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Background and purpose: Lung volumes are functionally heterogeneous but typically considered uni-
formly during radiotherapy planning. The present study aims to predict regional differences in
radiation-induced lung damage based on pre-treatment CT information.
Materials and methods: For 42 lung cancer patients (including 15 from an external validation set), two
200 cc lung subvolumes (low-density (LD) and high-density (HD)) were auto-segmented in the ipsilateral
lung of the planning CT0. After non-rigid registration of 3 month follow-up CT scans, sigmoidal dose-
density change (DHU = HU3M � HU0) response curves were determined for all subvolumes. Predictive
factors for the sigmoidal response parameters D50 and saturation level DHUmax were analyzed.
Results: The baseline density difference between LD (mostly in the upper lobe) and HD (mostly in the
lower lobe) was on average 102 HU. The saturation level DHUmax,LD was significantly smaller than
DHUmax,HD (p = 0.03). Expressed as mass density increase relative to the baseline density, saturation
levels were 20.7% on average irrespective of baseline density, and they could be predicted in LD and
HD subvolumes (AUC = 0.70–0.78). Intra-lung differences in D50 were significantly smaller than inter-
patient differences.
Conclusions: Limited amount of damage was observed in LD subvolumes, while the relative density
increase of all subvolumes was well predictable. This could allow dose redistribution preferentially tar-
geting low-density lung regions.

� 2016 Elsevier Ireland Ltd. All rights reserved. Radiotherapy and Oncology 122 (2017) 300–306
Treatment dose prescription in (chemo)radiotherapy for stage
III-IV non-small cell lung cancer is often limited by dose con-
straints applied on the normal lungs [1–3]. The resulting ad hoc
lowered dose prescriptions often imply suboptimal tumor control
probability. Widely accepted population-based dose constraints,
limiting the incidence of significant radiation pneumonitis, are a
mean lung dose (MLD) of both lungs below 20 Gy and a lung vol-
ume receiving 20 Gy (V20) below 35% of the total lung volume
[4–5]. Clinical risk factors for radiation pneumonitis development
include age and smoking history [4–6].

A growing need for further lung toxicity risk-based individual-
ization of the prescribed dose exists in the current era of modu-
lated photon and particle treatments. In order to use these
rapidly evolving treatment techniques to their full potential, better
discriminating prediction models are required. This could partly be
addressed by biomarkers of radiosensitivity [7]. While replicated
results applicable in routine clinical practice are not yet available
from the field of radiogenomics, imaging biomarkers could provide
useful information on shorter notice, including relevant spatial
information [8].

Another approach for treatment individualization is to exploit
regional heterogeneity in the lung. Indeed, the lung was considered
a parallel organ with uniform characteristics in aforementioned
work. However, it is known that lungs can be extremely heteroge-
neous in their structural composition as well as in their functional
capacity [9]. Observed examples were the increased lung radiosen-
sitivity of lower lobe tumor treatments [10–12] and nuclear imag-
ing ventilation and perfusion scans unveiling dramatic differences
in regional functionality [13].

The presence of radiation-induced lung damage is an important
cause of clinical lung toxicity. Lung damage was quantified by the
magnitude of density increase of lung parenchyma, or by other fea-
tures derived from follow-up CT scans [14–19]. A large inter-
patient variability in dose response was observed for this lung
damage endpoint [8,18]. Its correlation with clinical lung toxicity
endpoints was shown in combination with the volume concerned
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by the damage [18,20,21]. Clearly, along the lines of exploiting
regional lung characteristics, sparing lung regions at higher risk
for damage while preferentially targeting low-risk regions could
be a promising strategy.

A prediction model for patient-specific radiation-induced lung
damage, based on characteristics of the baseline CT, was previously
presented [18]. The median density of irradiated lung tissue,
reflecting the density of the local lung structure, was shown to
be correlated to the absolute amount of damage measured
3 months after treatment. Our hypothesis was that the same
behavior exists on the level of subregions within the same lung,
i.e. that the lowest density regions (portions of less dense lung par-
enchyma, emphysema, lung bullae, etc.) might remain unchanged
after treatment, in contrast to high density regions at risk of pul-
monary infiltrations. Identification of such regions at the planning
stage could then guide dose deposition in order to minimize the
risk of radiation-induced lung tissue damage.

