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Abstract
Purpose  Imaging biomarkers (IBMs) are increasingly investigated as prognostic indicators. IBMs might be capable of assist-
ing treatment selection by providing useful insights into tumor-specific factors in a non-invasive manner.
Methods  We investigated six three-dimensional shape-based IBMs: eccentricities between (I) intermediate–major axis 
(Eimaj), (II) intermediate–minor axis (Eimin), (III) major–minor axis (Emj-mn) and volumetric index of (I) sphericity (VioS), 
(II) flattening (VioF), (III) elongating (VioE). Additionally, we investigated previously established two-dimensional shape 
IBMs: eccentricity (E), index of sphericity (IoS), and minor-to-major axis length (Mn_Mj). IBMs were compared in terms 
of their predictive performance for 5-year overall survival in two independent cohorts of patients with lung cancer. Cohort 
1 received surgical excision, while cohort 2 received radiation therapy alone or chemo-radiation therapy. Univariate and 
multivariate survival analyses were performed. Correlations with clinical parameters were evaluated using analysis of vari-
ance. IBM reproducibility was assessed using concordance correlation coefficients (CCCs).
Results  E was associated with reduced survival in cohort 1 (hazard ratio [HR]: 0.664). Eimin and VioF were associated with 
reduced survival in cohort 2 (HR 1.477 and 1.701). VioS was associated with reduced survival in cohorts 1 and 2 (HR 1.758 
and 1.472). Spherical tumors correlated with shorter survival durations than did irregular tumors (median survival difference: 
1.21 and 0.35 years in cohorts 1 and 2, respectively). VioS was a significant predictor of survival in multivariate analyses of 
both cohorts. All IBMs showed good reproducibility (CCC ranged between 0.86–0.98).
Conclusions  In both investigated cohorts, VioS successfully linked shape morphology to patient survival.

Keywords  Imaging biomarker · Tumor shape · Non-small cell lung cancer · Prognosis · Overall survival

Introduction

Lung cancer has been one of the leading causes of death in 
South Korea and has been the country’s major public health 
concern since 1983. In 2018, an estimated 26,725 of new 
lung cancer cases occurred with 19,317 deaths (Jung et al. 

2018). Prognostic algorithms in palliative and curative set-
tings include an integrated evaluation of clinico-pathologic, 
histo-morphologic, and radio-morphologic findings (Cohen 
et al. 2016; Lederlin et al. 2013). The combination of these 
parameters often reveals the prognostic effect of postopera-
tive treatment (Hattori et al. 2017; Raghunath et al. 2014). 
Despite therapeutic advances in lung cancer, the overall sur-
vival rate remains disappointingly low (Siegel et al. 2017; 
Jung et al. 2016). The major impediment to successful treat-
ment is the fact that histologically similar tumors display a 
wide range of treatment responses and metastatic behaviors 
(Kratz et al. 2012; Saad and Choi 2017, 2018). The identi-
fication of oncogenic drivers and tumor suppressor genes 
(Oxnard et al. 2013; El-Telbany and Ma 2012) has shed 
some light on molecular targeted therapy; however, recent 
studies in the field of biomedical informatics have begun to 
link imaging features to gene expression, giving rise to the 
fields of radiomics and radio-genomics (Wang et al. 2016; 
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Aerts et al. 2014; Ellingson 2015). These developments have 
supported the idea that molecular-level activities may be 
reflected in imaging phenomena.

It has been hypothesized that imaging features could be 
used as independent prognostic biomarkers for additional 
insight, as a means of supplementing clinical and molecular 
information during clinical decision making (Gevaert et al. 
2012). These patient-specific biomarkers have the potential 
to individualize and improve patient outcomes. Several stud-
ies have investigated the association between shape-based 
imaging biomarkers (IBMs) and the prognosis of patient 
outcomes in non-small cell lung cancer (NSCLC). Baba 
et al. (2012) introduced the ratio of minor to major axis 
length that separated tumors into globular and ellipsoidal 
groups. Koo et al. (2017) proposed areas that predict recur-
rence in surgically resected tumors. Grove et al. (2015) pro-
posed that convexity was associated with overall survival. In 
another work, tumor volume (Bianconi et al. 2018; Huynh 
et al. 2016) and F2 (Li et al. 2017) also demonstrated a 
good prognostic value. Nonetheless, there have been sev-
eral studies with negative findings such as those shown in 
(Sacconi et al. 2017; Song et al. 2016), where none of the 
shape features tested correlated with any clinical outcomes. 
However, these studies mostly focused on a two-dimensional 
(2D) plane; whereas the work that can be considered as a 
three-dimensional (3D) approach used conventional feature 
like volume. On top of that little to no information regarding 
the reliability of the proposed IBMs was presented.

In this study, we aimed to investigate the possibility of 
correlations between shape morphologies and patient sur-
vival by evaluating nine shape-based features. Of these nine 
features, six are newly introduced as modifications of pre-
viously proposed 2D versions (Baba et al. 2012; Ionescu-
Tirgoviste et al. 2015; Thomas Jr and Finney 1979). We 
tested the hypothesis that the modified 3D versions provide 
better representations of tumor shape morphology, as com-
pared with the 2D versions, which focus on the largest tumor 
diameter. A better morphological representation may have a 
better correlation with survival.

