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Figure S1. Dice coefficient vs epoch, related to Figure 1
The dice coefficient on the training set after 15 epochs (0.928) is indicated by the dashed horizontal line.
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Figure S2. micro-CT images acquired by the CT120 scanner with lung ROIs, related to Figure 1
Comparison of n = 10 hand-drawn and 3D U-net-predicted lung ROIs in the transverse plane from the hold-out
test image set, where the green ROIs were manually drawn by a human reader and the red ROIs were predicted
by the trained 3D U-net. Click figure to animate.
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Figure S3. Dice coefficient vs. approximate total lung tissue volume for the 200-scan ct120 hold-out test
set, related to Figure 2
Total lung tissue is primarily composed of blood vessels and tumors (GEMM lung tumor mouse model) or fibrotic
tissue (fibrosis mouse model). For the n = 200 scans shown, open black circles represent values from GEMM
mouse model scans, filled blue circles represent values from fibrosis mouse model scans, the median dice coeffi-
cient across all scans is shown by the dashed line and the average trend of dice coeffocient vs. tissue volume is
captured by the LOESS regression curve shown in red.
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Figure S4. Log file for forward prediction of lung masks, related to STAR Methods
Log file shown for n = 29 hold-out test scans. Lungs segmented using the trained 3D U-net and Matlab scripts for
image pre- and post-processing.
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U

Figure S5. Screenshot of object labeling tool, related to Figure 3
For each scan of interest with n watershed segmentation-generated tissue objects (watershed objects), the original
micro-CT image is opened (upper-left window), allowing the user to scroll through the transverse slices with both
the 3D U-net-predicted lung ROI and watershed object i of n superimposed on each slice. The labeling tool also
provides a 3D rendering of the original micro-CT image with all n watershed objects shown(right-hand window).
A tissue label (tumor, vessel or other/unknown) is assigned to each watershed object in the Command Window,
where the watershed object shown in the stack of transverse slices is continually updated to show only the object
currently under consideration (watershed object i).
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Figure S6. Confusion matrices and receiver operating characteristic (ROC) curves, related to Table 1
Left-hand column shows confusions matrices and right-hand column shows ROCs, for the hold-out test data sets
(n = 364 tissue objects) corresponding to the trained A) K-nearest neighbors, B) support vector machine and
C) classification ensemble models; D) confusion matrix and predicted vs. ground truth tissues labels (right-hand
plot) are shown for the trained regression ensemble classification model, where predicted tissue class values of
< 1.5, 1.5 − 2.5, ≥ 2.5 are assigned tumor, vessel and other, respectively. The area under the curve (AUC) and
x-, y-coordinates of the optimal operating point are shown for each ROC (perfcurve Copyright 2008-2021 The
MathWorks, Inc.). 7



Figure S7. Matlab output for forward prediction of individual tumor ROIs, related to STAR Methods
Matlab terminal output shown for n = 29 hold-out test scans. Note that the watershed segmentation step is
executed by the software package Analyze 12. All other steps are performed within MATLAB.
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Figure S8. Lung ROIs for respiratory-gated scans acquired by the MILabs scanner, related to Figure 1
ROIs were predicted by the 3D U-net trained on n = 8 selected images acquired by the ct120 scanner. Click figure
to animate.
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Figure S9. A priori feature selection using neighborhood component analysis, related to Figure 3
Analysis based on Matlab function fscnca (Copyright 2015-2016 The MathWorks, Inc.). Prior to training the classi-
fication algorithms summarized in Table S1, the full feature array (18 features, 1941 tissue objects) was analyzed
to identify correlations between individual features and the three tissue classes (vessel, tumor, other). The 1941
tissue objects were split into 5 partitions of approximately equal size, for which feature weights were calculated.
The boxplot shows median, 25% and 75% quantiles (boxes) and most extreme values (whiskers) of the calculated
feature weights across the 5 partitions (n = 5). Most features have estimated weights greater than zero, with
metrics of object size and location having the highest weights, where the principal axis length along the z-axis and
object centroid on the x- and y-axis are strongly correlated to the tissue class of each object. Right-hand image
shows image axes for a representative micro-CT scan where segmented blood vessels are shown in yellow and
tumors in orange. The mean image intensity in Hounsfield units is also highly correlated to tissue class, but is
also correlated with object size where larger objects will tend to have higher average image intensities. Generally,
the features within each of the 5 classes shown in the boxplot legend will tend to be correlated to one another. All
features analyzed here were included in the feature array used for classification algorithm training.
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Figure S10. 3D image preprocessing steps for lung tumor segmentation, related to STAR Methods
The key image processing steps for the lung tumor segmentation algorithm are summarized here, where 1) the
lungs are segmented using the region of interest estimated by the trained 3D U-net, the resulting lung CT image is
2) binarized and 3) small objects are removed via erosion/dilation operations before 4) coregistering the lung ROI
to a reference scan lung ROI; 5) watershed segmentation is then applied to the image generated by step 3 and
6) the resulting objects are warped to the reference scan coordinates using the affine transformation parameters
calculated in step 4. Click figure to animate.
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