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ARTICLE INFO ABSTRACT

Purpose: This study explored a novel homological analysis method for prognostic prediction in lung cancer
patients.

Materials and methods: The potential of homology-based radiomic features (HFs) was investigated by comparing
HFs to conventional wavelet-based radiomic features (WFs) and combined radiomic features consisting of HFs
and WFs (HWFs), using training (n = 135) and validation (n = 70) datasets, and Kaplan-Meier analysis. A total
of 13,824 HFs were derived through homology-based texture analysis using Betti numbers, which represent the
topologically invariant morphological characteristics of lung cancer. The prognostic potential of HFs was
evaluated using statistically significant differences (p-values, log-rank test) to compare the survival curves of
high- and low-risk patients. Those patients were stratified into high- and low-risk groups using the medians of
the radiomic scores of signatures constructed with an elastic-net-regularized Cox proportional hazard model.
Furthermore, deep learning (DL) based on AlexNet was utilized to compare HFs by stratifying patients into the
two groups using a network that was pre-trained with over one million natural images from an ImageNet da-
tabase.

Results: For the training dataset, the p-values between the two survival curves were 6.7 X 10° (HF),
5.9 x 10732 (WF), 7.4 x 107° (HWF), and 1.1 x 102 (DL). The p-values for the validation dataset were
3.4 x 107° (HF), 6.7 x 10”7 ' (WF), 1.7 X 10”7 (HWF), and 1.2 x 10" (DL).

Conclusion: This study demonstrates the excellent potential of HFs for prognostic prediction in lung cancer
patients.
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1. Introduction based on deep learning (DL) was slightly more accurate than that em-

ploying conventional engineered features, such as wavelet-based

Lung cancer is the leading cause of cancer mortality worldwide,
accounting for more than 1.7 million deaths in 2018 [1]. An association
between lung cancer prognosis and tumor traits has been reported,
especially in cases where computed tomography (CT) were employed
[2-5]. Several radiomics studies have attempted to evaluate lung
cancer prognosis by characterizing tumor traits using histograms, tex-
ture features, and wavelet-decompositions that quantify intra-tumor
heterogeneity [6-8].

Chalkidou et al. [9] demonstrated that the p-values stated in fifteen
published papers, which evaluated whether there were associations
between patient survivals and texture features, were statistically un-
reliable when appropriate statistical corrections were applied to ori-
ginal data. Prognosis estimation using automated feature engineering
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radiomic features (WFs), though there was not always a significant
performance improvement in two-year survival prediction (p > 0.05,
permutation test) [10]. These conventional methods (WFs and DL)
could not interpret underlying tumor traits related to lung cancer that
are present in medical images. The results discussed above necessitate
the development of novel mathematical models that are specifically
designed to evaluate the prognostic potential of lung cancer.

The prognostic potential of cavitation in lung cancer has been in-
vestigated in previous studies at both the macroscale and microscale
levels [11-13]. Cavitation is most commonly observed in larger and
undifferentiated cancer cases, and probably results from rapid tumor
growth that exceeds the available blood supply, leading to central ne-
crosis [14]. Kolodziejski et al. [11] compared two survival curves
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(Kaplan-Meier curves) representing 100 patients with cavitation and
994 patients with solid tumors (without cavitation) using CT images.
Statistically significant differences (p < 0.05, log-rank test) were ob-
tained between curves for patients with and without cavitation [11].
Patients with cavitation had lower 5- and 10-year survival probabilities,
despite the fact that the patients in both groups were at similar stages
[11]. Santos et al. [12] investigated the correlation between patient
survival times and ten qualitative features (including cavitation) iden-
tified on CT images. The absence or presence of cavitation was re-
cognized as a significant feature that can be used to stratify patients
with squamous cell carcinoma (SCC) into good and poor-prognostic
groups (p < 0.001, log-rank test) [12]. Wang et al. [13] revealed that
cavitation in lung pathology images may also be associated with
prognosis. The significant prognostic factor was found to be the number
of holes (cavitation) using a convolutional neural network based on a
univariate Cox proportional hazard model (CPHM) (p < 0.05, log-rank
test). However, none of these studies quantified the cavitation of lung
cancer in CT images.

Homology has been successfully utilized in various image-analysis
applications, such as the detection and classification of prognostic
cancer lesions in pathological or CT images. This was achieved by
quantifying the cavitation derived from pixel value heterogeneity in
cancerous regions using Betti numbers [15,16], which are mathemati-
cally invariant. The zero- and one-dimensional Betti numbers, which
can be calculated from two-dimensional images, indicate the number of
connected components (b0) and holes (b1) in an object [16]. The Betti
numbers could elucidate the topologically invariant morphological
characteristics of cancer, i.e., the intrinsic properties of cancer. How-
ever, homology has not been utilized in the evaluation of lung cancer
prognosis.

