al. (2014). Mitochondria regulate neutrophil activation by generating ATP for autocrine purinergic signaling. J. Biol. Chem. 289 (39), 26794–26803. doi:10.1074/jbc.M114.572495
 Bellani, G., Guerra, L., Musch, G., Zanella, A., Patroniti, N., Mauri, T., et al. (2011). Lung regional metabolic activity and gas volume changes induced by tidal ventilation in patients with acute lung injury. Am. J. Respir. Crit. Care Med. 183 (9), 1193–1199. doi:10.1164/rccm.201008-1318OC
 Bellani, G., Messa, C., Guerra, L., Spagnolli, E., Foti, G., Patroniti, N., et al. (2009). Lungs of patients with acute respiratory distress syndrome show diffuse inflammation in normally aerated regions: A [18F]-fluoro-2-deoxy-D-glucose PET/CT study. Crit. Care Med. 37, 2216–2222. doi:10.1097/CCM.0b013e3181aab31f
 Chen, D. L., Agapov, E., Wu, K., Engle, J. T., Solingapuram Sai, K. K., Arentson, E., et al. (2021). Selective imaging of lung macrophages using [11C]PBR28-based Positron Emission Tomography. Mol. Imaging Biol. 23 (6), 905–913. doi:10.1007/s11307-021-01617-w
 Chen, D. L., and Schuster, D. P. (2004). Positron emission tomography with [18F]fluorodeoxyglucose to evaluate neutrophil kinetics during acute lung injury. Am. J. Physiol. Lung Cell. Mol. Physiol. 286, L834–L840. doi:10.1152/ajplung.00339.2003
 Costa, E. L., Musch, G., Winkler, T., Schroeder, T., Harris, R. S., Jones, H. A., et al. (2010). Mild endotoxemia during mechanical ventilation produces spatially heterogeneous pulmonary neutrophilic inflammation in sheep. Anesthesiology 112 (3), 658–669. doi:10.1097/ALN.0b013e3181cbd1d4
 de Prost, N., Costa, E. L., Wellman, T., Musch, G., Tucci, M. R., Winkler, T., et al. (2013). Effects of ventilation strategy on distribution of lung inflammatory cell activity. Crit. Care 17 (4), R175. doi:10.1186/cc12854
 de Prost, N., Feng, Y., Wellman, T., Tucci, M. R., Costa, E. L., Musch, G., et al. (2014). 18F-FDG kinetics parameters depend on the mechanism of injury in early experimental acute respiratory distress syndrome. J. Nucl. Med. 55 (11), 1871–1877. doi:10.2967/jnumed.114.140962
 Haberkorn, U., Ziegler, S. I., Oberdorfer, F., Trojan, H., Haag, D., PeschkeBerger, P. M. R., et al. (1994). FDG uptake, tumor proliferation and expression of glycolysis associated genes in animal tumor models. Nucl. Med. Biol. 21, 827–834. doi:10.1016/0969-8051(94)90162-7
 Huang, H. J., Isakow, W., Byers, D. E., Engle, J. T., Griffin, E. A., Kemp, D., et al. (2015). Imaging pulmonary inducible nitric oxide synthase expression with PET. J. Nucl. Med. 56 (1), 76–81. doi:10.2967/jnumed.114.146381
 Jacene, H. A., Cohade, C., and Wahl, R. L. (2004). F-18 FDG PET/CT in acute respiratory distress syndrome: A case report. Clin. Nucl. Med. 29 (12), 786–788. doi:10.1097/00003072-200412000-00002
 Jones, H. A., Cadwallader, K. A., White, J. F., Uddin, M., Peters, A. M., and Chilvers, E. R. (2002). Dissociation between respiratory burst activity and deoxyglucose uptake in human neutrophil granulocytes: Implications for interpretation of 18F-FDG PET images. J. Nucl. Med. 43, 652–657.
 Jones, H. A., Clark, R. J., Rhodes, C. G., Schofield, J. B., Krausz, T., and Haslett, C. (1994). In vivo measurement of neutrophil activity in experimental lung inflammation. Am. J. Respir. Crit. Care Med. 149, 1635–1639. doi:10.1164/ajrccm.149.6.7516252
 Jones, H. A., Marino, P. S., Shakur, B. H., and Morrell, N. W. (2003). In vivo assessment of lung inflammatory cell activity in patients with COPD and asthma. Eur. Respir. J. 21 (4), 567–573. doi:10.1183/09031936.03.00048502
 Jones, H. A., Sriskandan, S., Peters, A. M., Pride, N. B., Krausz, T., Boobis, A. R., et al. (1997). Dissociation of neutrophil emigration and metabolic activity in lobar pneumonia and bronchiectasis. Eur. Respir. J. 10, 795–803. doi:10.1183/09031936.97.10040795
 Jones, H. A., Valind, S. O., Clark, I. C., Bolden, G. E., Krausz, T., Schofield, J. B., et al. (2002). Kinetics of lung macrophages monitored in vivo following particulate challenge in rabbits. Toxicol. Appl. Pharmacol. 183 (1), 46–54. doi:10.1006/taap.2002.9462
 Lee, H., Chen, D. L., Rothfuss, J. M., Welch, M. J., Gropler, R. J., and Mach, R. H. (2012). Synthesis and evaluation of 18F-labeled PPARγ antagonists. Nucl. Med. Biol. 39 (1), 77–87. doi:10.1016/j.nucmedbio.2011.07.002
 Motta-Ribeiro, G. C., Hashimoto, S., Winkler, T., Baron, R. M., Grogg, K., Paula, L. F. S. C., et al. (2018). Deterioration of regional lung strain and inflammation during early lung injury. Am. J. Respir. Crit. Care Med. 198 (7), 891–902. doi:10.1164/rccm.201710-2038OC
 Musch, G., Venegas, J. G., Bellani, G., Winkler, T., Schroeder, T., Petersen, B., et al. (2007). Regional gas exchange and cellular metabolic activity in ventilator-induced lung injury. Anesthesiology 106 (4), 723–735. doi:10.1097/01.anes.0000264748.86145.ac
 Musch, G., Winkler, T., Harris, R. S., Vidal Melo, M. F., Wellman, T. J., de Prost, N., et al. (2014). Lung [18F]fluorodeoxyglucose uptake and ventilation-perfusion mismatch in the early stage of experimental acute smoke inhalation. Anesthesiology 120 (3), 683–693. doi:10.1097/01.anes.0000435742.04859.e8
 Paik, J. Y., Ko, B. H., Choe, Y. S., Choi, Y., Lee, K. H., and Kim, B. T. (2005). PMA-enhanced neutrophil [18F]FDG uptake is independent of integrin occupancy but requires PI3K activity. Nucl. Med. Biol. 32, 561–566. doi:10.1016/j.nucmedbio.2005.04.016
 Paik, J. Y., Lee, K. H., Choe, Y. S., Choi, Y., and Kim, B. T. (2004). Augmented 18F-FDG uptake in activated monocytes occurs during the priming process and involves tyrosine kinases and protein kinase C. J. Nucl. Med. 45, 124–128.
 Paik, J. Y., Lee, K. H., Ko, B. H., Choe, Y. S., Choi, Y., and Kim, B. T. (2005). Nitric oxide stimulates 18F-FDG uptake in human endothelial cells through increased hexokinase activity and GLUT1 expression. J. Nucl. Med. 46, 365–370.
 Phelps, M. E., Huang, S. C., Hoffman, E. J., Selin, C., Sokoloff, L., and Kuhl, D. E. (1979). Tomographic measurement of local cerebral glucose metabolic rate in humans with (F-18)2-fluoro-2-deoxy-D-glucose: Validation of method. Ann. Neurol. 6, 371–388. doi:10.1002/ana.410060502
 Retamal, J., Hurtado, D., Villarroel, N., Bruhn, A., Bugedo, G., Amato, M. B. P., et al. (2018). Does regional lung strain correlate with regional inflammation in acute respiratory distress syndrome during nonprotective ventilation? An experimental porcine study. Crit. Care Med. 46 (6), e591–e599. doi:10.1097/CCM.0000000000003072
 Saha, D., Takahashi, K., de Prost, N., Winkler, T., Pinilla-Vera, M., Baron, R. M., et al. (2013). Micro-autoradiographic assessment of cell types contributing to 2-deoxy-2-[18F]fluoro-D-glucose uptake during ventilator-induced and endotoxemic lung injury. Mol. Imaging Biol. 15 (1), 19–27. doi:10.1007/s11307-012-0575-x
 Sandiford, P., Province, M. A., and Schuster, D. P. (1995). Distribution of regional density and vascular permeability in the adult respiratory distress syndrome. Am. J. Respir. Crit. Care Med. 151, 737–742. doi:10.1164/ajrccm.151.3.7881664
 Schroeder, T., Vidal Melo, M. F., Musch, G., Harris, R. S., Venegas, J. G., and Winkler, T. (2008). Modeling pulmonary kinetics of 2-deoxy-2-[18F]fluoro-D-glucose during acute lung injury. Acad. Radiol. 15, 763–775. doi:10.1016/j.acra.2007.12.016
 Schuster, D. P., Brody, S. L., Zhou, Z., Bernstein, M., Arch, R., Link, D., et al. (2007). Regulation of lipopolysaccharide-induced increases in neutrophil glucose uptake. Am. J. Physiol. Lung Cell. Mol. Physiol. 292, L845–L851. doi:10.1152/ajplung.00350.2006
 Schuster, D. P., Markham, J., and Welch, M. J. (1998). Positron emission tomography measurements of pulmonary vascular permeability with 68Ga-transferrin or 11C-methylalbumin. Crit. Care Med. 26, 518–525. doi:10.1097/00003246-199803000-00026
 Schuster, D. P., Mintun, M. A., Green, M. A., and Ter-Pogossian, M. M. (1985). Regional lung water and hematocrit determined by positron emission tomography. J. Appl. Physiol. 59 (3), 860–868. doi:10.1152/jappl.1985.59.3.860
 Schuster, D. P. (1989). Positron emission tomography: Theory and its application to the study of lung disease. Am. Rev. Respir. Dis. 139, 818–840. doi:10.1164/ajrccm/139.3.818
 Tan, A. S., Ahmed, N., and Berridge, M. V. (1998). Acute regulation of glucose transport after activation of human peripheral blood neutrophils by phorbol myristate acetate, fMLP, and granulocyte-macrophage colony-stimulating factor. Blood 91, 649–655. doi:10.1182/blood.v91.2.649
 Torizuka, T., Tamaki, N., Inokuma, T., Magata, Y., Sasayama, S., Yonekura, Y., et al. (1995). In vivo assessment of glucose metabolism in hepatocellular carcinoma with FDG-PET. J. Nucl. Med. 36, 1811–1817.
 Wang, Z. G., Yu, M. M., Han, Y., Wu, F. Y., Yang, G. J., Li, D. C., et al. (2016). Correlation of Glut-1 and Glut-3 expression with F-18 FDG uptake in pulmonary inflammatory lesions. Med. Baltim. 95 (48), e5462. doi:10.1097/MD.0000000000005462
 Wellman, T. J., de Prost, N., Tucci, M., Winkler, T., Baron, R. M., Filipczak, P., et al. (2016). Lung metabolic activation as an early biomarker of Acute Respiratory Distress Syndrome and local gene expression heterogeneity. Anesthesiology 125 (5), 992–1004. doi:10.1097/ALN.0000000000001334
 Wellman, T. J., Winkler, T., Costa, E. L., Musch, G., Harris, R. S., Zheng, H., et al. (2014). Effect of local tidal lung strain on inflammation in normal and lipopolysaccharide-exposed sheep. Crit. Care Med. 42 (7), e491–e500. doi:10.1097/CCM.0000000000000346
 Zhou, D., Lee, H., Rothfuss, J. M., Chen, D. L., Ponde, D. E., Welch, M. J., et al. (2009). Design and synthesis of 2-amino-4-methylpyridine analogues as inhibitors for inducible nitric oxide synthase and in vivo evaluation of [18F]6-(2-fluoropropyl)-4-methyl-pyridin-2-amine as a potential PET tracer for inducible nitric oxide synthase. J. Med. Chem. 52, 2443–2453. doi:10.1021/jm801556h
Conflict of interest: The author declares that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2023 Musch. 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.
		ORIGINAL RESEARCH
published: 01 August 2023
doi: 10.3389/fphys.2023.1178339