The goal of present work was thus to investigate the translation
of the inter-patient prediction model to subregions within the
lung. Therefore, the damage of two lung subvolumes, differing in
median baseline density, was quantified. Predictive factors for this
lung heterogeneity were studied, as they could help in patient
selection for lung damage risk-based dose redistribution planning.
Materials and methods

Patient datasets

A total of 42 stage III–IV lung cancer patients treated with
intensity-modulated radiotherapy (IMRT) were retrieved from 2
institutions, further referred to as dataset 1 and 2. The core of both
datasets was an existing interinstitutional database described in
detail in [18], from which all 30 IMRT treatments were selected.

Dataset 1 contained 27 patients from the University Hospitals
Leuven (15 from previous work, enriched by 12 patients with a
lower lobe tumor) treated up to 66 Gy, in 2.75 Gy fractions sequen-
tially with chemotherapy or in 2 Gy fractions concurrent with
chemotherapy. 5- or 7-field IMRT or 2-arc RapidArc (RA) plans
were delivered. The baseline planning CT (CT0) was a free-
breathing CT and dose calculation of treatment plans was done
with an Analytical Anisotropic Algorithm (AAA 10.0.28) from
Eclipse (Varian Medical Systems, Palo Alto, CA).

Dataset 2 consisted of 15 patients treated at Maastro Clinic (all
from previous work). Dose prescription was 45 Gy in 1.5 Gy frac-
tions twice per day, followed by a boost up to 24 Gy (2 Gy frac-
tions). CT0 was a 50% expiration 4DCT frame. IMRT plans
calculated with a convolution superposition algorithm from XiO
(Elekta, Stockholm, Sweden) were delivered.

Deep inspiration breath-hold diagnostic follow-up CT scans
approximately 3 months after end of radiotherapy (CT3M) were
retrieved. All scans were taken in supine position with the arms
raised above the head. Dyspnea scores (CTCAE 4.0) at the follow-
up timepoint were retrospectively retrieved.
Lung subvolume generation and damage analysis

A predictive model for lung damage susceptibility on the
patient level was previously designed. The model indicated that
the median density calculated on CT0 within the V20 volume,
was highly predictive for the observed lung density increase
3 months after treatment [18]. The effect was most pronounced
in SABR treatments (with small V20 volumes of on average
205 cc). This predictive factor was tested now for its ability to
discriminate between damage susceptibility of different regions
within the same lung. Two subvolumes of approximately
200 cc, named low-density (LD) and high-density (HD), were
generated within the ipsilateral ‘lung minus planning target vol-
ume (PTV)’ using following user-independent strategy. The ‘lung
minus PTV’ volume was sampled every 1.5 cm for voxels acting
as seed points for region growing. The resulting region-growing
volumes were expanded by a morphological closing operator.
Only volumes were retained for which a dose–damage response
analysis was possible at least from 20 Gy to 40 Gy. From the
remaining volumes, the two non-overlapping volumes with
maximal difference in median baseline density (HU0) were
selected for the susceptibility study. All image analysis steps
were performed in MeVisLab 2.6.2 (MeVis Fraunhofer, Bremen,
Germany). More details on this subvolume autogeneration are
described in Appendix 1.

For both the LD and HD subvolumes, a dose–damage response
analysis was performed as previously reported [18]. In short,
CT3M was non-rigidly registered to CT0 using a free-form
intensity-based registration algorithm of MIM 6.1.7 (MIM soft-
ware, Cleveland, OH). Subsequently, a difference image was cre-
ated by voxelwise subtraction of HU values (DHU = HU3M � HU0).
From this difference image, the median HU value within 5 Gy dose
bins (between 0 Gy and 60 Gy) was calculated and plotted against
the corresponding equivalent dose in 2 Gy fractions (EQD2,
a=b ¼ 4Gy, repopulation rate = 0.44 Gy/day) [22,23]. Dose bins
with a volume smaller than 1 cc were not taken into account.
The HU difference in the lowest dose bin was used as a reference
(i.e. negligible damage at low dose was assumed).