We hypothesized that homology can facilitate both the quantifica-
tion of heterogeneity, encompassing lung tumor traits such as cavita-
tion, and prognostic prediction. Furthermore, the application of
homology and homology-based radiomic features (HFs) could lead to
the development of a mathematical model for predicting patient
prognoses that compares favorably with conventional WFs. In this
study, we introduced a homological radiomics analysis-based approach
to prognostic prediction in lung cancer patients. Furthermore, the fea-
sibility of prognostic prediction using engineered features such as HF
and WF was compared to that using DL-based automated engineered
features.

2. Methods
2.1. Clinical cases

A total of 205 positron emission tomography (PET)-CT images of
lung cancer patients were selected from the publicly available non-
small-cell lung carcinoma (NSCLC)-Radiomics database (n = 422; n:
number of patients) of The Cancer Imaging Archive (TCIA) (Table S1)
[7,17,18]. The selection criteria for patients were as follows: adequate
tumor delineation data without defects such as erroneously misplaced
or missing contours in the PET-CT images was required for each patient,
and their tumor histologic subtype was either adenocarcinoma (ADN),
SCC, or large-cell carcinoma (LC). The selected dataset consisted of
PET-CT images of NSCLC patients (male: 147; female: 58; age range:
43-92 y; subject to complete follow up: 135; censored: 70) with in-
operable, histologically confirmed NSCLCs and tumor stages I (n = 38;
18.5%), II (n = 22; 10.7%), IIIA (n = 52; 25.4%), and IIIB (n = 92;
44.9%), together with unavailable stage data (n = 1; 0.5%). The his-
tologic subtypes of the 205 tumors were ADN (n = 28; 13.6%), SCC
(n = 85; 41.5%), and LC (n = 92; 44.9%). The patients had received
either radiotherapy or radio-chemotherapy. The case numbers of the
selected clinical cases were listed in Table S1 in the Supplemental in-
formation. The PET-CT images were acquired using an ‘SF-fluor-
odeoxyglucose (FDG) PET-CT (Biograph SOMATOM Sensation-16
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system, Siemens Medical Solutions, Erlangen, Germany) with dimen-
sions of 512 x 512 pixels, an in-plane pixel size of
0.98 mm X 0.98 mm, and slice thickness of 3 mm. The radiation
treatment plans were developed by a radiation oncologist using a
treatment planning system (XiO, Computerized Medical Systems, St.
Louis, Missouri, USA). The gross tumor volumes (GTVs) were defined
based on fused FDG PET-CT images. Anisotropic CT images and GTV
regions were transformed into isotropic images with an isovoxel size of
0.98 mm, using cubic and shape-based interpolation [19], respectively.
In this study, the axial plane of each CT image that contained the
maximum GTV area was selected for the calculation of radiomic fea-
tures [20].

The multiple-segmentation dataset that was used for assessing the
reproducibility of features for constructing radiomic signatures
(Subsection 2.2.3) consisted of CT images of patients with NSCLC
(n = 30) from the Quantitative Imaging Net-work (QIN) multisite
collection of lung CT data, with nodule segmentations from the TCIA
(Table S2) [21-23]. The patients were selected from the Lung Image
Database Consortium-Image Database Resource Initiative database
(n = 10; gender unknown; slice thickness: 1.0-2.5 mm), QIN-Lung CT
database (n = 10; male: 4; female: 6; slice thickness: 3 mm), and the
Reference Image Database to Evaluate Response lung CT database
(n = 10; genders unknown; slice thickness: 1.25 mm). The tumor vo-
lume in each image was independently segmented by three different
institutions: Columbia University Medical Center, Stanford University,
and Moffitt Cancer Center/University of South Florida. Each institution
performed segmentation using their own custom segmentation algo-
rithms under three different sets of initial conditions. These config-
urations resulted in nine segmentations of each tumor, for a total of 270
segmentations [21,22].

2.2. Engineered features

2.2.1. WF calculations

Fig. 1 (right-hand side) presents the overall scheme for the calcu-
lation of WFs [24]. A total of 216 WFs were calculated from 54 features,
using a histogram and four texture-characterization matrices (i.e., a
gray level co-occurrence matrix (GLCM) [25], gray level run-length
matrix (GLRLM) [26], gray level size-zone matrix (GLSZM) [27], and
neighborhood gray-tone difference matrix (NGTDM) [28]) for four
wavelet-decomposed images. The 54 radiomic features are listed in the
Supplemental information (Table S3). The matrices were constructed
by analyzing eight neighborhoods. Decomposition was performed by
applying either a low-pass filter (scaling function, L) or high-pass filter
(wavelet function, H) [29] to eight-bit CT images in each direction.
Therefore, the four wavelet decomposition filters consisted of a com-
bination of two filters using either a low-pass filter (L) or high-pass
filter (H) in each direction (the x or y direction in the two-dimensional
images). We acquired eight-bit CT images based on a look-up table
ranging from 0 to 255, which correspond to a range of —1000 to 1500
Hounsfield units. Decomposition results in down-sampling the image
scale [30,31]. WFs were then calculated from down-sampled GTVs,
which were obtained using nearest-neighbor interpolation. The com-
putation of radiomic features was performed using a MATLAB-based
radiomics tools package (implemented in MATLAB 2017b, MathWorks)
[32,33].

