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Abstract.
BACKGROUND: Image-based biomarkers could have translational implications by characterizing tumor behavior of lung cancers
diagnosed during lung cancer screening. In this study, peritumoral and intratumoral radiomics and volume doubling time (VDT)
were used to identify high-risk subsets of lung patients diagnosed in lung cancer screening that are associated with poor survival
outcomes.
METHODS: Data and images were acquired from the National Lung Screening Trial. VDT was calculated between two
consequent screening intervals approximately 1 year apart; peritumoral and intratumoral radiomics were extracted from the
baseline screen. Overall survival (OS) was the main endpoint. Classification and Regression Tree analyses identified the most
predictive covariates to classify patient outcomes.
RESULTS: Decision tree analysis stratified patients into three risk-groups (low, intermediate, and high) based on VDT and one
radiomic feature (compactness). High-risk patients had extremely poor survival outcomes (hazard ratio [HR] = 8.15; 25% 5-year
OS) versus low-risk patients (HR = 1.00; 83.3% 5-year OS). Among early-stage lung cancers, high-risk patients had poor survival
outcomes (HR = 9.07; 44.4% 5-year OS) versus the low-risk group (HR = 1.00; 90.9% 5-year OS). For VDT, the decision tree
analysis identified a novel cut-point of 279 days and using this cut-point VDT alone discriminated between aggressive (HR =
4.18; 45% 5-year OS) versus indolent/low-risk cancers (HR = 1.00; 82.8% 5-year OS).
CONCLUSION: We utilized peritumoral and intratumoral radiomic features and VDT to generate a model that identify a high-risk
group of screen-detected lung cancers associated with poor survival outcomes. These vulnerable subset of screen-detected lung
cancers may be candidates for more aggressive surveillance/follow-up and treatment, such as adjuvant therapy.
Keywords: Radiomics, LDCT, NLST, CART, early detection, VDT
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Four randomized clinical trials demonstrated that
screening and early detection of lung cancer by lowdose helical computed tomography (LDCT) reduces
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overall and lung cancer-specific mortality [1,2,6,11,33].
However, despite the benefits of early detection, cancer
screening can result in overdiagnosis which is the detection of asymptomatic cancers that are non-growing
or slow-growing and unlikely fatal if left untreated [10].
Overdiagnosis of pulmonary nodules can result in unnecessary diagnostic procedures that are often invasive, associated with increased costs, and associated
with added stress for patients and their families [52].
In the US National Lung Screening Trial (NLST), 10
to 27% lung cancers were overdiagnosed in the LDCT
arm of the study [27,34,41–43]. As such, biomarkers
that can discriminate between the variability in growth
rates and lethal potential [42] of lung cancers diagnosed
in lung cancer screening would have important clinical
translational implications.
Radiomics is the conversion of medical images into
structured, mineable data that can subsequently be utilized for statistical analysis and modeling [9,12,13,17,
25,28,29,44]. Radiomic features have shown to provide
rapid and accurate noninvasive biomarkers for lung cancer risk prediction, diagnostics, prognosis, treatment
response monitoring, and tumor biology [15,45,47].
Radiomics have many advantages over tissue-based
biomarkers as they are generated from standard-of-care
imaging and they reflect the pathophysiology of the
entire imaged tumor or region-of-interest (e.g., screendetected nodule) and not just the portion of the tumor
that was assayed in the case for tissue-based biomarkers.
Volume doubling time (VDT) of a pulmonary nodule, defined as the number of days in which the nodule doubles in volume, is a clinically relevant metric in lung cancer screening. VDT has clinical utility in discriminating between nodules that are infectious/inflammatory, malignant, and benign [30,46,51].
Generally, nodules that are of an infectious or inflammatory pathophysiology have a VDT of less than 20 days,
a VDT of less than 400 days (and greater than 20 days)
represents a high likelihood of malignancy, and a VDT
above 500 days is likely a benign nodule [23,24]. To
date, there have been few studies analyzing VDT, a
delta-radiomic, as a potential biomarker to evaluate
lethal potential of lung cancers diagnosed in lung cancer screening. Thus, using publicly available data and
LDCT images from the NLST, we generated radiomic
features to determine if we can discriminate between
indolent, slow, and aggressive incidentally diagnosed
lung cancers. Radiomic features describing size, shape,
volume, growth rate (i.e., VDT), and textural characteristics were calculated from the intratumoral region (area

within the tumor) and from the peritumoral region (area
surrounding the tumor parenchyma). The overarching
goal of this study was to utilize radiomics biomarkers
to generate parsimonious models to predict lung cancer
outcomes in the lung cancer screening setting.

