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Current state and limitation of quantification analysis on chest CT

Chronic obstructive pulmonary disease (COPD) is a complex heterogeneous condition with various
combinations of emphysema, small airways disease and chronic bronchitis. Previously, quantification of
chest CT imaging had some limitation to use in clinical practices. In recent years, pulmonary imaging
technologies have advanced in quantification of CT imaging using artificial intelligence. We discuss current

situation, limitation, and the future role of quantification of chest CT imaging in assessing COPD.
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Lobe LungVolume(cc) | Xenon/vxi(avg) | Xenon/vxI(SD) | TotalXenon | VolumeRatio | VentilationRatio
RUL 1276.66 18.65 20.75 21813.61 0.16 0.24
RML 612.79 8.40 12.53 5146.07 0.08 0.05]
RLL 2114.44 13.74 16.87 29048.92 0.26 0.29
LUL 1510.69 16.69 19.39 25208.32 0.19 0.25
LLL 2628.78 6.58 10.50 17297.42 0.32 0.17
LeftLung 4139.48 42505.74 0.51 0.42
RightLung 4003.90 58008.60 0.49 0.58
WholelLung 8143.37 100514.34 1.00 1.00]

Figure 1. Quantification results of Xenon ventilation CT imaging
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Figure 2. Parametric response map and emphysema air-trapping composite map of same COPD patient
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Lobe LungVolume(cc) lodine/vxl(avg) lodine/vxI(SD) Totallodine VolumeRatio PerfusionRatio
RUL 1584.74 21.71 11.37 2344541 0.21 022
RML 34145 28.17 13.54 8706.84 0.05 0.08
RLL 2052.2 2284 13.14 36423.12 0.27 0.35
LUL 1540.77 15.73 10.68 15856.44 02 0.15
11l 2047.99 17.35 13.63 19809.26 0.27 0.19
leftLung 3588.76 16.59 12.33 35662.9 0.47 0.34
rightLung 3978.4 2299 12.75 68586.98 0.53 0.66
wlLung 7567.16 20.33 12.86 104387.93 1 1

Figure 3. Quantification results of lodine perfusion CT imaging
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INSP

LAA (=-950HU) 20 % D-Slope -4.16
* According to the Fleischner Society Statement (Lynch DA, et al, Radiology 2015), there is no significant emphysema if LAA i less than 6%.

YU 2090
VIR (0

LAA Table
/ Regions Volume  LAA MLD PLIS
Az Whole Lungs 4T28cc 0%  -852HU  -964HU
Rt. Lung 2641 cc 20% -853HU -964 HU
Lt. Lung 2088 cc 20% -851 HU -965 HU
‘ '4v J RUL Bllcc 6%  -816HU  9T2HU
RML 3SScc  15%  -864HU  -9S0HU
Prees e RLL 969cc  15%  -8ITHU  -948HU

LAALS %

LuL 1153 cc 25% -869 HU -973 HU
LAA lS % / LLL 934 cc 15% -829 HU -948 HU

Rt Lung: 20 % Lt Lung: 20%

Figure 4. Lung, lobe, and airway segmentation and emphysema quantification results using fully automated
quantification software
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