2.2.2. HF calculation

HFs with Betti numbers could indicate the topologically invariant
morphological characteristics of cancerous regions, i.e., the intrinsic
properties of cancer. Fig. 1 (left-hand side) presents the overall scheme
for HF calculation. A total of 13,824 HFs were obtained by applying 54
calculation methods based on histogram and texture features to 256
Betti maps. These maps were obtained from binary images by calcu-
lating Betti numbers within local regions of interest (ROIs), which were
determined using kernel size, shifting pixels, and Betti number types
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Inputs: CT image and gross tumor volume (GTV)

Re-quantizing the CT image into 8 bits gray-levels

|

Thresholding 8 bits CT images with values from 0 to 255

Wavelet-decomposition and down-sampling GTV

T
¢ 4

0 Threshold value 255

<+

HL

Calculating Betti maps

Computing radiomic features from the wavelet decomposed images
within down-sampled GTV

0 Threshold value

Computing radiomic features from the Betti maps within GTV

Fig. 1. Overall scheme for the calculation of homology-based- (left-hand side) and wavelet-based features (right-hand side).

(Fig. 2). The binary images were derived from eight-bit CT images by
thresholding the images with values ranging from 0 to 255. The b0 and
bl values were computed by counting connected components and
holes, respectively, that exhibit eight-connectivity within local ROIs.
The holes were computed by counting connected components with re-
versed binary pixels, with exception of connected components that

Local ROI

Binary image
(threshold: 70)

Local ROl with reversed
pixels except pixels on edges

included pixels on the edge of local ROIs with four-connectivity, as
shown in Fig. 2. The b1/b0 values were obtained as ratios of b1 to b0,
which represents the number of holes per connected component. If bO
was zero, b1/b0 was not calculated, and simply set equal to bl. The
kernel sizes and shifting pixels used in the calculation of Betti maps
determined the sizes of detectable holes and sampling intervals of Betti

Betti number (b0)

Betti number (b1/b0)

b1/b0 map

Betti number (b1)

b1 map

Fig. 2. Calculation procedure for the creation of Betti maps (b0, b1, and b1/b0) based on counting the number of connected components within a local region of
interest (ROI), determined using the kernel (kernel size (KS): 7 and shifting pixel (SP): 1).



K. Ninomiya and H. Arimura

Overlapping = 50%

CT image with GTV

Physica Medica 69 (2020) 90-100

CT image with HF
calculating region

Overlapping < 50%

Fig. 3. Determination of homology-based feature (HF) calculation regions based on the gross tumor volume (GTV) in computed tomography (CT) images.

numbers, respectively. The HF calculation was performed within the
GTVs. Overlapping regions between GTVs and kernels of more than
50% were considered to be within the GTVs (Fig. 3). The computation
of Betti numbers was performed using custom-built algorithms for
counting connected objects that were developed in MATLAB 2017b.

2.2.3. Radiomic signature construction

Radiomic signatures were derived from frequent features that were
selected in more than 90% of the iterations (e.g. over 90 times in 100
iterations) and had the greatest sums of absolute coefficients that were
obtained using the Cox-net algorithm [34-36]. The Cox-net algorithm
selected different features with minimum cross-validation errors at each
time, due to the random variables for splitting data for cross-validation
in the algorithm. For this reason, frequent features were considered to
be useful for prognostic prediction in the majority of cases. In the Cox-
net algorithm, the CPHM was optimized by maximizing the partial
likelihood of the model using L1 and L2 norm penalties, which were
based on a radiomic signature (a feature vector with length m) x; € R™,
where m is the number of radiomic features in real coordinate spaceR,
and i is the patient number. The CPHM #; (t|x;) for a patient i at a time ¢
can be expressed as

hi (tlx;) = ho (H)exp(BTxy), (€9)

where h(t) is the baseline hazard function, and g is a coefficient vector
with length m. To maximize the partial likelihood that is subject to a
convex combination of L1 and L2 norm penalties (elastic net penalty), a
Lagrangian formulation is constructed as follows [35]:

B = argmax[kl(B) — AR, (B)],
[

2
where
1g)=7y, d [ﬁTxi - ln{zzﬁﬁ eXp(ﬁij)}], @
d = 1, event occured at ¢;
"7 1o, censored at t; ’ 4)
— l-—a o
B.(B) = alBll, + > 18Il )