2. Materials and methods
2.1. NLST study population
Deidentified LDCT images and data were obtained
from the National Cancer Institute (NCI) Cancer Data
Access System (CDAS) [14]. The NLST study design
and main findings have been described previously [1,2].
NLST eligibility criteria included current and former
smokers aged 55–74 years with a minimum 30 packyears smoking history and former smokers had to have
quit within the past 15 years.
The present study used a subset of lung cancers diagnosed in the LDCT-arm of the NLST and has been
described elsewhere [38]. Briefly, we identified 314
screen-detected, incident lung cancer patients who were
not diagnosed with lung cancer at baseline screening
(T0) but were subsequently diagnosed with lung cancer
either at the first follow-up screening (T1) or second
follow-up screening (T2). However, participants were
excluded due to several reasons: unavailable complete
volumetric images sets, nodules at baseline that could
not be identified, and nodules where it was difficult to
contour the tumor. Lung cancer patients who had multiple nodules at time of their diagnosis were excluded
(N = 20) since we are unable to verify which nodule(s)
were cancer.
The final analytical cohort included 94 participants
who had a negative or positive baseline LDCT screening. Based on NLST criteria, positive screens were defined as abnormalities on baseline screens or at followup screens that were new, stable or evolved that resulted
as one or more non-calcified masses measuring > 4 mm
in axial diameter [38]. Negative screens were defined
as having no abnormalities, minor abnormalities, or
significant abnormalities not suspicious for lung cancer.
2.2. Radiomics
Nodule identification and tumor segmentation has
been described in detail elsewhere [17]. Briefly, the tumor mask images (i.e., tumor delineations) were imported into in-house radiomic feature extraction toolboxes created in MATLAB R 2015b (The Mathworks
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Fig. 1. Schema for identification of patients diagnosed with cancer at two different timepoints in the NLST.

Inc., Natick, Massachusetts) and C++ (https://isocpp.
org). Using cubic interpolation, the images were resampled to a single voxel spacing of 1 mm × 1 mm × 1 mm
to standardize spacing across all images. Hounsfield
units (HU) in all images were resampled into fixed bin
sizes of 25 HUs discretized from −1000 to 1000 HU.
Using standardized radiomic algorithms from the Image Biomarker Standardization Initiative (IBSI) v5 [56],
a total of 264 radiomic features were extracted from
the semi-automatically segmented intratumoral region
(n = 155) and from the peritumoral region (n = 109)
3 mm outside of the tumor boundary. The peritumoral
regions were generated as an extension of the tumor
segmentations using morphological image processing
operations as previously described [48]. Peritumoral
regions were bounded by a lung parenchyma mask to
exclude the region of interest (ROI) outside of the lung
parenchyma. Shape- and size-based peritumoral features were excluded as they explicitly describe and correlate with the intratumoral ROI. The 65 most stable
and reproducible intratumoral and peritumoral radiomic
features that were previously found by our group [48]
were utilized for analysis.
Volume doubling time was calculated for the screening interval from T0 to T1 and for the screening interval from T1 to T2 (Fig. 1). Below is the equation for
VDT where Ti is the time interval between two LDCT
imaging studies, Vi is the volume of the nodule in the
second LDCT image, and V0 is the volume of nodule
in the first LDCT image:
ln 2xTi
VDT =  
ln VV0i
2.3. Radiogenomics analysis
A previously described dataset [39] of surgically
resected adenocarcinoma lung cancers who had presurgery CTs and gene expression data was used to identify potential biological underpinnings of the most informative radiomic features identified in our analyses.
The gene probesets were filtered and determined as sig-