Sigmoidal least squares fits of dose versus DHU data were pro-
duced for every lung subvolume, resulting in subvolume-specific
damage parameters D50 and DHUmax. Quality of the fit was
expressed as the sum of squared residuals (SSR). The fit was qual-
ified as acceptable when SSR 6 4000, i.e. residuals being smaller
than 20 HU on average.
Statistics

Differences between the LD and HD damage parameters were
analyzed with a paired t-test for continuous variables and a McNe-
mar test for proportions, while all comparisons between both data-
sets relied on unpaired t-tests and Z-score, respectively (0.05
significance level). The average intra-patient difference in damage
parameters was compared to the previously observed inter-patient
distribution. A lognormal distribution was fitted to the inter-
patient data of Fig. 2b and d of [18]. Subsequently, for every
patient, a datapoint pair was randomly generated from this inter-
patient distribution. Repeating this 1000 times resulted in a distri-
bution of average inter-patient damage parameter difference for
our sample size.

Both dataset 1 and 2 were combined to find predictors (univari-
ate linear regression) for HU0 difference between LD and HD, and
for the damage parameters (using acceptable fits). Following
covariates were analyzed: gender, age, PTV volume, ipsilateral
‘lung minus PTV’ volume, lung laterality, upper/middle or lower
lobe tumor location, smoking status (current versus never/previ-
ous smoker), overall treatment time (OTT), MLD, mean and maxi-
mal heart dose (Dmean, Dmax), and CT3M timepoint. Damage
parameters and grade P2 dyspnea Spearman’s correlation coeffi-
cients were calculated.

Finally, multivariate logistic regression models predicted the
saturation level of relative mass density increase (DHUmax/
(1000 + HU0)) above thresholds of 10% and 20%. A forward selec-
tion procedure was performed on the combined dataset with the
likelihood ratio test as comparison criterion (threshold p = 0.10).
Predictive accuracy of the models was assessed with stratified
3-fold cross-validation repeated 100 times. Median value and
95% confidence interval (CI) of model performance on the unseen
validation data were reported in terms of the area under the
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curve (AUC) of the receiver operating characteristic curve. Lastly,
model coefficients optimized for dataset 1 were externally vali-
dated in dataset 2.
Results

Patient and treatment characteristics are listed in Table 1. Opti-
mal lung subvolumes with an average size of 187.6 cc and 216.5 cc
were generated in both datasets. LD and HD subvolumes had med-
ian HU0 values of on average �834 HU and �725 HU in dataset 1
and �853 HU and �763 HU in dataset 2, respectively. Average
value and range of HU0 difference between LD and HD was
109 HU (45 HU; 196 HU) and 90 HU (23 HU; 213 HU) in both data-
sets, respectively. LD subvolumes were situated completely in the
upper lobe in 30 out of 42 patients, and completely in the lower
lobe in only 4 patients. HD subvolumes’ location was completely
in the lower lobe in 21 patients, and in the upper lobe in 6 patients.
Characteristics of the optimal subvolumes are described in Table 2.
Fig. 1 displays a patient example with optimized subvolumes and
corresponding damage response curves.

Dose–damage response analysis resulted in average values of
DHUmax,LD = 30 HU and DHUmax,HD = 47 HU, combining both data-
Table 1
Patient and treatment characteristics (absolute number of patients or median value with ra
the fourth column (Z-score for proportions, unpaired t-test for continuous variables).