[image: image2]
Comparison of hyperpolarized 3He-MRI, CT based parametric response mapping, and mucus scores in asthmatics
Katherine J. Carey1,2,3, Peter Hotvedt4, David G. Mummy5,6, Kristine E. Lee7, Loren C. Denlinger8, Mark L. Schiebler2, Ronald L. Sorkness9, Nizar N. Jarjour8, Charles R. Hatt3,10, Craig J. Galban10 and Sean B. Fain11*
1Department of Medical Physics, University of Wisconsin—Madison, Madison, WI, United States
2Department of Radiology, University of Wisconsin—Madison, Madison, WI, United States
3Imbio LLC, Minneapolis, MN, United States
4Department of Nuclear Engineering, University of Michigan—Ann Arbor, Ann Arbor, MI, United States
5Center for In Vivo Microscopy, Department of Radiology, Duke University, Durham, NC, United States
6Center for In Vivo Microscopy, Duke University, Durham, NC, United States
7Department of Biostatistics, University of Wisconsin—Madison, Madison, WI, United States
8Division of Allergy, Pulmonary, and Critical Care Medicine, University of Wisconsin—Madison, Madison, WI, United States
9School of Pharmacy, University of Wisconsin—Madison, Madison, WI, United States
10Department of Radiology, University of Michigan, Ann Arbor, MI, United States
11Department of Radiology, University of Iowa, Iowa City, IA, United States
Edited by:
Sam Bayat, Université Grenoble Alpes, France
Reviewed by:
Sarah Svenningsen, McMaster University, Canada
Sanghun Choi, Kyungpook National University, Republic of Korea
Rui Carlos Sá, University of California, San Diego, United States
* Correspondence: Sean B. Fain, sean-fain@uiowa.edu
Received: 02 March 2023
Accepted: 17 July 2023
Published: 01 August 2023
Citation: Carey KJ, Hotvedt P, Mummy DG, Lee KE, Denlinger LC, Schiebler ML, Sorkness RL, Jarjour NN, Hatt CR, Galban CJ and Fain SB (2023) Comparison of hyperpolarized 3He-MRI, CT based parametric response mapping, and mucus scores in asthmatics. Front. Physiol. 14:1178339. doi: 10.3389/fphys.2023.1178339