nificant using the following criteria based on a Student’s
t test p < 0.001 and mean log fold-change between
high and low prognostic radiomic feature oflfc > log2
(1.4 FC). The significant probesets from the analyses
were intersected yielding a final list of probesets significantly associated with the most informative radiomic
features. ANOVA and Tukey pairwise mean comparison was performed to analyzed gene expression across
the risk groups.
2.4. Statistical analysis
Statistical analyses were performed using Stata/MP
14.2 (StataCorp LP, College Station TX), R Project
for Statistical Computing (version 3.5.2), and R Studio
(version 1.1.463).
Overall survival (OS) and progression-free survival
(PFS) were the main endpoints and were assessed from
date of lung cancer diagnosis to the date of an event or
last follow up. For OS, an event was defined as death
and for PFS an event was established as death or progression of cancer. All survival data were right censored
at 5-years.
To generate a parsimonious model, the 65 stable radiomic features and VDT were subjected to Classification and Regression Tree (CART) analysis, adapted for
survival analysis, to stratify patients into risk groups.
The risk groups were analyzed by Cox regression models, Kaplan-Meier survival curves, and log-rank tests.
The most informative radiomic features identified in the
CART analysis were internally cross-validated using R
package “rms” [16]. The Harrell’s concordance index
(C-index) was used to evaluate the performance of the
multivariable Cox regression models. Backward logistic regression model was used to identify radiomics features significantly associated with VDT dichotomized.
3. Results
3.1. Patient characteristics
The demographics of the lung cancer patients are
provided in Table 1. Mean age of enrollment into the
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Table 1
Patient characteristics
Characteristics
Age, mean(sd)
Sex
Female
Male
Smoking status
Former
Current
Pack-years smoked mean (sd)
Self-reported COPD
No
Yes
Family history of lung cancer
No
Yes
Histology
Adenocarcinoma-BAC
Small cell
Squamous
Other NOS
Stage
I and II
III and IV
Treatment
Surgical
Chemotherapy/other
Radiation
Baseline screening (T0)
Positive (T0+)
Negative (T0−)

All patients
(N = 94)
64.3 (5.4)
39 (41.5%)
55 (58.5%)
39 (41.5%)
55 (58.5%)
63.4 (23.9)
81 (86.2%)
13 (13.8%)
72 (76.6%)
22 (23.4%)
52 (55.3%)
3 (3.2%)
18 (19.2%)
21 (22.3%)
76 (80.8%)
18 (19.2%)
74 (78.7%)
6 (6.4%)
14 (14.9%)
40 (42.6%)
54 (57.4%)

Abbreviations: sd = standard deviation; FH = family history; Packyears = packs smoked/day x years smoked; COPD = chronic obstructive pulmonary disease; NOS = not otherwise specified; 1 BAC
and adenocarcinoma were combined into one group.

NLST was 64.3 years, 58.5% participants were male,
58.5% were current smokers, 55.3% were diagnosed
with adenocarcinoma, and 80.8% had an early-stage
lung cancer (stage I or II).
3.2. Screening interval from T0 to T1
Radiomics were calculated from LDCT images at
T0 and VDT was calculated from T0 to T1 as seen in
Fig. 2A. The mean number of days between T0 and
T1 was 369 days (range: 282 to 620 days). VDT was
not significantly correlated to intratumoral or peritumoral features. VDT and the 65 radiomic features that
we identified as stable and reproducible were included
as inputs into CART analysis and subsequent decision
tree revealed four risk groups as terminal nodes: lowrisk, intermediate-risk, high-risk, and very-high-risk
(Fig. 2B). The decision tree structure included VDT and
two radiomic features (intratumoral feature compactness and peritumoral feature average co-occurrence).