Dataset 1 (n = 27)

Gender
Male 16
Female 11

Age 64.6 (17.0; 82.8)

Tumor location
Left upper/middle lobe 7
Right upper/middle lobe 4
Left lower lobe 3
Right lower lobe 12
Combined location 1

Chemotherapy regimen
None 7
Sequential 2
Concurrent 18
Concurrent + cetuximab 0

Smoking status
Never 1
Ex-smoker 20
Current smoker 6
Unknown 0

FEV1(l) 2.10 (0.92; 3.07)

Treatment technique
IMRT 20
RapidArc 7

PTV volume (cc) 552.2 (87.8; 1466.3)

Ipsilateral lung-PTV volume on CT0 (cc) 1468 (444; 2438)

CT3M time (months after end of RT) 2.6 (0.9; 4.3)

Mean Lung Dose (Gy physical dose) 18.7 (7.6; 22.6)

Heart dose (Gy physical dose)
Dmax 65.7 (40.3; 71.8)
Dmean 16.9 (3.5; 28.3)

Overall treatment time (days) 44 (23; 49)

Dyspnea score at follow-up
Grade 0 4
Grade 1 9
Grade 2 8
Grade 3 4
Unknown 2

Abbreviations: FEV1, forced expiratory volume in 1 s; N/A, not available; IMRT, intensity-
lung-PTV, lung minus PTV.
sets (p = 0.027). This difference was more pronounced in dataset
2 (p = 0.0022). For 32 out of 42 patients (and 22/26 patients with
acceptable fits) DHUmax,HD was equal or larger than DHUmax,LD.
For 21/32 patients (and 13/22 with acceptable fits) this difference
was larger than 20 HU. Fig. 2 depicts the dependence of DHUmax on
HU0 (R2 = 0.09), however, a large spread on the data was present.
The best linear fit to all datapoints as depicted in Fig. 2, corre-
sponded to an almost constant relative mass density increase, irre-
spective of HU0. No significant difference was observed between
D50,LD and D50,HD (p = 0.69). The absolute difference between D50,

LD and D50,HD was 15.1 Gy on average (only 12.0 Gy in dataset 2).
Randomly simulated inter-patient pairs of D50 showed higher dif-
ferences in 87.1% of cases. For dataset 2 this was 99.2% (95% CI :
94.6–100.0%).

Male gender and higher MLD were significantly associated with
higher HU0 difference between LD and HD in univariate analysis
(p = 0.036 and p = 0.030 respectively). As for the damage parame-
ters, associations of lower age (p = 0.038) withDHUmax,LD and heart
Dmax (p = 0.011) with DHUmax,HD were present. A higher HU0,HD

was a univariate predictor for DHUmax,HD in dataset 2 (p = 0.016).
No significant correlations with dyspnea scores were observed
(p > 0.20).
nge). Significant differences (0.05 significance level) between datasets are reported in

Dataset 2 (n = 15) Dataset 1 vs Dataset 2

7 /
8 /

68.4 (51.8; 82.1) /

2 /
6 /
2 /
2 0.040
3 /

0 0.031
1 /
9 /
5 0.0014

1 /
11 /
1 /
2 /

N/A N/A

15 0.031
0 0.031

309.7 (72.5; 996.1) 0.034

1832 (1016; 3267) 0.0014

2.8 (1.4; 4.1) /

13.0 (6.5; 19.8) 0.0006

57.0 (0.5; 71.4) 0.0033
7.5 (0.1; 18.1) 0.0001

36 (25; 39) 0.0075

8 0.0081
5 /
2 /
0 /
0 /

modulated radiotherapy; CT, computed tomography; PTV, planning target volume;



Table 2
Characteristics of the optimal subvolumes defined in the ipsilateral lung volume. The three top rows list the average value (and range) of volume, median density and standard
deviation of densities. The two lower rows contain the absolute number of subvolumes per location and the median value (and range) of damage parameters DHUmax and D50, and
sum of squared residuals (normalized to a 10 datapoint fit). The significant p values for the comparison between dataset 1 and dataset 2 are listed in column 4 and 7. The
comparison between LD and HD subvolumes within each dataset is indicated as superscript in columns 5 and 6 (significant differences in bold, McNemar test for proportions and
paired t-test for continuous variables).