Purpose: The purpose of this study was to anatomically correlate ventilation defects with regions of air trapping by whole lung, lung lobe, and airway segment in the context of airway mucus plugging in asthma.
Methods: A total of 34 asthmatics [13M:21F, 13 mild/moderate, median age (range) of 49.5 (36.8—53.3) years and 21 severe, 56.1 (47.1—62.6) years] and 4 healthy subjects [1M:3F, 38.5 (26.6—52.2) years] underwent HP 3He MRI and CT imaging. HP 3He MRI was assessed for ventilation defects using a semi-automated k-means clustering algorithm. Inspiratory and expiratory CTs were analyzed using parametric response mapping (PRM) to quantify markers of emphysema and functional small airways disease (fSAD). Segmental and lobar lung masks were obtained from CT and registered to HP 3He MRI in order to localize ventilation defect percent (VDP), at the lobar and segmental level, to regions of fSAD and mucus plugging. Spearman’s correlation was utilized to compare biomarkers on a global and lobar level, and a multivariate analysis was conducted to predict segmental fSAD given segmental VDP (sVDP) and mucus score as variables in order to further understand the functional relationships between regional measures of obstruction.
Results: On a global level, fSAD was correlated with whole lung VDP (r = 0.65, p < 0.001), mucus score (r = 0.55, p < 0.01), and moderately correlated (−0.60 [image: image] r [image: image] −0.56, p < 0.001) to percent predicted (%p) FEV1, FEF25-75 and FEV1/FVC, and more weakly correlated to FVC%p (−0.38 [image: image] r [image: image] −0.35, p < 0.001) as expected from previous work. On a regional level, lobar VDP, mucus scores, and fSAD were also moderately correlated (r from 0.45–0.66, p < 0.01). For segmental colocalization, the model of best fit was a piecewise quadratic model, which suggests that sVDP may be increasing due to local airway obstruction that does not manifest as fSAD until more extensive disease is present. sVDP was more sensitive to the presence of a mucus plugs overall, but the prediction of fSAD using multivariate regression showed an interaction in the presence of a mucus plugs when sVDP was between 4% and 10% (p < 0.001).
Conclusion: This multi-modality study in asthma confirmed that areas of ventilation defects are spatially correlated with air trapping at the level of the airway segment and suggests VDP and fSAD are sensitive to specific sources of airway obstruction in asthma, including mucus plugs.
Keywords: asthma, MRI, CT, gas trapping, hyperpolarized He-3, parametric response mapping (PRM), ventilation
1 INTRODUCTION
Severe asthma exhibits considerable heterogeneity both across patients and within the lungs of an individual patient. Ventilation heterogeneity, or the non-uniform distribution of inspired gas within the lungs is a feature of asthma revealed by ventilation defects observed on HP gas MRI (Downie et al., 2007; Teague et al., 2014). Areas of ventilation defects have previously been shown to be associated with mucus plugging of the central airway as visualized on CT (Svenningsen et al., 2019; Mummy et al., 2022), areas of low density lung parenchyma on CT, thought to represent regions of air trapping (Fain et al., 2008), and local airway wall thickening presumably due to remodeling (Svenningsen et al., 2014). The ventilation defect percent, or VDP, has been established as a marker of asthma instability (Mummy et al., 2020). VDP has been extended to a regional measure using deformable registration to CT lobar and segmental structures, i.e., segmental VDP (sVDP), to guide bronchial ablation therapy (Thomen et al., 2015) and to better quantify regional association of VDP and mucus plugging (Mummy et al., 2022). However, the etiology of ventilation defects and air trapping in asthma are still under investigation.
Parametric response mapping (PRM) is a technique used to classify lung tissue based on densitometry at both inspiration and expiration (Galban et al., 2012) with the advantage of isolating inspiratory, i.e., emphysema, from expiratory low density lung parenchyma. The percent of low density lung parenchyma at expiratory lung volume from PRM corresponds to the functional small airways disease (fSAD) and has been shown to be associated with future spirometry decline in COPD (Bhatt et al., 2016) and asthma (Krings et al., 2021). fSAD is identical to air trapping measured using the −856 HU threshold (Lynch and Al-Qaisi, 2013) in asthma since emphysema is not a major component of the measurement.
The regional overlap of ventilation defects with air trapping is expected from previous work (Fain et al., 2008), but the anatomic co-localization at the lobar and airway segment level has not been directly studied. New measures of regional obstruction, including sVDP and mucus score, can provide anatomically precise co-localization of obstructive measures. This makes it possible to test spatial associations of ventilation defects with air trapping and their interaction with mucus plugging to gain insights into their functional significance in asthma. Here, we evaluate global and regional correlations between VDP and sVDP on HP 3He MRI with mucus plugging and fSAD on quantitative CT after administration of four puffs of albuterol, a β-agonist bronchodilator (BD). The comparisons at the airway segment level in this work are the first quantitative co-localization of small airways and ventilation markers.
2 MATERIALS AND METHODS
2.1 Study population
Our study population was drawn from the National Heart, Lung, and Blood Institute (NHLBI) Severe Asthma Research Program III (SARP3) population (Teague et al., 2018) recruited and imaged between 2012 and 2016. The study was compliant with the Health Insurance Portability and Accountability Act (HIPAA) and approved by the Institutional Review Board (IRB). Written informed consent was obtained from all subjects. The population was divided into mild/moderate and severe asthma groups as defined by the SARP criteria (Jarjour et al., 2012). The HP 3He MRI studies were conducted under Food and Drug Administration (FDA) investigational new drug (IND) protocol #064867. An overview of the study population and procedures is shown in Table 1.
TABLE 1 | Study population and image processing steps with number and percent of total participants at each stage. All imaging is post-bronchodilator. Percentages in the Healthy and Asthmatics columns are relative to the starting population; percentages in the Severe column are relative to the corresponding population at that stage.
[image: Table 1]CT, proton MRI, HP 3He MRI, and spirometry were all acquired on the same day. To mitigate the effects of airway hyperresponsiveness, all imaging and spirometry were acquired after administration of four puffs of albuterol, a β-agonist BD. Percent Predicted (PP) values for forced expiratory volume in one second (FEV1), forced vital capacity (FVC), and FEV1/FVC were generated using the Global Lung Function Initiative reference values (Krings et al., 2021).
2.2 Imaging methods
Volumetric multidetector CT (MDCT) was acquired post-BD at both total lung capacity (TLC) and functional residual capacity (FRC) each during a breath hold of approximately 4 s using a GE Light Speed CT scanner with 64 detectors (0.625 mm2 voxel size in-plane, 0.5 mm slice thickness). Images were reconstructed using a standard kernel. Specific acquisition parameters are presented in Supplementary Table S1.
MRI was acquired using a 1.5T Signa HDx GE scanner (GE Healthcare, Milwaukee, WI) with either a flexible (IGC Medical Advances, Milwaukee, WI) or a rigid-body (Rapid Biomedical, Columbus, OH) single-channel volume coil, depending on patient size. Both coils were tuned to operate at the resonant frequency of 3He and decoupled from the body RF coil so that proton MRI and HP 3He MRI could be acquired consecutively without moving the subject during matched breath-hold inflation volumes. The 3He studies in this work were conducted using Polarean IGI.9600 polarizer (Polarean Imaging plc, Durham, NC) and using the SEOP method described previously (Lynch and Al-Qaisi, 2013).
A 4.5-mM dose of HP 3He mixed with N2 normalized to 14% of the subject’s predicted total lung capacity (TLC) was prepared in a Tedlar™ bag (Jensen Inert Products, Coral Springs, FL) purged of oxygen to slow T1 relaxation. The subject was positioned supine in the scanner and inhaled the gas dose post-bronchodilator from functional residual capacity (FRC) through a short plastic tube attached to the bag. Subjects were instructed to hold their breath through a 16–20 s acquisition, and blood oxygen saturation was monitored continuously using a pulse oximeter to ensure safety during and after the anoxic breath-hold. Proton MRI was acquired to match volume and slice location after inhalation to an identical lung inflation volume. Specific MRI parameters are summarized in Supplementary Table S2.
2.3 Image analysis
2.3.1 MRI analysis