There are differences in VDT across the four riskgroups. The very-high risk group has a lower VDT (median VDT: 108.56) between T0 to T1 when compared
to the high, intermediate, and low risk group (median
VDT: 114.6, 143.2, and 499.2, respectively). From T0
to T1, Kruskal-Wallis test revealed that there is a statistically significant difference in VDT between the four
risk groups (P = 0.0001). Pairwise analyses revealed,
that when compared to the low-risk group, VDT was
statistically significant different for the intermediaterisk (P < 0.0001), high-risk group (P < 0.0001), and
very-high risk group (P < 0.0001) as presented in
Fig. 2B. CART analysis identified a novel VDT threshold (i.e., cutpoint) of 234 days which discriminated
between high-risk lung cancers (HR = 3.49; 40% 5year OS) versus low-risk cancers (HR = 1.00; 80.8%
5-year OS) (Fig. 2C). Similar results were observed for
PFS (Supplemental Fig. 1A). The very-high-risk group
(Fig. 2D) was associated with extremely poor OS (HR
= 11.71; 42.9% 2-year OS and 21.4 % 5-year OS, logrank P < 0.0001) versus the high (HR = 5.08; 82.4%
2-year OS and 22.9% 5-year OS), intermediate (HR =
1.61; 93.3% 2-year OS and 72.7% 5-year OS) and lowrisk group (HR = 1.00; 89.5% 2-year OS and 82.1%
5-year OS). Similar findings were observed for PFS
(Supplemental Fig. 2A). Among early-stage patients,
the very-high-risk group was associated with extremely
poor survival (HR = 14.84; 33.3% 2-year and 33.3%
5-year OS, log-rank P < 0.001) versus the low-risk
group (HR = 1.00; 95.2% 2 year and 90.4% 5-year OS)
(Fig. 2E). Among late-stage patients, there was no significant association with OS (Fig. 2F). Similar results
were found for PFS (Supplemental Fig. 2B and C).
There were no statistically significant differences
between the four risk groups by age, smoking status,
number of pack-years smoked, baseline screening, and
family history of lung cancer (Table 2). However, there
were statistically significant differences across the risk
groups for sex (P = 0.02), self-reported COPD (P =
0.003), histology (P = 0.007), treatment (P = 0.038),
and stage of disease (P = 0.042). In terms of lung cancer stage, 64.3% of the patients in the very-high-risk
group had lung cancer early-stage vs. 87.5% in the lowrisk group (P = 0.042). As such, multivariable Cox
regression models were used to adjust for potential confounding factors including sex, treatment, self-reported
COPD, and stage. The very-high-risk group was associated with an elevated hazard ratio (OS: HR = 10.90;
95% Confidence Interval: [3.98, 29.85] and PFS: HR
= 4.72; 95% Confidence Interval: [1.85, 12.07]) when
compared to high, intermediate, and low-risk groups
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Fig. 2. Risk-groups associated with overall survival for all patients and among early-stage patients diagnosed in the screening interval T0 to
T1. (A) Schema identifying patients diagnosed in the screening interval T0 to T1. (B) The tree structure from the classification and regression
tree (CART) analysis identified four risk groups based on two radiomics features and VDT. VDT was statistically significant different between
very-high, high, and intermediate when compared to low-risk group. (C) Overall survival for VDT dichotomized by 234 days. Overall survival for
the risk patient risk groups among all patients (D) and for early-stage (E), and for late-stage patients (F).

(Table 3 and Supplemental Table 1) with a C-index of
0.85. The multivariable model using 10-fold cross validation achieved high prediction performance (C-index
= 0.81). Among early-stage patients, the very-high-risk
group was associated with an elevated hazard ratio (OS:
HR = 21.63; 95% Confidence Interval: [3.70, 123.60]
and PFS: HR = 5.92; 95% Confidence Interval: [1.81,
12.07]) when compared to high, intermediate and lowrisk groups (Table 3 and Supplemental Table 1) with a
C-index of 0.84.
3.3. Screening intervals from T0 to T1 and T1 to T2
For this analysis, we utilized the data from Section
3.2 above and included participants who were diagnosed with lung cancer at T2. Radiomics were calculated from T0 and VDT was calculated from T0 to
T1 and between T1 to T2, as seen in Fig. 3A. The
mean number of days between T1 and T2 was 370 days
(range: 287 to 480 days). The same stable radiomic
features were combined with VDT and subjected to
CART analysis and revealed three risk groups: low-risk,

intermediate-risk, high-risk (Fig. 3B). Due to the addition of participants who were diagnosed with lung
cancer at T2, a new decision tree structure was identified. The decision tree structure included one radiomic
feature (intratumoral feature compactness) and VDT.
There are differences in VDT across the three riskgroups. The high-risk group has a lower VDT (median VDT: 104.58) between T0 to T1 and from T1 to
T2 when compared to the intermediate, and low risk
group (median VDT: 132.53 and 459.23, respectively)
(P = 0.0001). Pairwise analyses demonstrated, that
when compared to the low-risk group, median VDT was
statistically significant different for intermediate-risk
(P < 0.0001) and high-risk group (P < 0.0001) as presented Fig. 3B. CART identified a novel VDT threshold
(VDT = 279 days) that discriminated between high-risk
lung cancers (HR = 4.18; 45% 5-year OS) and low-risk
lung cancers (HR = 1.00; 82.8% 5-year OS) (Fig. 3C).
Similar results were observed for PFS (Supplemental
Fig. 1B). The high-risk group was associated with extremely poor OS (Hazard Ratio (HR) = 8.15; 56.3%
2-year OS and 25.0 % 5-year OS, log-rank P < 0.0001)
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Fig. 3. Risk-groups associated with overall survival for all patients and among early-stage patients diagnosed in the screening interval T0 to T1 or
T1 to T2. (A) Schema including patients diagnosed in the screening interval T1 to T2. (B) The tree structure from the classification and regression
tree analysis (CART) identified three risk groups based on one radiomics feature and VDT. VDT was statistically significant different between
high- and intermediate risk groups when compared to low-risk group. (C) Overall survival for VDT dichotomized by 279 days. Overall survival for
the risk patient risk groups among all patients (D) and for early-stage (E), and for late-stage patients (F).