Low-density (LD) subvolume High-density (HD) subvolume

Dataset 1 (n = 27) Dataset 2 (n = 15) Dataset 1 vs Dataset 2 Dataset 1 (n = 27) Dataset 2 (n = 15) Dataset 1 vs Dataset 2

Volume (cc) 195.0
(53.0; 298.5)

216.0
(112.1; 423.3)

/ 180.2
(65.8; 314.0)

217.1
(127.6; 390.3)

/

Median baseline density (HU) �834
(�912; �769)

�853
(�927; �802)

/ �725 p<0.001

(�641; �806)
�763 p<0.001

(�641; �861)
p = 0.022

SD baseline density (HU) 105.6
(79.5; 145.9)

112.9
(79.1; 148.3)

/ 141.9 p<0.001

(87.3; 190.8)
170.2 p<0.001

(105.9; 254.6)
p = 0.0068

Location
Upper/middle lobe 21 9 / 4 p=0.0014 2 /
Lower lobe 3 1 / 15 p=0.0095 6 /
Combined 3 5 / 8 7 /

Damage parameter
DHUmax (HU) 23.6 13.7 / 45.6 43.4 p=0.002 /

(0.0; 150.0) (0.0; 51.5) (0.0; 150.0) (0.0; 84.7)
D50 (Gy) 31.1 22.8 / 30.1 29.4 /

(15.6; 57.0) (10.0; 60.0) (10.0; 60.0) (14.4; 60.0)
Sigmoidal fit SSR 330.4 852.8 / 2731.9 p=0.007 1146.7 /

(64.9; 8123.5) (76.8; 9575.8) (56.5; 24680.0) (229.2; 12238.9)

Abbreviations: n, number of patients; HU, Hounsfield units; SD, standard deviation; SSR, sum of squared residuals.

Fig. 1. Regional difference in radiation-induced lung damage, expressed as the local dose-density increase 3 month after end of treatment, observed for two autogenerated
lung subvolumes with distinct median baseline HU0 on CT0: low-density subvolume (green) and high-density subvolume (orange). PTV volume (red) and the isodoses of
40 Gy (blue) and 20 Gy (green) are shown on the axial CT slices.
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Predictive models of relative mass density increase (Table 3)
were based in HD subvolumes on the covariates laterality and
OTT (AUC of 0.78 (95% CI: 0.43–0.95)), and in LD subvolumes on
the covariates age and CT3M timepoint (AUC between 0.70 (95%
CI: 0.40–0.95) and 0.72 (95% CI: 0.39–0.94)). Only the HD model
showed moderate performance in the external validation set
(AUC = 0.63), with the AUC of LD models below 0.5.
Discussion

This work is to our best knowledge the first to observe and pre-
dict distinct radiation-induced lung damage assessed on CT
between selected lung subvolumes. In a database of 42 intensity-
modulated radiotherapy treatments for lung cancer, more than
100 HU difference was obtained between 200 cc lung subvolumes
in 40% of patients. The use of a user-independent region
growing-based algorithm for subvolume definition resulted in
optimal subvolumes which were similar to an expert’s manual
delineation. Verification in a subgroup of 12 patients led to similar
locations and damage analyses, especially for LD subvolumes (data
not shown). The LD location was mostly in the upper lobe, even for
lower lobe tumor treatments, as lymph node irradiation implied
significant doses throughout both lung lobes in most patients.
Hence also the observed correlation of MLD with the obtained
HU0 difference.

Sigmoidal dose-density increase response curves described by
two parameters were analyzed as a surrogate lung tissue damage
endpoint 3 month after end of treatment. The dosimetric damage
parameter D50 was patient-specific rather than subvolume-
specific, as indicated by the small average difference between
D50,LD and D50,HD. No predictor was found for D50 in any of the sub-
volumes or datasets. This supports our hypothesis that it is a mea-
sure of patient individual intrinsic radiosensitivity of lung tissue.
Future radiogenomics studies investigating a genetic basis for this



Fig. 2. Regional variability in DHUmax within the lung. For each patient (numbered 1 to 27 for dataset 1 and 1 to 15 for dataset 2), two separate subvolumes of lung are
defined based on baseline HU characteristics. The unacceptable fits (exceeding a threshold of SSR >4000, i.e. an average error of 20 HU per datapoint) are not shown. This
concerns 15 out of 84 fits. A linear fit to the data (R2 = 0.09) is plotted. In relative terms this line describes a 22.0% and 18.6% increase in density for �850 HU and �700 HU
baseline density subvolumes, respectively.