Ventilation defects were classified on HP 3He MRI using a semi-automated algorithm to calculate whole lung VDP (Zha et al., 2016). Proton MRI was registered to HP 3He MRI using a 3D rigid registration algorithm implemented using ANTs (http://stnava.github.io/ANTs/). The lung boundary was segmented on HP 3He MRI with reference to the proton MRI. The whole lung VDP was then identified as a percentage of total lung volume using an adaptive k-means classifier (Zha et al., 2016). Adaptive k-means is similar to standard k-means except that it conducts two rounds of clustering. The first identifies the lowest signal intensities, and the second reclassifies the lowest cluster from the first round to identify the fully obstructed subset. We referenced the performance of this method to radiologist observers who manually identified defects and then tuned the threshold of the reclassification of the low signal voxels to match the manual result. See (Zha et al., 2016; He et al., 2019) for more details.
2.3.2 CT analysis
PRM analysis was applied to paired inspiratory and expiratory CT scans as previously described (Galban et al., 2012). Briefly, inspiratory CT was deformably registered to expiratory CT and voxel-wise changes in Hounsfield unit (HU) values of lung density were used to determine areas of normal lung parenchyma, non-emphysematous air trapping referred to as functional small airway disease (fSAD), emphysema (Emph), and parenchymal disease. Inspiratory CT images were processed through commercial package (VIDA Diagnostics, Coralville, IA) to generate a segmental anatomical mask. PRM percentages by bronchopulmonary lobe and segment (lobar and segmental PRM, respectively) were determined by applying the CT segmental mask to the PRM maps and calculating percent within the anatomical volume.
Mucus plug scoring was performed on CT by expert radiologists (B.M.E., D.S.G., J.D.N.,S.K.N., and M.L.S.) as part of a multisite effort within the SARP3 study, using the system developed by Dunican et al. (2018). Each individual bronchopulmonary segment was scored based on input from two readers and classified as having a mucus plug when at least one of the two readers scored a plug as present.
2.4 Image registration
As summarized in Figure 1, the CT lung boundary and segmental anatomical masks were generated using a commercial package (VIDA, Coralville, IA). To align to 3He MRI, the masks were then deformably registered to the anatomical proton MRI mask using the ANTs software package (http://stnava.github.io/ANTs/), and the resulting transformation was applied to the original CT images, thereby registering the segmental mask to the HP 3He MRI. VDP by individual bronchopulmonary segment (sVDP) were determined using the registered CT segmental mask registered to the whole lung ventilation defect mask, a method based on the technique described by Thomen et al (Thomen et al., 2015). The segmental VDP (sVDP) was then compared to the corresponding segmental airway fSAD from the parametric response map of the CT scan at the expiratory (FRC) lung volume. Note that the PRM map is inherently registered to CT and so can be readily compared by airway segment.
[image: Figure 1]FIGURE 1 | Steps in the analysis workflow to align segmental mask from CT to the 3He MRI ventilation images. The steps are as described in the body of the figure. The segmental VDP (sVDP) was then compared to the corresponding segmental airway fSAD from the parametric response map of the CT scan at the expiratory (FRC) lung volume. Note that the PRM map is inherently registered to CT and so can be readily compared by airway segment with 3He MRI after these analysis steps. Modified from Mummy et al. (2022). Used with permission.
2.5 Statistical methods
Correlations between VDP, mucus plugging, and PRM measures on a whole lung and lobar level were calculated using the Spearman rank correlation. To further assess the spatial relationship between VDP, PRMfSAD, and mucus plugs, logarithmic values of segmental VDP and PRMfSAD were used to build a multivariate linear mixed model to best compare relationships accounting for the different lung regions. Piecewise linear mixed models were fit to allow for separate estimation of the effects when sVDP = 0. When sVDP is greater than 0, we evaluated curvilinear models and found the quadratic model provided the best fit. The best (most parsimonious) model was selected based on the Akaike Information Criterion (AIC) and Likelihood Ratio tests (for nested models). Tests for interactions between sVDP and segment region were significant for the intercept but not the quadratic form. Similarly, interactions with mucus plugs were significant for intercept shifts but not for the quadratic form. A mixed effects heterogenous compound symmetry covariance structure was used (for expected symmetry between left and right lung segments). A p-value of 0.05 was used for the threshold of statistical significance. Whole lung and lobar statistical comparisons and segmental modeling were completed by the statistician on the project (K.L.).
3 RESULTS
3.1 Study population
The study population consisted of 38 participants, including 4 healthy non-asthmatics, with 13 participants classified as having mild/moderate asthmatics and 21 as having severe asthma per the SARP3 criteria (Dunican et al., 2018). Population statistics are represented in Table 2. There were significant differences between Severe and Mild/Moderate Asthmatics with respect to BMI, FEV1 PP, FVC PP and VDP. By contrast, there were no significant differences between Severe and Mild/Moderate Asthma for fSAD, Emph, or Mucus Score. Of the 34 asthma patients, nine had mucus plugs. Those nine subjects had 80 segments with mucus plugs (about 14% of all segments had a mucus plug).
TABLE 2 | Population statistics split by asthma severity, and all subjects combined. Quantitative measures are presented as median [1st quartile—3rd quartile]. Whole lung mucus score presented is the sum of all segmental mucus scores. Measures are acquired after administration of four puffs of bronchodilator. All statistics were calculated using the Wilcoxon Rank Sum test with a significance threshold of p < 0.05. PP, percent predicted.
[image: Table 2]3.2 Global analysis
Confirming previous results, whole lung VDP and fSAD correlated with each other (Supplementary Figure S1), spirometry and mucus score (Supplementary Table S3). Qualitatively, larger areas of ventilation defect most commonly overlapped with areas of fSAD (Figure 2) but generally showed greater extent than fSAD (Figures 3A, B). More rarely, fSAD had greater extent, and in some participants, did not correspond to any local ventilation defect regions (Figures 3C, D).
[image: Figure 2]FIGURE 2 | Example images of (from top to bottom): Inspiratory CT, HP 3He MRI overlaid on conventional MRI, and PRM maps overlaid on Inspiratory CT for a (from left to right) healthy subject, moderate asthmatic, and severe asthmatic.
[image: Figure 3]FIGURE 3 | Examples of severe asthmatics where PRM and HP gas MRI are discordant. The most common discordant pattern is (A,B) HP 3He MRI ventilation > fSAD with whole lung VDP of 18.4% and PRMfSAD of 5.8%, and the least common is in (C,D) HP 3He MRI ventilation << fSAD with a whole lung VDP of 6.3% and PRMfSAD of 23.7%.
3.3 Lobar analysis
Regional analysis comparing the extent of functional CT and MRI measures for the same lung lobe across all 38 participants (Table 3) showed that fSAD significantly correlated with lobar VDP in every lung lobe (r from 0.45–0.66, p < 0.01). Additionally, VDP correlated with mucus score in every lung lobe (r from 0.50–0.67, p < 0.01), while fSAD correlated with mucus score in 4 lobes (r = 0.38–0.47, p < 0.05) with the exception being the right lower lobe as shown in Table 3. A scatterplot comparing lobar fSAD and lobar VDP is shown in Figure 4.
TABLE 3 | Spearman correlation coefficients by lobe for lobar fSAD compared to lobar VDP (left). Spearman correlation coefficients by lobe for lobar VDP and fSAD when compared to lobar mucus score (right). LUL, left upper lobe; LLL, left lower lobe; RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe. PP, Percent Predicted. Significance Key: *p < 0.05, **p < 0.01, ***p < 0.001.
[image: Table 3][image: Figure 4]FIGURE 4 | Scatter plot comparing lobar VDP to average whole lung and lobar fSAD. Points are colored based on disease severity and their shapes classify what lobe the datapoint is from. LLL, left lower lobe; LUL, left upper lobe; RLL, right lower lobe; RML, right middle lobe; RUL, right upper lobe.
3.4 Segmental analysis
The model of best fit for comparing segmental fSAD as a function of sVDP was a piecewise quadratic model with an interaction with the presence of mucus plugs (Figure 5A) and separate intercepts for each airway segment. The expected fSAD when sVDP values are at or near zero (the intercept) varies across segments (Figure 5B). Measures of fSAD were largely constant or modestly positive linear with increasing moderate sVDP values, but the dependence increased markedly for higher VDPs, typically starting at or near sVDP >4% after which segmental fSAD increased with sVDP at a growing rate. Details on the statistical model are in Appendix B. The three pieces of the model (VDP = 0, VDP > 0, and presence of mucus plugs) are all significantly different from each other (p < 0.001). The differences in the presence of mucus plugs on fSAD (red line, Figure 5) are largely for moderate levels of sVDP between 4% and 10%—note that by the time sVDP is >10%, the difference in fSAD when mucus plugs are present is less prominent. Plots of segmental fSAD and sVDP in airway segments with and without mucus from our study cohort further support this finding, suggesting better contrast for detecting obstruction due to mucus on a per segment basis (Figures 6B vs. 6A) overall. To further illustrate, a qualitative example of this result is shown in Figure 7 where a mucus plug is visualized in a moderate asthmatic comparing the resulting HP gas MRI sVDP with the corresponding fSAD from PRM. The typical pattern shown is that sVDP is much greater than fSAD in the vicinity of the mucus plug.