versus the intermediate (HR = 3.28; 78.0% 2-year OS
and 53.3% 5-year OS), and low-risk group (HR = 1.00;
100.0% 2-year OS and 83.3% 5-year OS) (Fig. 3D).
Similar findings were observed for Progression Free
Survival (PFS) (Supplemental Fig. 3A). Among earlystage patients, the high-risk group was associated with
a significantly decreased OS (HR = 9.07; 66.7% 2-year
and 44.4% 5-year OS, log-rank P < 0.0001) versus the
low-risk group (HR = 1.00; 96.9% 2-year and 90.9%
5-year OS) (Fig. 3E). When stratifying by late-stage
patients, there was no significant association with OS
(Fig. 3F). Similar results were found for PFS (Supplemental Fig. 3B and C).
There were no statistically significant differences
between the three risk groups by age, smoking status, number of pack-years smoked, treatment, baseline
screening, and family history of lung cancer (Table 2).
However, there were statistically significant differences
across the risk groups for sex (P = 0.003), self-reported
COPD (P = 0.003), histology (P =< 0.0001), and
stage of disease (P = 0.018). In term of lung cancer
stage, 56.3% of the patients in the high-risk group had
lung cancer early-stage vs. 89.2% in the low-risk group
(P = 0.018). As such, multivariable Cox regression

models were used to adjust for potential confounding
factors including sex, treatment, and stage. The highrisk group was associated with an elevated hazard ratio (OS: HR = 3.62; 95% CI: [1.12, 11.69] and PFS:
HR = 2.33; 95% CI: [0.90, 6.05]) when compared to
intermediate, and low-risk groups (Table 3 and Supplemental Table 1) with a C-index of 0.78 in OS. Among
early-stage patients, the high-risk group was associated
with an elevated hazard ratio (OS: HR = 7.82; 95%
Confidence Interval: [1.44, 42.43] and PFS: HR = 3.30;
95% Confidence Interval: [0.88, 12.35]) when compared to intermediate and low-risk groups (Table 3 and
Supplemental Table 1) with a C-index of 0.72 in OS.
3.4. Predicting VDT using T0 radiomics features
When dichotomizing VDT by the novel threshold of 279 days, backward logistic regression identified the intratumoral radiomic feature compactness as the most informative radiomic feature (OR:
2.54; 95% CI 0.91, 7.12]). Compactness 2, a morphological feature, is a measure of how compact
the shape of the region-of-interest is relative to a
sphere (most compact) [3]. Compactness 2 was ex-

4 (26.7%)
11 (73.3%)
8 (53.3%)
7 (46.7%)
72.4 (33.3)
10 (66.7%)
5 (33.3%)
14 (93.3%)
1 (6.7%)
7 (46.7%)
7 (46.7%)
0 (0%)
1 (6.7%)
13 (86.7%)
0 (0%)
2 (13.3%)
14 (93.3%)
1 (6.7%)
5 (33.3%)
10 (66.7%)

20 (41.7%)
28 (58.3%)
60.1 (19.5)
40 (83.3%)
8 (16.7%)
45 (93.8%)
3 (6.2%)
30 (62.5%)
6 (12.5%)
0 (0%)
12 (25%)
42 (87.5%)
4 (8.33%)
2 (4.17%)
42 (87.5%)
6 (12.5%)
26 (54.2%)
22 (45.8%)

Intermediate
risk group
(N = 15)
64.4 (5.0)

27 (56.3%)
21 (43.7%)

Low
risk group
(N = 48)
62.6 (5.2)

4 (23.5%)
13 (76.5%)

11 (64.7%)
6 (35.3%)

11 (64.7%)
1 (5.9%)
5 (29.4%)

7 (41.2%)
2 (11.8%)
1 (5.9%)
7 (41.2%)

10 (58.8%)
7 (41.2%)

14 (82.4%)
3 (17.6%)

5 (29.4%)
12 (70.6%)
66.7 (25.2)

5 (29.4%)
12 (70.6%)

High
risk group
(N = 17)
65.2 (6.1)

5 (35.7%)
9 (64.3%)

9 (64.3%)
5 (35.7%)

8 (14.3%)
1 (7.1%)
5 (35.7%)