Table 3
Model coefficient b and performance (p value of likelihood ratio test) of covariates included in the optimal logistic regression models predicting the saturation level of relative
lung mass density increase above thresholds of 10% and 20%. No significant predictors were found for the 10% increase model in HD subvolumes. Median AUC of repeated 3-fold
cross-validation is reported.

HD subvolume 10% increase (NA) 20% increase (AUC = 0.78)

b p b p

Laterality: right lung / / 0.957 0.030
OTT (days) / / �0.136 0.077

LD subvolume 10% increase (AUC = 0.72) 20% increase (AUC = 0.70)

b p b p

Age (years) �0.071 0.058 �0.081 0.073
CT3M timepoint (months) / / 1.709 0.023

Abbreviations: HD, high-density; LD, low-density; AUC, area under the curve; OTT, overall treatment time.
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individual radiosensitivity could thus benefit from this knowledge
[8,18]. The significant difference in observed saturation level
DHUmax between LD and HD subvolumes could partly be explained
by LD and HD baseline density itself, which reflects the initial lung
structure. It should be noted that mathematically two dose-density
increase sigmoids with identical D50 and slope c (which remained
unchanged in the fits), but different DHUmax by a factor d, describe
a difference in density increase by a factor d at every dose level.
This heterogeneity in amount of damage could thus be exploited
in treatment planning using low-density regions, e.g. bullae, which
remain essentially unchanged with high probability, as window for
dose deposition, i.e. a dose redistribution planning. For HD subvol-
umes the relative increase in mass density could be predicted with
moderate to high AUC by OTT and tumor laterality, which implies
it is less appropriate as intrinsic radiosensitivity measure. Finally, it
should be stressed that the findings do not imply a difference in
intra-patient radiosensitivity between lung tissue at different den-
sities. Indeed, an average 20.7% mass density increase was
observed throughout all subvolumes.

Several efforts to identify functional (ventilation/perfusion)
heterogeneity within the lungs and to exploit this in dose redistri-
bution plans have been performed [24–27]. The first experience of
functional avoidance radiotherapy based on these principles was
recently published [28]. However, dose volume histogram (DVH)
parameters of the high-perfusion lung region were shown to only
slightly improve the correlation with clinical toxicity endpoints
in another study [29]. Reducing lung damage on a large volume
of susceptible lung by dose redistribution according to our work,
could possibly have more clinical impact. An advantage of CT
number-based dose redistribution is indeed that the targeted
low-density regions as emphysema cannot recover after treatment,
while using functional imaging, temporarily unventilated/unper-
fused parts, e.g. due to airways blocked by the tumor, could poten-
tially recover but are targeted instead. High-density regions of lung
are likely to be functionally important [30]. In whole-lung densit-
ometry, metrics as the 15th percentile of density were described as
a robust surrogate for emphysema extent [31]. Cigarette smoke-
induced emphysema is mostly located in the upper lobe, partly
by regional molecular heterogeneity [32]. While, in our work, most
LD subvolumes were found in the upper lobe, no correlation was
found between subvolumes’ HU0 difference and smoking status.