[image: Figure 5]FIGURE 5 | (A) shows the mixed effects piecewise multi-variate model showing how PRM fSAD changes with segmental VDP (with and without presence of mucus plug blue vs. red line). This functional relationship is common across all airway segments, but with (B) different intercepts for each segment (offsets relative to segmental VDP = 1 and segmental VDP = 0 are shown). These differences may relate to airway geometry, propensity for disease and/or inconsistency in lung inflation at functional residual capacity lung volume. (C) Segmental labels are defined as shown at far right. LB1 = Left bronchus segment 1, RB1 = right bronchus segment 1 etc.,… with index increasing from lung apex to base.
[image: Figure 6]FIGURE 6 | Box and whisker plots of (A) fSAD and (B) segmental VDP separated by segments with and without mucus plugs for each of 9 participants with non-zero mucus scores. Each data point is one bronchopulmonary segment and sums over both categories to the 19 segments analyzed.
[image: Figure 7]FIGURE 7 | Example of mucus plugging within a moderate asthmatic. (A) A mucus plug (arrow) visualized on inspiratory CT using a MIP of 7 slices. (B) A close-up of the mucus plug (arrow) in (A) (C) HP 3He MRI overlaid on conventional MRI with ventilation defects occurring near and downstream of the mucus plug visualized in (A). (D) PRM maps overlaid on Inspiratory CT in the axial slice of the mucus plug (arrow).
4 DISCUSSION
This is the first multimodality imaging study in patients with asthma to compare ventilation defects measured using the ventilation defect percent (VDP) with HP 3He MRI at the global, lobar and segmental level with functional small airways disease (fSAD) and airway mucus plugging after administration of four puffs of albuterol of BD. The fSAD is higher in segments with ventilation defects on HP 3He MRI. The fSAD measure, derived from parametric response mapping, identifies low density lung (−856 HU) on expiratory CT, and in asthma is synonymous with air trapping. The results corroborate previous work (Fain et al., 2008; Capaldi et al., 2016; Bell et al., 2019) showing correlation between ventilation heterogeneity and air trapping at the whole lung and qualitative regional levels (upper, middle, and lower and anterior/posterior). By comparing the measurements within physiologically defined anatomy of the lung, we show that VDP and fSAD are directly related at the lobar and segmental levels. The specific relationship was best described by a piecewise quadratic model with an interaction in the presence of airway mucus plugging suggesting fSAD responds to the presence of mucus plugging. Specifically, the interaction of fSAD with mucus plugs over a limited range of segmental VDP highlights potential differences in the sensitivity of these measures.
Importantly, the relationships between VDP and fSAD and their interactions with mucus plugs highlight potential differences in the measures that could be useful for interpretation. It was directly shown that fSAD is higher in segmental airway regions that also have ventilation defects, suggesting that the airway ventilation defects and air trapping likely share a similar etiology at the segmental level. However, it should be noted that spatial overlap was assumed in this analysis because the same segmental airway regions are shared but overlap was not directly measured. The interaction of fSAD’s dependence on VDP in the presence of a mucus plug shown in Figure 5 argues for a difference in degree of response that supports the idea that fSAD is emphasizing more distal vs. central airway obstruction. That is, the impact of mucus on fSAD is most pronounced at moderate levels of sVDP between 4% and 10%; this observation is consistent with fSAD being more sensitive to mucus plugging in the more distal small airways than sVDP since ventilation is only modestly reduced locally. By the time sVDP is >10%, the interaction with mucus between fSAD and sVDP is no longer apparent, which likely reflects the shared mechanisms of reduced gas delivery to the airway and its corresponding impact on gas retention leading to air trapping in that segment. Moreover, we are comparing a relatively low-resolution imaging modality, HP gas MRI, with results from a high-resolution imaging modality. fSAD derived from CT is likely more sensitive to changes on the scale of millimeters whereas HP gas MRI resolution is on the scale of a centimeter.
Despite the sensitivity of fSAD to early disease processes, we found that empirically, the sVDP better delineates visible mucus plugged segments on a per subject basis than fSAD. This is likely due to stochastic and inconsistency in lung inflation impacting lung density and airway closure, especially at functional residual capacity lung volume on the expiratory CT due to dose limitations (Appendix A) and inconsistencies in lung inflation that more greatly impact fSAD measurements (Boes et al., 2015). In our study CT scans were performed at functional residual capacity (FRC) rather than residual volume (RV), which may also contribute to physiologic variability in fSAD (Comellas et al., 2023). An advantage of VDP is that the signal is solely from direct gas filling of the airways from inhalation of the HP gas, which is more directly affected by central airway obstruction with consequent downstream opacification of the airway tree and is therefore less dependent on the lung inflation than densitometry on CT, although this needs further investigation.
Both fSAD and VDP are associated with future lung function decline and exacerbations in severe asthma (Mummy et al., 2020; Krings et al., 2021). To further establish the understanding of VDP and fSAD in asthma, additional studies are needed to investigate longitudinal changes in these metrics with special focus on regional measures and reducing sources of variability. VDP was highly correlated with measures of fSAD with similar functional dependence over each segment, but each segment had a different intercept. This suggests that airway anatomy is possibly pre-disposing each airway segment to more or less inconsistency in lung inflation at functional residual capacity lung volume and/or different levels of disease due to airway geometry or gravity dependence. An important area for future investigation is airway dysanapsis which may be an important factor in predisposing individuals and specific airway segments to more obstruction in asthma (Smith et al., 2020).
There are important limitations to this study. First, this study is small and representative of a single center. As asthma is a highly heterogenous disease, the relationship we observe between fSAD, mucus, and VDP may not be reflective of asthma in general. Second, the mucus score was performed independently by multiple radiologists involved in the SARP3 study and do not reflect a consensus read to resolve discordant scores. Similarly, the mucus score (Dunican et al., 2018) gives only a presence or absence measure in each segment so it is impossible to assess VDP and fSAD with respect to location or size of the mucus plug within a given airway segment. Third, the version of the parametric response mapping algorithm used in this work occasionally failed to fully remove airway regions from analysis, often near branch points of the central airways. These errors are a negligible fraction of the lobar and segmental lung regions analyzed in this work and are unlikely to substantively affect the results and conclusions. Finally, for legacy reasons this study was performed with hyperpolarized 3He gas, while hyperpolarized 129Xe gas is far more common in clinical research at present. We anticipate a similar functional relationship between VDP, fSAD, and airway mucus using HP 129Xe MRI (McIntosh et al., 2022). Studies directly comparing the two gases in the same patients show qualitatively larger VDP using HP 129Xe MRI presumably due to increased density of the gas mixture (Kirby et al., 2013). It is therefore conceivable that VDP measured with HP 129Xe MRI will have improved sensitivity to obstruction compared to fSAD, but testing of this hypothesis is left to future studies.
5 CONCLUSION
In conclusion, areas of ventilation defect as found on HP 3He MRI in asthma are spatially and globally correlated with areas of fSAD on CT, as determined using PRM. On the segmental level, our model predicting fSAD showed a quadratic relationship with VDP, and potentially improved sensitivity to mucus plugs for fSAD when obstruction is mild, i.e., sVDP is within 4%–10%. Overall, mucus plugs were more consistently associated with large sVDP than with large fSAD in the corresponding airway segment, possibly because of the larger response from the absence of airways distal to the obstruction.
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diffusion capacity for carbon monoxide. *Thresholding (VDPy) and k-means clustering (VDPy) methods previously optimized and validated for Technegas SPECT, and "Xe MRI, respectively.
Balil waloss deastsestistics] sgnificince at the w008 Jovd
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History of obstructive lung disease