8 (57.1%)
3 (21.4%)
2 (14.3%)
1 (7.1%)

12 (85.7%)
2 (14.3%)

8 (57.1%)
6 (42.9%)

6 (42.9%)
8 (57.1%)
63.9 (24.7)

3 (21.4%)
11 (78.6%)

Very high
risk group
(N = 14)
68.3 (3.4)

0.11

0.04

0.038

0.007

0.003

0.06
0.15

0.60

0.13
0.02

P -value1,2,3

20 (54.1%)
17 (45.9%)

33 (89.2%)
4 (10.8%)

33 (89.2%)
2 (5.4%)
2 (5.4%)

29 (78.4%)
3 (8.1%)
0 (0%)
5 (13.5%)

36 (97.3%)
1 (2.7%)

31 (83.8%)
6 (16.2%)

16 (43.2%)
21 (56.8%)
62.7 (19.8)

23 (62.2%)
14 (37.8%)

Low
risk group
(N = 37)
63.7 (5.3)

16 (39.0%)
25 (61.0%)

34 (82.9%)
7 (17.1%)

31 (75.6%)
2 (4.9%)
8 (19.5%)

18 (43.9%)
12 (29.3%)
0 (0%)
11 (26.8%)

35 (85.4%)
6 (14.6%)

30 (73.2%)
11 (26.8%)

17 (41.5%)
24 (58.5%)
62.8 (26.9)

10 (24.4%)
31 (75.6%)

Intermediate
risk group
(N = 41)
63.8 (5.4)

4 (25.0%)
12 (75.0%)

9 (56.3%)
7 (43.8%)

10 (62.5%)
2 (12.5%)
4 (25.0%)

5 (31.3%)
3 (18.8%)
3 (18.8%)
5 (31.3%)

10 (62.5%)
6 (37.3%)

11 (68.8%)
5 (31.3%)

6 (37.5%)
10 (62.5%)
66.7 (26.2)

6 (37.5%)
10 (62.5%)

High
risk group
(N = 16)
66.6 (5.0)

0.12

0.02

0.19

< 0.0001

0.003

0.16
0.39

0.93

0.93
0.0003

P -value1,2,3

Screening interval from T0 to T1 or T1 to T2

Abbreviations: sd = standard deviation; FH = family history; Pack-years = packs smoked/day x years smoked; COPD = chronic obstructive pulmonary disease; NOS = not otherwise specified.
1 P -value obtained from Chi-squared for categorical variables. 2 P -value obtained from Anova for continuous variables. 3 P -value obtained from Log-rank for survival variables. 4 BAC and
adenocarcinoma were combined into one group.

Age, mean (sd)
Sex, N (%)
Female
Male
Smoking status, N (%)
No
Yes
Pack-years, mean (sd)
FH of lung cancer, N (%)
No
Yes
Self-reported history of COPD, N (%)
No
Yes
Histology, N (%)
Adenocarcinoma-BAC4
Squamous
Small cell
Other NOS
Treatment, N (%)
Surgical
Chemotherapy/other
Radiation therapy
Staging, N (%)
Early stage (I and II)
Late stage (III and IV)
Baseline screening, N (%)
Positive (T0+)
Negative (T0−)

Characteristics

Screening interval from T0 to T1

Table 2
Patient characteristics by risk group
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Table 3
Multivariable Cox proportional hazards models for overall survival
Screening interval from
T0 to T1
All patients2
HR (95% CI)

Characteristic
Risk group
Low
Intermediate
High
Very high
Sex
Female
Male
Stage
I and II
III and IV
Histology
Adenocarcinoma-BAC1
Squamous
Small cell
Other NOS
Self-reported COPD
No
Yes
Treatment
Surgical
Chemotherapy/other
Radiotherapy
Harrell’s C-index

Screening interval from
T0 to T1 or T1 to T2
All patients2
HR (95% CI)

Early-stage patients
HR (95% CI)

Early-stage patients
HR (95% CI)

1.00 (Reference)
1.12 (0.30, 4.13)
3.12 (1.11, 8.75)
10.90 (3.98,29.85)

1.00 (Reference)
2.28 (0.37, 14.08)
9.66 (1.37, 67.99)
21.36 (3.70, 123.60)

1.00 (Reference)
2.38 (0.85, 6.61)
3.62 (1.12, 11.69)
n/a

1.00 (Reference)
3.38 (0.85, 13.45)
7.82 (1.44, 42.43)
n/a

1.00 (Reference)
1.61 (0.68, 3.85)