Materials and methods

Patient population

The imaging data of patients diagnosed with primary 
NSCLC were collected from a public repository, the can-
cer imaging archive (TCIA) (Clark et al. 2013) and curated 
into two independent cohorts. Cohort 1 consisted of patients 
who received surgical resection; the data from this cohort 
include CT and PET/CT images, segmentation maps of the 
tumor, RNA sequencing data from surgically excised tumor 
tissue, and clinical data including survival outcomes. This 

cohort was originally assembled by Gevaert et al. (2012) 
as a 26-subject pilot dataset. Cohort 2 consisted of patients 
with unresectable tumors; their data include CT images of 
the tumor, manual delineation by a radiation oncologist of 
the 3D gross volume of the tumor, and clinical and outcome 
data. This cohort was assembled from the TCIA following 
the methods of Aerts et al. (2014) and included the same 
patients. Regarding inclusion criteria, cohort 1 included 
patients of all disease stages, whereas cohort 2 only included 
patients who have no metastases. In both cohorts, subjects 
with incomplete medical records were excluded. Cohorts 1 
and 2 were from different medical centers. Cohort 1 con-
sisted of 74.5% male subjects with a mean age of 71.8 years; 
cohort 2 consisted of 71.5% male subjects with a mean age 
of 66.7 years. CT examinations were acquired using CT 
scanners manufactured by CMS, Siemens, and GE Medical 
Systems.

The duration of overall survival (OS) was calculated from 
the date of the first treatment received to the last date at 
which the patient was known to be living. Survival distribu-
tions were summarized in terms of 5-year overall survival 
rates. Patient characteristics are summarized in Table 1.

The acquisition protocol varied slightly between 
cohorts. Exposure settings ranged 100–120 kVp in cohort 
1 and 120–140 kVp in cohort 2. Pixel spacings ranged 
0.5895–0.9765 mm in cohort 1 and 0.8120–0.9769 mm in 
cohort 2. Slice thicknesses ranged 0.60–3.75 mm in cohort 
1, but were the same for all patients in cohort 2 (3.0 mm). 
All images were reconstructed as 512 × 512 pixel matrices.

Tumor delineation

Both cohorts were supplied with pre-defined lesion loca-
tions, but manual extraction work was still required. The 
extraction of these region of interests (ROIs) was facili-
tated by an automated extraction tool developed based on 
geometrical and topological processing (Saad et al. 2019). 
This tool eliminated the manual delineation work that was 
required in this study.

IBM design

Physicians often semantically describe lung tumor morphol-
ogy using radiologic lexicons such as lobulated or spiculated 
(tumor margin), spherical or irregular (tumor shape), solid or 
opacity (tissue attenuation), and cavitation, cyst, or reticula-
tion (internal characteristic). However, these lexicons are 
subjective; thus, the quantification of these terminologies 
using computer usable forms is favored. To reduce complex-
ity, this study only focused on the shape-based terminology: 
spherical vs irregular tumors. Three 2D features were selected 
as the foundation (Online Resource 1). Based on these fea-
tures, six 3D features quantifying the shape morphology were 
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introduced. Figure 1 presents how we modified eccentricity (E) 
and minor to major axis length (Mn_Mj) approaches in quanti-
fying the eccentricity from a 3D perspective using three semi-
axes length (a, b, and c) or also known as principal moments 
of inertia. The first two equations give eccentricity measured 
between semi-intermediate axis b and semi-major axis a or 
semi-minor axis c. Equation 3 quantifies the difference in 

eccentricity between those two perpendicular planes as previ-
ously measured in Eq. (1–2). Measurements ranged between 
0–1, with 0 indicating an object that is a perfect sphere. 

Figure 2 demonstrates the fundamental aspects underly-
ing the introduction of Eqs. (4–6), which describes the shape 
complexity of an object by determining the actual and ideal 
shapes. This technique was first introduced by Ionescu-Tir-
goviste et al. (2015) and is called index of sphericity, which 
measures the circularity of 2D objects. We proposed a similar 
approach on 3D planes via the principle of ellipsoid of revolu-
tion. Three ideal shapes were defined in this study: (i) sphere 
(a = b = c), (ii) sphere that is flattened along the horizontal 
plane (a = b > c), and (iii) sphere that is elongated along the 
vertical plane (a = b < c). First, the surface area to volume ratio 
was calculated for each ideal case; for example, the sphere case 
was given by ( 4�r2∕ 4

3
�r3).

Second, an assumption was made that the tumors were 
not in ideal forms, having distinct lengths for all semi-axes 
(a ≠ b ≠ c) and, thus, r in the surface area to volume ratio was 
replaced by the average of the three semi- axes. Following 
these derivations, VioS as depicted by Eq. (4) measures a 
tumor’s divergence from a perfect sphere. The fifth proposed 
marker VioF as shown in Eq. (5) refers to the measurement of 
a tumor that is elongated along the horizontal plane, whereas 
VioE as depicted by Eq. (6) quantifies the amount of compres-
sion that happens on the vertical plane, specifically for those 
tumors that exhibit an egg shape. VioF and VioE are meant 
for tumors located around the pleural and mediastinum win-
dow that may have a growth pattern that is stretched vertically 
or horizontally, resulting from the tumor pressing against the 
pleural or mediastinal wall. The closer a measurement is to 
1, the closer the pattern is to the ideal shape, which indicates 
that the difference of that particular pattern to the ideal shape 
is small.