All (n = 41) None (n = 21) Asthma (n = 6) COPD (n = 13)
Age years 68+7 6959 6156 6856 041
Female sex n (%) 25 (61) 14 (67) 5(83) 6 (46) 5=
bt kg/m’® 2746 2746 316 2427 008

Smoking history

Never n (%) 8 (20) 7(33) 1317 0(0) -
Past n (%) 24 (59) 10 (48) 5(83) 8(62) o
Current n (%) 9(22) 4(19) 0(0) 5(38) -
Pack-years 27(0-100] 20{0-66] 9(0-25) 50(14-100] 0.005'

Pulmonary function tests

FEV,%pred 8423 94 +19 83216 69 %27 0.007°
FVC%prea 98+ 18 104 £ 20 9712 DESH 017

FEV,/FVC % 67 13 72 £ 10 69+6 57+ 16 0.003°
DLeo%pre 93£31 107 £ 24 1124 22 <0.0001"

Primary tumor characteristics

NSCLC n (%) 33 (80) 16 (76) 4(66) 12(92) -
SCLC n (%) 12 - 117 - -
Other n (%) 30 2.(10) 1(17) B =
Stage n (%)"
Stage 1 25 (61) 12 (57) 5(83) 8(62) =5
Stage 1 707) 4(19) . 2(15) -
Stage 11l 30) - 107) 2(15) -
Stage IV 2(5) 2(10) 5= = =

T-classification n (%)"

T, (<3 cm) 19 (46) 8(38) 3(50) 8(62) -
T, (>3 to <5 cm) 11 27) 8(38) 2(33) 1® -
Ty (>5 to <7 cm) 4(10) 1(5) 117) 1(8) e
Ty (>7 em) 3(7) 165 - 2(15) -

Values are mean + standard deviation or median [minimum-maximum] except when indicated otherwise. BMI = body mass index; COPD = chronic obstructive pulmonary disease; FEV,
forced expiratory volume in one seconds; FVC = forced vital capacity; DLoo = diffusion capacity for carbon monoxide; NSCLC = non-small cell lung cancer; SCLC = small cell lung cancer;
Yhpeca = percent of predicted value. *As per TNM-staging 8" edition. “Significance of difference between groups was determined using a one-way ANOVA, with Tukey's multiple comparisons
test (parametric data) or Kruskal Wallis with Dunn's multiple comparisons test (non-parametric data). Multiple comparisons revealed 'COPD, different from asthma and none, ‘COPD,
ifSaroin fron icne. Dokl wiluas doncts satisticil sgnibianes ot the i< 005 level.
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Lobar mucus score

fSAD VDP
LUL 059 038 ** 054
LLL 0.66 ** 047 ** 050 **
RUL 052 044 * 067 ***
RML 051 %% 047 ** 0.62 %%
RLL 045 ** 030 057 **
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a Id/Moderate asthmatics Severe asthmatics
N 4 13 2 38
Gender IM3F 5M: 8F 8M: 13F 14M24F
Age (years) 38.5 (266—522] 495 [36.8—53.3] 56.1 [47.1—62.6] 51.2 [45.6—61.0]
High Dose ICS N/A 3 21 2
Daily OCS Dependent (Dose) N/A 0 3(4,7,8 mg) 3
Monoclonal Rx N/A 1 4 5