1.00 (Reference)
2.96 (0.55, 15.97)

1.00 (Reference)
1.46 (0.62, 3.43)

1.00 (Reference)
1.96 (0.60, 6.40)

1.00 (Reference)
8.25 (3.42, 19.90)

1.00 (Reference)
n/a

1.00 (Reference)
7.03 (3.10, 15.93)

1.00 (Reference)
n/a

1.00 (Reference)
2.84 (1.01. 7.97)
1.45 (0.33, 6.42)
0.84 (0.28, 2.53)

1.00 (Reference)
3.05 (0.73, 12.78)
n/a
0.31 (0.04, 2.11)

1.00 (Reference)
1.38 (0.55, 3.47)
1.52 (0.32, 7.23)
0.66 (0.26, 1.65)

1.00 (Reference)
1.08 (0.35, 3.35)
n/a
0.69 (0.19, 2.53)

1.00 (Reference)
2.49 (0.91, 6.81)

1.00 (Reference)
2.45 (0.61, 9.77)

1.00 (Reference)
2.10 (0.76, 5.81)

1.00 (Reference)
1.07 (0.29, 3.99)

1.00 (Reference)
6.58 (1.48, 29.36)
3.61 (1.43, 9.11)
0.85

1.00 (Reference)
372.88 (12.99, 10707.83)
2.13 (0.53, 8.51)
0.84

n/a
n/a
n/a
0.80

n/a
n/a
n/a
0.72

Abbreviations: COPD = chronic obstructive pulmonary disease; NOS = not otherwise specified; 1BAC and adenocarcinoma
were combined into one group. Bold values represent statistically significant.

tracted from the semi-automatically segmented intratumoral region and peritumoral 3 mm outside of tumor
boundary. Intratumoral Compactness 2 was identified
as a stable and reproducible radiomic feature [48].
According to Aerts et al. [3] the formula is:

Compactness high (mean = 999.84 [3522.55] vs 656.60
[SD = 2345.99] (P = 0.007).

4. Discussion

2

V
A3
To identify a potential prognostic threshold, compactness was included into CART to identify the most
informative cutpoint associated with OS (Fig. 4A). A
VDT < 279 and Compactness >= 0.60 had similar
prognosis capabilities with poor outcomes (Fig. 4B).
Fmorph.comp.2 = 36π

3.5. Radiogenomics analysis
To reduce false positives in the radiogenomics analysis, we utilized a very high p-value threshold (P <
0.0001) to identify gene probesets associated with Compactness. From the radiogenomic analyses, MIR34A
was found to be most significant gene associated (P =
2.01E-05) with the compactness radiomic features
(Fig. 5). When Compactness was dichotomized at the
median, mean VDT was higher in Compactness low vs

Overdiagnosis is a serious adverse effect of cancer
screening and early detection. A recent meta-analysis
of randomized trials on overdiagnosis of lung cancer
with LDCT [7] estimated that 49% of the LDCT screendetected cancers may be overdiagnosed. Though the
authors conclude, “there is great uncertainty about the
degree of overdiagnosis in lung cancer screening due
to the heterogeneity” of screening trials, there is substantial evidence [7,11,18,35,42] that overdiagnosis is
a real world problem and robust biomarkers such as
radiomics could have translational implications by risk
stratifying screen-detected lung cancer. To that end,
we utilized VDT and peritumoral and intratumoral radiomic features to identify high-risk screen-detected
lung cancers associated with poor survival outcomes.
Among patients diagnosed with lung cancer at the first
screening interval (T1), very-high risk patients had ex-
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Fig. 4. Intratumoral feature Compactness and VDT have similar prognosis capabilities. (A) The tree structure of the classification and regression tree
analysis (CART) which identified the survival cutpoint of compactness. (B) Overall Survival for VDT dichotomized at 279 days and Compactness
dichotomized at 0.60. Abbreviations: RHR = relative hazard ratio.