(1)Eimaj =
√
a2 − b2

(2)Eimin =
√
b2 − c2

(3)Emj−mn =

√(
Eimaj − Eimin

)2

(4)VioS =
IAS

IIS
,

(5)VioF =
IAS

IOS
,

(6)VioE =
IAS

IPS
.

Table 1   Demographics, disease staging, histological types, imaging 
protocols, and clinical outcomes for both tested cohorts

Characteristics Cohort 1 Cohort 2

Total (/145) (%) Total (/123) (%)

Sex
 Male 108 74.5 88 71.5
 Female 37 25.5 35 28.5

Age (years)
 ≤ 70 84 57.9 68 55.3
 > 70 61 42.1 55 44.7

Pathological staging
 Primary tumor T
  I 74 51.0 27 22.0
  II 49 33.8 46 37.4
  III 17 11.7 14 11.4
  IV 5 3.4 36 29.3

 Lymph node N
  0 117 80.7 53 43.1
  1 12 8.3 7 5.7
  2 16 11.0 37 30.1
  3 0 0.0 26 21.1

 Metastasis M
  0 142 97.9 123 100.0
  1 3 2.1 0 0.0

Histology
 Squamous cell 30 20.7 39 31.7
 Non-squamous cell 115 79.3 84 68.3

5-year survival
 Survived 52 35.9 4 3.3
 Expired 93 64.1 119 96.7

Imaging protocols
 Pixel spacing (mm)
  ≤ 0.90 128 88.3 2 1.6
  > 0.90 17 11.7 121 98.4

 Slice thickness (mm)
  < 3.0 139 95.9 0 0.0
  ≥ 3.0 6 4.1 123 100.0

 Convolution kernel
  LUNG 64 44.1 0 0.0
  STANDARD 30 20.7 0 0.0
  B30f 0 0.0 33 26.8
  B31f 1 0.7 14 11.4
  Others 50 34.5 76 61.8
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Association with 5‑year survival and the prognostic 
impact

The following uni- and multivariable methods were used 
in the survival analysis: Kaplan–Meier (KM) curve, log-
rank test (p value), and Cox proportional hazards model. 
KM estimator was used to estimate the survival function 
from life-time data; for example, the fraction of patients 
living for a certain length of time after treatment (Goel 
et al. 2010), while the log-rank test was used to compare 
survival curves obtained by KM analysis. Both KM and 
log-rank test are examples of univariable analysis and non-
parametric statistics. They describe survival according to 
one factor under investigation, but ignore the impact of 
others. On the other hand, Cox proportional hazards mod-
eling is a regression model used to adjust survival for 

potential confounders. It allows the examination on how 
specific covariates influence the event of interest at a point 
of time. The rate is known as hazard ratio (Christensen 
1987). Statistical significance is given by two-tailed p val-
ues lower than 0.05. The subjects were divided into two 
comparative groups: spherical or irregular tumor using the 
proposed IBMs through an unsupervised learning algo-
rithm, fuzzy C-means clustering (Chattopadhyay et al. 
2012). Instead of following the traditional method of 
dividing the subjects by manually setting a threshold, we 
let the artificial intelligence program determine the divi-
sion. Fuzzy C-means clustering (FCM) involves assigning 
elements to clusters {Cj}

m
j=1

 such that elements in the same 
cluster are as similar as possible, while elements belong-
ing to different cluster are as dissimilar as possible. The 

Fig. 1   Three dimensional 
eccentricity; Eimaj, Eimin, and 
Emj-mn were constructed based 
on 2D version of eccentricity 
using principle axes theorem
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clusters are identified via similarity measures. E.g., given 
a set of elements{x1, x2, …. xn}, FCM returns a list of 
cluster centers {C1, …. Cm} and a membership matrix 
U = Uij ϵ [0,1], i = 1…n, j = 1…m, where each element Uij 
represents the degree to which element xi belongs to clus-
ter Cj . In our case, the FCM algorithm attempts to partition 
a group of n tumors into m clusters (m = 2) with respect to 
their shape complexity. The algorithm is based on mini-
mization of an objective function as represented by 
Eq. (7).

(7)Jm =

N∑

i

C∑

j

um
ij

‖‖‖
xi − c2

j

‖‖‖
.

In Eq. (7), m is the fuzziness exponent, N is the number 
of instances, C is the number of cluster, uij is the member-
ship matrix, xi is data in ith element, and cj is the cluster 
number.

The prognostic impact of each IBM was associated 
with demographics (age and sex), pathological staging 
(primary tumor T, lymph node invasion N, and metastasis 
M), gene profile (EGFR, KRAS, and ALK), and the imag-
ing parameters (slice thickness, pixel spacing, and con-
volution kernel) in cohort 1; in cohort 2, the gene profile 
correlation was omitted because the required information 
was not provided.