277 + [247—290]

324°t [282—345]

29.0 [263—34.1]

BMI 25.4°(24.0-27.0)
FEV1 PP 1117 [106—166] 87.81 [83.0—946] 77.8%t (69.1—97.7) 86.5% [75.4—105]
FVC PP 09" [101—118] 101 ¥ [86.6—109] 86.7°1 [82.9—972] 93.6% [84.8—105]
FEVI/FVC PP 102°(99.0—104] 962 89.1—99.1] 911" [82.3—98.5) 96.1% [85.5—99.0]

FEF25-75 PP

118+ [113—121]

79.5* [61.8—95.2]

55.8"(38.7—90.8]

78.0 [51.1—105]

VDP

0275% ** [0.0750—0.629]

251% * [1.17—4.30]

6.18% 1 [3.40—11.4]

343% [205—6.97)

SAD

0.122% [0.0554-155]

0.620% (0.406—3.86]

1.36% (0481—5.77)

1.19% [0.280—5.18]

Emph

0.0571% [0.0447—0.0816]

0.0875% (0.0613—0.124]

0.676% [0.0409—0.154]

0.0673% [0.0472—0.135]

Whole lung Mucus Score

00 [00—00]

00 [0.0—025]

00 [00—4.0]

00 [0.0—16]

“Significantly different between Healthy and Mild/Moderate Asthmatics.
“Significantly different between Healthy and Severe Asthmatics.
ionifrandy Diffwont botweon MidiModerste a0d Severs Astirinecs.
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d processing stages

tal asthmatics (seve

+ moderate) N (%)

1. Total SARPIII asthmatic population at UW-Madison | 5 (100%) 100 (100%) 62 (620%)
2. Subjects with HP *He MRI 5 (100%) 78 (78%) 48 (615%)
3. With inspiratory and expiratory CT 4 (80%) 34 (34%) 21 (61.7%)

4. With scored segmental mucus plugs 4 (80%) 34 (30%) 21 (61.7%)
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FVC
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GOLD
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Pil0.thirona

PRM
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prm.upper.emphysema
prm.upper.fsad
ROC-AUC

SD

SGRQ

SPIROMICS

TBV

tBV5/t.bvs

trabecular.T12

walk dist

6-min walk distance
area under the curve
airway wall thickness

segmental airway wall thickness, measured by Thirona
software

bronchodilator responsiveness
body mass index

Consolidated Standards of Reporting Trials
chronic obstructive pulmonary disease

Genetic Epidemiology of Chronic Obstructive
Pulmonary Disease

average Hounsfield unit value within the cortical region
of the T12 vertebral body

computed tomography
Digital Imaging and Communications in Medicine
CT-derived expiratory lung volume

forced mid-expiratory flow

post bronchodilator forced mid-expiratory flow

forced expiratory volume in 15

post bronchodilator FEV,/FVC

post bronchodilator FEV,% predicted

FEV, percent predicted per year

functional small airways discase

forced vital capacity

post bronchodilator FVC % predicted

Global Initiative for Chronic Obstructive Lung Disease
Health Insurance Portability and Accountability Act
Hounsfield unit

CT-derived inspiratory lung volume

institutional review board

pulmonary function testing

square root of an airway wall area with a 10 mm lumen
perimeter

square root of an airway wall area with a 10 mm lumen
perimeter, measured by Thirona software

Parametric Response Mapping
PRM lower lobes emphysema > 2%

PRM lower lobes fSAD > 10%

PRM total emphysema > 2%

PRM total fSAD >10%

PRM upper lobes emphysema > 2%

PRM upper lobes fSAD > 10%

receiver operating characteristic area under the curve
standard deviation

St. George's Respiratory Questionnaire

Subpopulations and Intermediate Outcome Measures in
COPD

total blood vessel volume
ratio of vascular tree length in vessels with a
cross-sectional area less than 5 mm? to total vascular tree

volume

average Hounsfield unit value within the trabecular
region of the T12 vertebral body

6-min walk distance
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Full model* CT-limited model**

GOLD 0 GOLD 1, 2 GOLD 0 GOLD 1, 2
Training data COPDGene P1-P2 26(21,33) 37(28,49) 19 (15,2.3) 27(21,35)
Internal validation COPDGene P2-P3 (5 year) | 20(14,2.9) 25(18,3.5) [ 15 (11,22) 13 (1.0, 1.6)
» Internal validation COPDGene P1-P3 (10-year) 5.8 (2.8, 12.0) 8.1(38,16.9) 24 (15,3.6) 35 (20,5.6)
External validation SPIROMICS | 2.5 (0.99, 6.3) 18 (116, 2.8) 2.14 (11, 4.1) 16 (1.0, 2.4)

95% confidence intervals are in parentheses.
“GOLD 0 full model variables: post bronchodilator FEV % predicted, BDR, CT-derived expiratory lung volume, SGRQ score, TBY sex; smoking status, post bronchodilator FEV,/FVC, height,
6MWD, PRMjq.cr 1obes 5ap > 10%, cortical.T12, age.

“GOLD 1-2 full model variables: BDR, age, PRMyouer iovs sa > 10%, weight, TBY, post bronchodilator FEV,% predicted, SGRQ score, CT-derived expiratory lung volume, race, smoking
status, height, MWD, PRMupper tobes emphysema > 2%, tBV5.

**GOLD 0 CT-limited model variables: CT-derived expiratory lung volume, TBV, sex, PRMiqyer tobes isan > 10%, cortical. 12, age.

**GOLD 1-2 CT-limited model variables: age, PRMqyer 1obes sap > 10%, TBV, CT-derived expiratory lung volume, PRM,r 1obes emphysema > 2%, tBV5.
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Full model CT-limited model**

5-year COPDGene P1-P2 (trail

GOLD 0 0653 £ 0.025 (p < 0.001) 0592  0.027 (p < 0.001)

GOLD 1-2 0713 £ 0.028 (p < 0.001) 0.650 + 0.030 (p < 0.001)

5-year COPDGene P2-P3 (Internal validation)

GOLD 0 0622 £ 0.048 (p < 0.001) 0562 + 0.048 (p = 0.028)

GOLD 1-2 0644 £ 0.054 (p < 0.001) 0591 + 0.059 (p = 0.008)

10-year COPDGene P1-P3 (Internal validation)

GOLD 0 0.680 £ 0.053 (p < 0.001) 0.603 £ 0.057 (p = 0.005)

GOLD 1-2 0753 £ 0.047 (p < 0.001) 0.679 £ 0.028 (p < 0.001)

SPIROMICS (external validation)

GOLD 0 0622 £ 0.081 (p = 0.021) 0571 + 0.089 (p = 0.120)

GOLD 1-2 0640 £ 0.059 (p < 0.001) 0568 + 0.059 (p = 0.056)

“GOLD 0 full model variables: post bronchodilator FEV% predicted, BDR, CT-derived expiratory lung volume, SGRQ score, TBV, sex, smoking status, post bronchodilator FEV1/FVC, height,
6MWD, PRMlower lobes fSAD > 10%, cortical T12, age.
“GOLD 1-2 full model variables: BDR, age, PRMiower iobs sa > 10%, weight, TBY, post bronchodilator FEV,% predicted, SGRQ score, CT-derived expiratory lung volume, race, smoking

status, height, SMWD, PRMupper lobes emphysema > 2%, tBVS.
**GOLD 0 CT-limited model variables: CT-derived expiratory lung volume, TBV, sex, PRMiqyer tobes isan > 10%, cortical. 12, age.
**GOLD 1-2 CT-limited model variables: age, PRMjower tobes san > 10%, TBV, CT-derived expiratory lung volume, PRMyier tobes emphysema > 2%, tBVS,
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COPDGene

COPDGene

p-value

p-value

SPIROMICS

p-value

P1 P2 COPDGene COPDGene SPIROMICS vs.