Lower lobe treatments were associated with more fibrosis and
clinical expression of toxicity [10–12]. We therefore selected an
equal number of treatments for lower and upper lobe tumors.
The HD subregions, indicating a dense lung structure, were located
predominantly in the lower lobe. However, lower lobe tumor loca-
tion was not found to significantly predict for density increase
parameters. Other predictors of lung tissue density increase after
radiotherapy as higher age [33] and heart irradiation [34] were
reported, while cardiac comorbidity was shown to be an indepen-



Fig. 3. Redistribution planning concept based on the findings of increased lung damage risk in high-density lung subregions, same patient as in Fig. 1 (number 4 of dataset 1).
A planning CT0 slice through the caudal part of PTV is visualized on the upper left figure. In a first step shown below, low-density voxels below �800 HU (low damage risk)
within the ‘lungs minus GTV’ contour were defined (orange overlay). Next, applying morphological opening and closing operators resulted in a low-risk volume. On the lower
left, the remaining high-risk lung structure (orange) lying outside of PTV (red) was transferred to the TPS. The second column shows the delivered IMRT plan naïve with
respect to lung damage risk. The ipsilateral high-risk region was completely covered by the 45 Gy isodose. Corresponding CT slice of follow-up scan 2,5 month after end of
treatment (upper right figure) contained a damaged lung subregion overlapping with high-risk and PTV volumes (rigid registration with CT0). The lower part of second
column shows the dose redistribution plan with additional constraints on the high-risk subregion resulting in a local shift of the 45 Gy isodose for similar PTV and OAR DVH
metrics.
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dent risk factor for post RT dyspnea [35]. In our datasets, lower age
was a risk factor for LD density increase, which possibly reflects the
lower prevalence of bullae in younger patients. Heart Dmax signifi-
cantly predicted for DHUmax,HD.

A first limitation of the study was the different baseline CT
frame used in both datasets. The breathing state possibly influ-
enced subvolume size (smaller in free-breathing scans) and the
lower subvolume densities in dataset 2. The lower quality of
dose-damage fits compared to the fits in [18] could be explained
by the limited planned dose accuracy and the challenging non-
rigid registration, resulting in significant uncertainties when ana-
lyzing dose bins as small as 1 cc. LD and HD damage parameter
results being more conclusive in dataset 2 (better motion manage-
ment protocol) supported this.

Secondly, the limited size of the datasets should be kept in mind
for covariates as smoking status (few current smokers). This could
have lead to overfitting in some of the logistic regression models
built during repeated CV, as indicated by the broad 95% CI of
observed AUC. Also, the follow-up time was not exactly 3 months
in these retrospective datasets. Time was therefore included as
covariate in the analyses, as it is known to affect damage visible
on CT scans [16–18,36]. Longer follow-up time was confirmed as
a predictive factor for the LD 20% density increase risk.

Third, fibrosis in the lung might have been captured as healthy
densely structured lung, which could explain some outliers at high
HU0 in Fig. 2. Focusing primarily on the low-density regions in a
dose redistribution setting could circumvent this issue. Few large
bullae were seen in our datasets, certainly not of the extent of
200 cc. This could be more pronounced in lungs of SABR treat-
ments. However, the possible damage reduction by a dose redistri-
bution concept is not likely to be clinically relevant for the small
SABR isodoses. The recently published positive effect of having
1854 cc spared from 40 Gy illustrates this [37]. The presented
models were built for modulated treatments, as these are required
to sculpt doses in redistribution planning.

A planning study is currently being performed to define the
minimal size of LD subvolumes that can reliably influence deliv-
ered dose maps. A HU0 threshold could be chosen based on Fig. 2
for the generation of LD volumes, dependent on the accepted risk
of damage for an individual patient. Based on the total volume of
LD segmentations, and the remaining HD volume, the prediction
model for HD relative density increase could be used. A more effi-
cient volume selection will be possible as we were bound to
restrictions on overlap with <20 Gy and >40 Gy regions. The
obtained subvolumes could then be incorporated into the objective
function of inverse optimization in state-of-the art TPS. Fig. 3
shows a practical example of the different steps in such dose redis-
tribution planning. A prospective phase II study should naturally
validate the clinical relevance of such dose redistribution concept
limiting radiation-induced lung damage. 4DCT acquisition at base-
line and during follow-up on calibrated machines will be crucial to
eliminate uncertainties in terms of position (image registration)
and density (breathing phases). Finally, radiomics studies defining
features other than baseline density could enhance the predictive
models [38].
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