Fig. 2   Three dimensional meas-
urements of shape complexity; 
VioS, VioF, and VioE were con-
structed based on the principle 
of ellipsoid of revolution
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Reproducibility analysis

Reproducibility is an important trait for biomarker develop-
ment. An independent cohort of 32 subjects, with same-day 
repeat CT scans, was used as our test–retest environment 
(Zhao et al. 2009). The baseline and follow-up scans were 
obtained within an interval of 15 min of each other, using an 
identical CT scanner and imaging protocols. The concord-
ance correlation coefficient (CCC), a metric that quantifies 
the degree of agreement between two pairs of observations, 
was used. The CCC evaluates the degree of agreement with 
which a pair of observations falls on the 45° line through 
the origin (Lawrence and Lin 1989). All algorithms were 
implemented using MATLAB (R2015b; MathWorks, Inc., 

Natick, MA, USA) and all statistical analyses were con-
ducted using MedCalc Statistical Software (version 18.11; 
Ostend, Belgium).

Results

Establishing the correlation of shape morphologies 
to the 5‑year OS

Table 2 presents the univariable analyses conducted in 
cohort 1 and cohort 2. In cohort 1, the parameters E (HR 
0.664, [0.430–1.025]) and VioS (HR 1.760, [1.171–2.644]) 
from 2D and 3D IBM, respectively, showed statistically 

Table 2   Univariable 
survival analyses for the 
two-dimensional and 
three-dimensional imaging 
biomarkers in cohorts 1 and 2

HR hazard ratio, CI confidence interval, E eccentricity, IoS index of sphericity, Mn_Mj minor to major axis 
length, Eimaj eccentricity between intermediate-major axis, Eimin eccentricity between intermediate-minor 
axis, Emj-mn eccentricity difference on two perpendicular planes, VioS volumetric index of sphericity, VioF 
volumetric index of flattening, VioE volumetric index of elongation
Statistical significance (p < 0.05) is represented by the bold and *

Biomarkers Cohort 1 Cohort 2

HR 95% CI p value HR 95% CI p value

2-Dimensional
E

  Spherical 1 0.049* 1 0.160
  Irregular 0.664 0.430–1.025 1.319 0.896–1.944

Mn_Mj
  Spherical 1 0.052 1 0.504
  Irregular 1.497 0.996–2.253 1.137 0.779–1.660

IoS
  Spherical 1 0.122 1 0.203
  Irregular 1.523 0.892–1.661 1.337 0.854–2.094

3-Dimensional
Eimaj

  Spherical 1 0.735 1 0.910
  Irregular 0.929 0.606–1.424 0.978 0.665–1.437

Eimin

  Spherical 1 0.131 1 0.036*
  Irregular 0.730 0.485–1.098 1.477 1.025–2.129

Emj-mn

  Spherical 1 0.086 1 0.119
  Irregular 0.697 0.461–1.053 0.742 0.510–1.080

VioS
  Spherical 1 0.006* 1 0.037*
  Irregular 1.758 1.168–2.647 1.472 1.022–2.120

VioF
  Spherical 1 0.166 1 0.005*
  Irregular 1.346 0.883–2.052 1.701 1.167–2.479

VioE
  Spherical 1 0.109 1 0.098
  Irregular 0.716 0.477–1.077 0.734 0.509–1.059
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significant differences in survival between the two groups 
with irregular vs. spherical tumors. The multivariable 
analysis only retained VioS from the univariate pool as 
the sole and independent prognostic factor (HR 1.767 
[1.162–2.686]). In cohort 2, none of the 2D IBMs reported 
statistically significant differences; however, three of the 
3D IBMs demonstrated significant differences in survival 
between the two groups; Eimin (HR 1.469, [1.025–2.106]), 
VioS (HR 1.462, [1.020–2.094]), and VioF (HR 1.637, 
[1.131–2.369]). Of the variables that showed significant 
associations with survival in the univariate analyses, only 
VioS remained significantly prognostic in the multivariable 
analysis of cohort 2 (HR 1.665 [1.115–2.401]).

Following this observation, a comparison of overall sur-
vival time between the two groups was performed (Tables 3, 
4). We observed that the mean survival differences between 
groups that were clustered using 2D IBMs ranged between 
0.82–1.43 years and 0.22–0.42 years in cohort 1 and cohort 
2, respectively (Table 3). The mean survival differences 
returned by 3D IBMs ranged between 0.39–1.81 years in 
cohort 1 and 0.04–0.75 years in cohort 2. The highlighted 
values in Table 3 represent the mean differences returned 
by those IBMs that showed statistical significance during 
univariable analysis as reported in Table 2.