P2 vs. P3 vs. COPDGene P1
COPDGene P1 COPDGene P1

GOLD 1-2 totals | 1,523 425 511 500

Rapid decline 298% 384% “p =049 252% P =072 248% =072

(>1.5% A FEV,%

pred)

Male 469% 438% “p=054 452% p=06 41.6% =063

White 81.0% 80.9% “p =068 81.2% p =073 700% “p =056

Current smokers | 44.5% 344% “p =064 415% “p =062 36.6%

Lower lobe 59.8% 60.5% 556% p =057 526% P =059

PRMpsap > 10%

Upper lobe 55.7% 55.8% *p =047 57.5% P =053 528% P =057

PRMemphysema > 2%

Age (years) 630£85 67.8 £ 8.1 P <0.001 625+ 8.1 p=023 65.6 7.6 P <0.001

Height (cm) 170.1 £97 1703 £ 9.8 p=068 170.6 £ 95 p=031 1708 £ 9.3

Weight (kg) 823 %182 816+ 183 p=045 816178 p=041 820 +17.7 p=070

FVC% predicted | 72.8 = 143 744 £158 P =005 75.0 £ 154 P <0001 7524148 p<0.001

Post- 06+0.1 0601 p=079 06+ 008 p=084 080.1 P <0001

bronchodilator

FEV,/FVC

SGRQ score 261 %207 230 £ 19.0 p=001 234199 p=001 2994165 p<0.001

6MWD (m) 4312 £ 1094 424.1 £ 1152 p=024 449.4 £ 105.5 p <0.001 4219 £ 98.3 p =009

Smoking pack-years | 49.1 +25.1 495237 p=075 477 £ 230 p=027 514 £253 p=008

Inspiratory CT 57884+ 13842 | 58782+ 14383  p=024 58909 + 14321 | p=015 5896.5 + p=013

volume (mL) 14184

Expiratory CT 33129 £8605 | 33117 £8420 | p=098 32786 £ 8568 | p=044 34251 %8861 p=0.01

volume (mL)

TBV (mL) 1790 £395 1763 + 37.8 p=021 1804 £ 38.8 P =050 1826 £380 | p=008

BV (%) 782%42 799 £3.9 P <0.001 781£43 p=049 780 £3.4 P <0.001

trabecular.T12 1414 £710 1333 + 446 P =003 1432 £ 47.6 p=059 1336421 p=0.02

(HU)

cortical T12 (HU) | 3195 £ 624 3125:593  p=004 3203 £57.1 p=08 31354598 | p=006

“The z-proportions test was used to compute p-values for binary variables. The unpaired t-test was used to compute p-values for continuous data. Bolded text indicates a p-value < 0.05.
Abbreviations: SGRQ, St. George's Respiratory Questionnaire; MWD, 6-min walk distance; TBY, total blood vessel volume; tBV', ratio of vascular tree length in vessels with a cross-sectional
area less than 5 mm* to total vascular tree volume; trabecular.T12, average Hounsfield unit (HU) value within the trabecular region of the T12 vertebral body; cortical T12, average Hounsfield

unit (HU) value within the cos

I region of the T12 vertebral body.
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COPDGene

COPDGene

p-value

COPDGene

p-value

SPIROMICS

p-value

P1 P2 COPDGene P3 COPDGene SPIROMICS vs.

P2 vs. P3 vs. COPDGene P1
COPDGene P1 COPDGene P1

GOLD 0 totals 2298 665 839 385

Rapid decline 26.5% 27.4% =062 128% P =094 14.0% p=071

(>1.5% A FEV,%

pred)

Male 51.8% 55.0% *p =047 527% “p =058 55.8% p =027

White 310% 256% “p =068 309% “p =068 493% P =022

Current smokers | 48.9% 335% “p =069 48.5% “p =061 429%

Lower lobe 10.6% 74 105% “p =081 62% p=079

PRMjsp > 10%

Upper lobe 144% 19 “p=078 157% “p =075 10.1%

PRMcnphyscna > 2%

Age (years) 580 + 8.5 63683 P <0.001 57.6 +83 p=026 619£93

Height (cm) 1699 £ 9.4 168.4 £ 9.2 P <0.001 1697 £92 p=073 169.1 £ 9.4

Weight (kg) 844 + 184 834 £19.0 p=025 838 +17.7 p=039 840 £17.6

FVC% predicted | 975 £ 115 982+ 117 p=02 980 + 115 p=025 970 £ 124

Post- 08 0.1 0805 p=016 08 0.1 p=058 1.0 £ 0.1

bronchodilator

FEV,/EVC

SGRQ score 148 £ 167 128 £153 p=001 142163 P =036 229171 p<0.001

6MWD (m) 4696 £1065  4489+-1207  p<0.001 47481102 | p=023 4383£902  p<0.001

Smoking pack-years | 37.1 £ 20.3 381 +203 p=025 365 + 194 p=051 440£278  p<0.001

Inspiratory CT 53188 + 12377 | 52739 12617  p =041 53252412516 | p =090 52264 + p=018

volume (mL) 12535

Expiratory CT 26393 + 6498 26003 %6212 p=0.17 259766524 | p=011 26856 £ 6841 | p=02

volume (mL)

TBV (mL) 1729 £ 389 1693 £ 35.8 =003 1757 £ 406 p =008 1710357 | p=035

BV (%) 778 £ 4.0 799 + 4.1 P <0.001 778 + 4.1 p=074 794 £33 P <0.001

trabecular.T12 1627 £ 505 1439 £ 41.8 P <0.001 1629 + 487 p=095 1514+ 498 p<0.001

(HU)

cortical TI2 (HU) | 3327 + 57.2 3164 +55.8 P <0.001 3336+ 542 P =069 3201548 p<0.001

“The z-proportions test was used to compute p-values for binary variables. The unpaired t-test was used to compute p-values for continuous data. Bolded text indicates a p-value < 0.05.
Abbreviations: SGRQ, St. George's Respiratory Questionnaire; MWD, 6-min walk distance; TBV, total blood vessel volume; tBV', ratio of vascular tree length in vessels with a cross-sectional
area less than 5 mm” to total vascular tree volume; trabecular.T12, average Hounsfield unit (HU) value within the trabecular region of the T12 vertebral body; cortical.T12, average Hounsfield

unit (HU) value within the cos

1 region of the T12 vertebral body.
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