Fig. 5. Association between radiomics and gene expression. MIR34A
expression by dichotomizing Compactness at the median.

tremely poor survival outcomes (HR = 11.71; 21.4% 5year OS) versus the low-risk group (HR = 1.00; 82.1%
5-year OS). Among early-stage patients, the very-high
risk group had extremely poor survival outcomes (HR

= 11.71; 21.4% 5-year OS) versus the low-risk group
(HR = 1.00; 82.1% 5-year OS). When combined patients diagnosed with lung cancer at the first (T1) and
second (T2) screening intervals, patients in the highrisk group also exhibited extremely poor survival outcomes (HR = 8.15; 25% 5-year OS) versus the low-risk
group (HR = 1.00; 83.3% 5-year OS; C-index = 0.69).
Among early-stage patients, the high-risk patients had
poor survival outcomes (HR = 9.07; 44.4% 5-year OS)
versus the low-risk group (HR = 1.00; 90.9% 5-year
OS).
VDT has been largely utilized as a diagnostic
biomarker to discriminate malignant and benign nodules [8,31,53]; however, the thresholds to discriminate between malignant and benign pulmonary nodules are inconsistent. Additionally, prior studies utilized
VDT as a biomarker to differentiate between indolent
and aggressive lung cancers diagnosed [5,21,36,50,51]
and have also utilized VDT as a prognostic factor [32,40,49]. For example, a VDT of less than 400
days was found to be an independent risk factor for
poor disease-free survival [32]. In a study based on
chest x-rays, the 5-year survival rate of fast-growing
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nodules with a VDT of < 113 days was associated
with significantly lower than slow-growing nodules
with a VDT > 113 days [49]. Setojima et al. separated
whole tumor VDT (WVDT) and solid-part tumor VDT
(SVDT) and identified cut-offs 214 days for WVDT
and less than 215 days for SVDT that were associated with poor recurrence-free survival and overall survival [40]. The decision tree in our analysis identified
novel VDT thresholds (VDTs of 234 and 279) that exhibited independent capacity to discriminate between
high-risk/aggressive tumors and low-risk/indolent tumors. Because a VDT between 20 and 400 days represents a high likelihood of malignancy, the cumulative evidence suggests that this broad range is capturing
heterogeneous behaviors, including lower risk cancers
such as indolent and slowing growing tumors.
While prior studies by group have utilized radiomic
features only [37] and the combination of radiomics
and an a priori VDT threshold [29] (i.e., < 400 vs. >
400) as predictors of lung cancer behavior, this is the
first study to identify novel VDT thresholds in combination of radiomics to characterize the lethal potential
of lung cancers diagnosed in lung cancer screening.
Another novel aspect of this work is that we identified
a single timepoint, baseline radiomic feature (compactness) that predicts VDT and identified potential biological underpinnings of VDT (Fig. 4). Because VDT is
a delta-radiomic that requires serial images over time
to calculate, a radiomic feature from a single timepoint
that could act as a surrogate could be important because VDT could be calculated through a proxy. Interestingly, the compactness radiomic feature had similar prognostic capabilities as VDT (Fig. 4B). Compactness is a measure of how compact the shape of the
tumor is relative to a sphere and, much like VDT, has
been found to be a diagnostic feature that differentiates malignant from benign nodules [22,26]. Prior work
has also show that compactness is associated with survival [3]. Additionally, our radiogenomics analyses revealed that high compactness is associated with a high
expression of the MIR34A gene. MicroRNA 34a (miR34a) is a microRNA that is encoded by the MIR34A
gene and the miR-34 family members are tumor suppressive miRNAs appear to have a crucial role in repressing tumor progression by involving in epithelialmesenchymal transition (EMT) via EMT-transcription
factors, p53, and other signally pathways [19,20,54].
In prior studies, high expression of MIR34A in plasma
and tumor tissue was associated with prolonged overall
survival and disease-free survival among non-small cell
lung cancer patients [55]. Interestingly, Aherne et al.

found that MIR34A was significantly increased in the
adenoma and early-stage cancer groups compared to
controls [4]. However, the role of MIR34A on nodule
growth and behavior is currently unknown.
We acknowledge some limitations of this study. First,
the sample size is modest because we utilized lung cancer cases with specific inclusion and exclusion criteria
from the NLST. However, we utilized bootstrapping for
internal validation which revealed the models were well
calibrated. Hopefully other lung cancer screening trials,
such as NELSON [11], LUSI [6], and MILD [33], will
make their images and data public so that independent
validation analyses can be performed. Additional research is also needed to validate the biological underpinnings of the gene identified in the radiogenomics
analysis.
The results from our analyses revealed that radiomics
combined with VDT can identify a vulnerable subset of screen-detected lung cancers that are associated
with poor survival outcome suggesting such patients
may need more aggressive treatment, such as adjuvant
therapies, and more aggressive surveillance/follow-up.
Further research is needed to validate these findings in
other lung cancer screening trials and programs and to
fully elucidate the biological underpinnings of these
radiomic features and VDT.
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