Table 4 shows the median survival difference between 
the two groups. Differences in median survival reported by 
2D IBMs ranged from 0.46–0.87 years to 0.01–0.33 years 

Table 3   Mean survival as 
calculated from Kaplan-Meier 
survival curves. All values are 
presented in years

HR hazard ratio, CI confidence interval, E eccentricity, IoS index of sphericity, Mn_Mj minor to major axis 
length, Eimaj eccentricity between intermediate-major axis, Eimin eccentricity between intermediate-minor 
axis, Emj-mn eccentricity difference on two perpendicular planes, VioS volumetric index of sphericity, VioF 
volumetric index of flattening, VioE volumetric index of elongation
The bold values represent the mean survival difference of biomarkers with statistical significance as 
reported in Table 2

Biomarkers Cohort 1 Cohort 2

Mean 95% CI Difference Mean 95% CI Difference

2-Dimensional
E

  Spherical 5.13 4.44–5.82 0.97 1.69 1.36–2.01 0.28
  Irregular 4.16 3.23–5.09 1.97 1.62–2.32

Mn_Mj
  Spherical 3.69 3.10–4.28 0.82 1.79 1.48–2.09 0.22
  Irregular 4.51 3.83–5.20 2.01 1.59–2.44

IoS
  Spherical 5.20 4.53–5.87 1.43 1.54 1.11–1.97 0.42
  Irregular 3.77 2.65–4.90 1.96 1.67–2.26

3-Dimensional
Eimaj

  Spherical 5.02 4.27–5.77 0.39 1.85 1.53–2.17 0.04
  Irregular 4.63 3.75–5.51 1.89 1.50–2.28

Eimin

  Spherical 5.42 4.53–6.31 1.11 1.64 1.36–1.93 0.54
  Irregular 4.31 3.62–5.06 2.18 1.75–2.62

Emj-mn

  Spherical 5.42 4.59–6.26 1.19 2.01 1.63–2.38 0.32
  Irregular 4.23 3.47–4.99 1.69 1.37–2.00

VioS
  Spherical 4.02 3.32–4.72 1.81 1.64 1.35–1.92 0.53
  Irregular 5.83 4.94–6.71 2.17 1.74–2.60

VioF
  Spherical 4.27 3.43–5.10 1.02 1.48 1.17–1.80 0.75
  Irregular 5.29 4.52–6.07 2.23 1.88–2.59

VioE
  Spherical 5.50 4.63–6.37 1.2 1.63 1.32–1.95 0.59
  Irregular 4.30 3.56–5.04 2.22 1.85–2.60
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in cohort 1 and cohort 2, respectively; 3D IBMs ranged 
between 0.45–1.21 years in cohort 1 and 0.05–0.96 years 
in cohort 2. Therefore, four IBMs (Mn_Mj, IoS, VioS, and 
VioF), have shown consistency in predicting the group that 
has a better prognosis in both investigated cohorts wherein 
subjects with irregular shaped tumors have a longer survival 
time in comparison to the subjects with spherical tumors. 
The remaining IBMs were discarded as potential candidates 
due to the inconsistency shown between the two cohorts. 
Nonetheless, VioS was the only IBM from the final pool that 
is consistent in predicting the survival outcome with statisti-
cal significance during the univariable analysis (Table 2); 
based on these findings, we concluded that VioS could be a 
potential risk factor in predicting survival based on tumor 

shape. VioS revealed that spherical tumors have a worse 
prognosis, being 1.21 years lower in median survival for 
cohort 1 and 0.35 years lower in median survival for cohort 
2, in comparison to the irregular tumors. The survival curves 
for VioS on both cohorts are provided as Online Resource 2. 
For visualization purposes on how VioS grouped the subjects 
according to their tumor shapes, we have included several 
examples from both cohorts in Figs. 3 and 4.

Clinico‑radiological correlation to IBMs

These analyses were conducted to establish the correlation 
of the proposed IBMs to clinical factors as discussed in 
“Materials and methods” under IBM Design. The existing 

Table 4   Median survival as 
calculated from Kaplan-Meier 
survival curves. All values are 
presented in years

HR hazard ratio, CI confidence interval, E eccentricity, IoS index of sphericity, Mn_Mj minor to major axis 
length, Eimaj eccentricity between intermediate-major axis, Eimin eccentricity between intermediate-minor 
axis, Emj-mn eccentricity difference on two perpendicular planes, VioS volumetric index of sphericity, VioF 
volumetric index of flattening, VioE volumetric index of elongation
The bold values represent the median survival difference of biomarkers with statistical significance as 
reported in Table 2

Biomarkers Cohort 1 Cohort 2

Median 95% CI Difference Median 95% CI Difference

2-Dimensional
E

  Spherical 3.96 3.48–5.04 0.8 1.49 1.14–193 0.01
  Irregular 3.16 2.18–4.14 1.48 1.22–1.93

Mn_Mj
  Spherical 3.21 2.49–4.14 0.87 1.74 1.25–2.48 0.33
  Irregular 4.08 3.51–5.24 1.41 1.12–1.79

IoS
  Spherical 3.50 1.45–4.42 0.46 1.39 0.71–1.79 0.19
  Irregular 3.96 3.31–4.92 1.58 1.27–2.02

3-Dimensional
Eimaj

  Spherical 3.96 3.16–4.92 0.45 1.64 1.39–2.07 0.24
  Irregular 3.51 2.96–4.35 1.40 1.04–1.75

Eimin

  Spherical 4.08 3.48–4.92 0.57 1.41 0.85–1.79 0.33
  Irregular 3.51 2.72–4.09 1.74 1.29–2.54

Emj-mn

  Spherical 4.24 3.48–4.99 0.82 1.44 1.21–1.93 0.05
  Irregular 3.42 2.49–3.99 1.49 0.85–1.93

VioS
  Spherical 3.21 2.49–3.84 1.21 1.39 0.85–1.79 0.35
  Irregular 4.42 3.75–4.97 1.74 1.27–2.54

VioF
  Spherical 3.48 2.47–4.24 0.60 2.09 1.41–2.78 0.74
  Irregular 4.08 3.42–4.97 1.35 0.84–1.57

VioE
  Spherical 4.14 3.42–4.97 0.64 2.31 1.44–2.92 0.96
  Irregular 3.50 2.76–4.04 1.35 0.87–1.57
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2D IBMs were not investigated in this analysis. Tables 5 
and 6 depict the statistical analyses performed through 
one-way analysis of variance (ANOVA), which measures 
the difference between the means of two subgroups. Demo-
graphically, Age and Gender were correlated to all IBMs, 
but only VioE showed statistical significance difference by 
Age (p = 0.028). Interestingly, all six IBMs demonstrated 
statistical significance in primary tumor T, but not in lymph 
node involvement N or metastasis M factor. Additionally, 
we did not observe a statistically significant difference for 
any of the three investigated gene mutation profiles (EGFR, 
KRAS, and ALK). The potential connection of imaging pro-
tocols to the IBMs was also investigated, in which mixed 
observations were noticed. Slice thickness was significant 
in VioS, VioF, and VioE, but not in any of the 3D eccentrici-
ties. Pixel spacing was only positively correlated to VioE and 
the convolution kernel showed no significance differences in 
any of the IBMs. We only included cohort 1 results in this 
section, while cohort 2 correlation results are presented in 
Online Resource 3. 

Test–retest analysis

The reproducibility analysis was conducted on an inde-
pendent cohort, separated from the two main cohorts to 

derive insights on the ability of the proposed image-based 
biomarkers to reproduce across different environments. We 
observed that three of the IBMs scored substantial amount 
of agreement between measurements taken on baseline 
versus follow-up scans; VioS (CCC: 0.906 (0.781–0.962)), 
VioF (CCC: 0.982 (0.955–0.992)), and VioE (CCC: 0.983 
(0.959–0.993), but slightly lower for the other three, 
Eimaj (CCC: 0.868 (0.700–0.945)), Eimin (CCC: 0.899 
(0.765–0.958)) and Emj-mn (CCC: 0.882 (0.727–0.951)). 
Measurements can greatly vary with changes in z or depth 
of the slices in this testing, because the proposed IBMs were 
measured in 3D planes. However, we believe that the lower 
agreement seen in eccentricity-based IBMs is because these 
IBMs were taken on 2D viewpoints in a 3D projection in 
comparison to the volumetric-based IBMs, which are con-
sidered true 3D projections. Despite this, the CCC ranges 
were acceptable.

Discussion

In this study, we have investigated the potential correlation of 
shape morphologies to survival in patients with lung cancer. 
Nine shape-based imaging biomarkers were tested for their 
value in predicting outcomes in two independent cohorts 

Fig. 3   Subjects in cohort 1 were clustered into a spherical and b irregular tumor shape according to their VioS values
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of subjects with NSCLC; six of them (Eimaj, Eimin, Emj-mn, 
VioS, VioF and VioE) were modified versions of the other 
three; Mn-Mj (Baba et al. 2012), IoS (Ionescu-Tirgoviste 
et al. 2015), and E (Thomas Jr and Finney 1979). We con-
sistently found that irregular tumors had a better prognosis in 
both investigated cohorts predicted by four IBMs, including 
the ones introduced by Baba et al. (2012) and Ionescu-Tir-
goviste et al. (2015). However, the univariable analyses only 
supported VioS as statistically significant in both cohorts. 
Following that observation, we concluded that VioS was a 
new potential risk factor predicting survival among NSCLC 
patients according to tumor shape morphology. The iden-
tification of imaging measures predicting NSCLC patient 
outcomes has been explored in several studies, including 
minor to major axis length predicting overall survival by 
Baba et al. (2012), tumor area and mean attenuation predict-
ing recurrence by Koo et al. (2017), convexity and entropy 
ratio predicting overall survival by Grove et al. (2015); how-
ever, to the best of our knowledge, this is the first study that 
made comparisons between the prognostic impact provided 
by 2D and 3D shape-based imaging measures.

The key differences of this work are outlines as follows: 
firstly, we have modified the 2D quantifications of grouping 
tumor morphologies into spherical and non-spherical into a 
modified version from 3D projections. Instead of focusing 

on the CT slice with the largest tumor diameter (2D), the 
measurements considered the tumor as a whole (volumetric). 
The findings support the hypothesis that measuring tumors 
as a volume better predicts patient survival. Secondly, to pro-
vide insights into how shape morphology obtained by either 
2D or 3D is associated with outcome, we compared the two 
versions; again, the null hypothesis was rejected. Thirdly, 
our investigation involved larger cohorts from two different 
centers in comparison to the previous work. This approach is 
believed to increase external validity, because generalization 
of conclusions derived from larger cohorts selected from 
multiple centers is more reliable. Lastly, instead of manually 
dividing the subjects by setting a threshold value, FCM was 
used to automate the intended work. It is, however, advisable 
to run the algorithms multiple times before drawing infer-
ence about the clusters. Being a non-deterministic approach 
by nature, one could possibly get unidentical results on mul-
tiple runs. One of the possible solutions to this issue would 
be to use a majority vote to determine the class that a data 
belongs to after several runs. On top of that, it is also pos-
sible to set a similar seed value on each run, thus eliminating 
the randomness which will lead to a deterministic result.

The survival outcomes inferred that patients with spher-
ical tumors have worse lung cancer survival than patients 
with irregular or non-spherical tumors, which is congruent 

Fig. 4   Subjects in cohort 2 were clustered into a spherical and b irregular tumor shape according to their VioS values
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Table 5   The correlation of 
Eimaj, Eimin, and Emj-mn with the 
clinical and imaging covariates 
in cohort 1

Eimaj eccentricity between intermediate-major axis, Eimin eccentricity between intermediate-minor axis, 
Emj-mn eccentricity difference on two perpendicular planes, SD standard deviation
Statistical significance (p < 0.05) is represented by the bold and *

Biomarkers Eimaj Eimin Emj-mn

Mean SD p value Mean SD p value Mean SD p value

Demographics
Age (years)

  ≤70/83 0.60 0.16 0.716 0.75 0.11 0.687 0.24 0.19 0.615
  >70/62 0.59 0.18 0.76 0.12 0.26 0.23

Sex
  Male/108 0.60 0.16 0.929 0.76 0.13 0.923 0.26 0.22 0.565
  Female/37 0.59 0.17 0.75 0.11 0.24 0.21

Pathological staging
Primary tumor

  T1/74 0.61 0.16 0.005* 0.75 0.12 0.004* 0.23 0.20 0.028*
  T2/49 0.63 0.13 0.74 0.11 0.21 0.16
  T3/17 0.49 0.20 0.83 0.09 0.35 0.28
  T4/5 0.45 0.26 0.87 0.16 0.42 0.42

Lymph node
  N0/117 0.60 0.17 0.833 0.75 0.12 0.470 0.24 0.21 0.923
  N1/12 0.59 0.15 0.76 0.13 0.27 0.16
  N3/16 0.57 0.18 0.79 0.12 0.24 0.28

Metastasis
  M0/142 0.60 0.17 0.888 0.75 0.12 0.738 0.25 0.21 0.665
  M1/3 0.58 0.07 0.78 0.01 0.19 0.09

Gene mutations
EGFR

  Wildtype/94 0.60 0.16 0.935 0.75 0.12 0.749 0.25 0.20 0.945
  Mutant/23 0.59 0.17 0.77 0.10 0.24 0.21
  Unknown/28 0.59 0.20 0.74 0.13 0.26 0.25

KRAS
  Wildtype /88 0.59 0.16 0.417 0.77 0.12 0.380 0.25 0.21 0.445
  Mutant/27 0.64 0.13 0.73 0.11 0.20 0.16
  Unknown/30 0.59 0.20 0.75 0.13 0.26 0.24

ALK
  Wildtype /109 0.59 0.16 0.897 0.76 0.12 0.831 0.25 0.21 0.661
  Translocated/2 0.65 0.09 0.74 0.07 0.11 0.12
  Unknown/34 0.60 0.19 0.75 0.12 0.25 0.23

Imaging protocol
Slice thickness (mm)

  ≤ 1.5/119 0.59 0.17 0.692 0.75 0.12 0.816 0.25 0.22 0.845
  > 1.5/26 0.61 0.14 0.76 0.11 0.24 0.15

Pixel spacing (mm)
  ≤ 0.75/48 0.59 0.14 0.873 0.77 0.11 0.409 0.25 0.16 0.807
  > 0.75/97 0.60 0.18 0.75 0.12 0.24 0.23

Convolution kernel
  STANDARD/30 0.56 0.13 0.393 0.79 0.09 0.112 0.25 0.18 0.742
  LUNG/64 0.61 0.18 0.73 0.12 0.23 0.22
  Others/51 0.59 0.18 0.76 0.13 0.26 0.22
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Table 6   The correlation of 
VioS, VioF, and VioE with the 
clinical and imaging covariates 
in cohort 1

VioS volumetric index of sphericity, VioF volumetric index of flattening, VioE volumetric index of elonga-
tion, SD standard deviation
Statistical significance (p < 0.05) is represented by the bold and *

Biomarkers VioS VioF VioE

Mean SD p value Mean SD p value Mean SD p value

Demographics
Age (years)

  ≤70/83 1.05 0.11 0.248 0.86 0.18 0.06 1.21 0.41 0.028*
  >70/62 1.07 0.12 0.80 0.18 1.06 0.39

Sex
  Male/108 1.06 0.12 0.582 0.82 0.19 0.554 1.14 0.41 0.630
  Female/37 1.05 0.11 0.85 0.16 1.18 0.40

Pathological staging
Primary tumor

  T1/74 1.04 0.10 0.003* 0.87 0.17 0.014 1.25 0.40 0.008*
  T2/49 1.06 0.11 0.79 0.18 1.05 0.39
  T3/17 1.16 0.12 0.74 0.20 0.95 0.39
  T4/5 1.09 0.18 0.89 0.14 1.26 0.35

Lymph node
  N0/117 1.05 0.11 0.303 0.84 0.18 0.282 1.18 0.40 0.226
  N1/12 1.09 0.13 0.77 0.19 1.00 0.38
  N2/16 1.10 0.12 0.79 0.21 1.06 0.42

Metastasis
  M0/142 1.06 0.12 0.896 0.83 0.18 0.988 1.15 0.40 0.989
  M1/3 1.05 0.10 0.84 0.21 1.15 0.51

Gene mutations
EGFR

  Wildtype/94 1.06 0.12 0.491 0.82 0.20 0.188 1.13 0.43 0.210
  Mutant/23 1.08 0.10 0.83 0.13 1.08 0.31
  Unknown/28 1.04 0.11 0.89 0.15 1.27 0.36

KRAS
  Wildtype/88 1.07 0.11 0.770 0.83 0.16 0.282 1.14 0.38 0.511
  Mutant/27 1.06 0.13 0.79 0.24 1.10 0.49
  Unknown/30 1.05 0.12 0.87 0.18 1.22 0.39

ALK
  Wildtype /109 1.07 0.12 0.509 0.82 0.19 0.160 1.13 0.41 0.227
  Translocated/2 1.11 0.01 0.68 0.26 0.84 0.42
  Unknown/34 1.04 0.11 0.88 0.16 1.23 0.37

Imaging protocol
Slice thickness (mm)

  ≤ 1.5/119 1.05 0.12 0.026* 0.86 0.18 <0.001* 1.21 0.40 <0.001*
  > 1.5/26 1.11 0.10 0.71 0.15 0.87 0.28

Pixel spacing (mm)
  ≤ 0.75/48 1.08 0.10 0.203 0.79 0.16 0.059 1.04 0.37 0.021*
  > 0.75/97 1.05 0.12 0.85 0.19 1.20 0.41

Convolution kernel
  STANDARD/30 1.09 0.11 0.158 0.82 0.19 0.235 1.16 0.46 0.122
  LUNG/64 1.04 0.12 0.86 0.18 1.22 0.41
  Others/51 1.08 0.11 0.80 0.17 1.06 0.36
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with the findings in previous studies (Lederlin et al. 2013; 
Baba et  al. 2012). However, contradicted finding was 
demonstrated in (Sacconi et al. 2017; Song et al. 2016). 
In their work, sphericity was not a prognostic predictor 
to survival. One possible root cause to this contradicted 
finding observed could be given by the fact that Sacconi 
et al., and Song et al., both used proprietary and conven-
tional CT features in comparison to our work. There was 
no feature engineering work reported. It is assumed that 
irregular tumors have formed due to limitations in nutri-
ent supply through vessels such as the bronchus and the 
lymphatic tissue, or inhibition by the lung immune system, 
whereas spherical tumors are formed through the uninhib-
ited expanding and invasive nature of cancer cells. Our 
finding could be used to improve survival of patients with 
NSCLC by providing additional therapeutic interventions 
to patients with higher risk. The proposed markers may 
provide alternative factors for oncologists investigating 
tumor-specific factors during treatment planning: they 
are collected through less invasive methods than biopsy 
or resection sampling. The concept of using imaging 
measures as biomarkers is not new (Saad and Choi 2017, 
2018; Aerts et al. 2014; Ellingson 2015), but the thought 
of having to go through complex imaging analysis with 
advance software may have hindered the unique benefit 
it can provide. Imaging biomarkers are the corner stone 
of modern radiology and may become major contributors 
to therapeutic decisions and drug evaluation in the near 
future. Therefore, multidisciplinary expertise is needed to 
facilitate this progress. It is worth mentioning that during 
our study, we noticed that some of the tumors were cavi-
tated. It is possible that scoring the tumors based on the 
extent of cavitation, e.g., score = 1 (less than 50% cavita-
tion) and score = 2 (more than 50% cavitation) could be 
another potential tumor-specific factor of prognostic value 
for NSCLC patients.

This study is, however, not without limitations. One 
general limitation of the study is the design, which was 
based on previous collected data and their retrospective 
analysis. Therefore, further prospective studies are war-
ranted. Because the enrollment criteria were not restricted 
to a certain cancer stage, the conclusions were derived 
from data that include all stages of NSCLC. Therefore, 
it is inconclusive if the generalization of the proposed 
shape-based biomarkers to all cancer stages is possible. 
We also had to exclude a rather large number of subjects 
with incomplete clinical records from both cohorts and 
currently the study conclusions were derived from only 
one tumor site which is in the lung. It would be interest-
ing if we could compare the prognostic indicator VioS in 
different cancer sites such as oral cancer as the same find-
ings were documented in (Tarsitano et al. 2019) that the 
sphericity of a tumor was closely associated with death 

and recurrence. This could be a good validation in future 
study following this work. Despite these limitations, we 
are confident that as more data become available, the cur-
rent model can be improved and can lead to more discover-
ies to enhance cancer care.
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