In Egs. (2)—(5), k is a scaling factor, n is the number of patients in a
training dataset, ¢; is the survival time of a patient i, ¢; is the survival
time of a patient j who lived longer than patient i, ||+|l; indicates the L;
norm (least absolute shrinkage and selection operator (LASSO) penalty
term), ||+, indicates the L, norm (ridge regression penalty term), 1 is
the Lagrange multiplier, and «a € [0, 1] is a blending parameter for
adjusting the impact of the LASSO and ridge-regression penalties on

93

overall regularization. In this study, a value of 0.5 (elastic net) was used
for the blending parameter a. A value of @ = 0 reduces the penalization
of ridge regression, which means that a greater number of radiomic
features are included in the model. A value of a = 1 reduces the pe-
nalization of the LASSO, thereby reducing the number of features pre-
sent by “shrinking” the coefficients of highly correlated features to zero.
The parameter A was optimized based on a uniform grid of 100 values
(as recommended in Ref. [34]) using a one-step coordinate descent
algorithm [35]. The cross-validation error was calculated based on five-
fold cross validation, where the training and validation datasets were
selected using random variables. The cross-validation error CE (1) of s-
fold cross-validation can be expressed as [36]

1 s ok Bk
CEQ) = —; Zk:l {l(ﬁi) - lk(ﬁ/l)} (6)

In this case, k is the fold number; B\Ak is the coefficient vector that
was optimized based on the datasets using the Cox-net algorithm with
1, where the k™ subset of patients is removed and used for validation;
and [¥ is the partial likelihood calculated for the patients, excluding the
k™ subset.

It was assumed that features with higher absolute g values are more
strongly associated with prognosis. The number of features that com-
posed a signature was therefore determined, based on features selected
more frequently than in 90% of the iterations (over 90 times in 100
iterations) of the Cox-net algorithm. If more than 13 features were se-
lected over 90 (< n./10; ng: number of patients in a training dataset, see
Section 2.4 [37-39]), then the 13 features with the greatest sums of the
absolute coefficients for 100 iterations of the Cox-net algorithm were
selected for the signature. In addition, the optimal calculation para-
meters for HFs (kernel size, shifting pixel, and Betti number type) were
determined based on average minimum cross-validation errors.

Linearly dependent features were removed from the signatures
using a variance inflation factor (VIF) because these can lead to over-
fitting or unstable model performance [40]. If a signature generated
using the procedure detailed above had features with high VIFs (=10
[411) the feature with the lowest absolute value of coefficients over 100
Cox-net algorithm iterations was removed. This procedure was repeated
until the VIFs of all the features were lower than 10.

Irreproducible features were also removed from the signatures ac-
cording to intraclass correlation coefficients (ICCs), which were in-
dependently computed using the multiple segmentation dataset to en-
hance the robustness of the signatures to inter-observer variability in
GTVs. Features that yielded ICCs < 0.8 [42] were considered to be
irreproducible, and eliminated following the VIF-based feature removal
procedure discussed above.
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2.2.4. Homology and wavelet combined features

Homology and wavelet combined features (HWFs) were generated
from HF and WF signatures and fed into the Cox-net algorithm to
construct signatures. The feature selection method was the same as that
described in Subsection 2.2.3 for the construction of radiomic sig-
natures.

2.3. DL-based automated feature engineering

A DL model based on AlexNet pre-trained using natural images from
the ImageNet database [43,44] was retrained using training datasets,
including CT images of patients whose survival times (training data)
were known. We used eight-bit CT images and survival times as training
data for transfer learning. The DL model was trained using the Adam
algorithm with 100 epochs [45]. Data augmentation including rotation,
flipping, translation, scaling, and shearing, was applied during the
training procedure [46].

2.4. Comparison of prognostic potential

The feasibility of HF-based prognosis was investigated by com-
paring the proposed approach to conventional WFs and HWFs for both
training and validation datasets in a Kaplan-Meier analysis. The prog-
nostic potentials of the radiomic features were evaluated based on
statistically significant differences (p-values, log-rank test) between two
survival curves (Kaplan-Meier curves) that were stratified using the
medians of the rad-scores of radiomic signatures. A rad-score was
computed for each patient based on a linear combination of constituent
features in the signature, weighted by their respective coefficients,
which were determined by constructing CPHMs based on the signature.
Fig. 4 presents the workflow for the validation of prognostic potentials.
Patients (n = 205) were divided into training (n 135; subject to

Physica Medica 69 (2020) 90-100

complete follow up: 90; censored: 45) and validation datasets (n = 70;
subject to complete follow up: 45; censored: 25) based on random
variables. For the validation of engineered features, a CPHM was con-
structed based on the radiomic signature of the training dataset to
obtain the § coefficients. The rad-scores for the training and validation
datasets were then calculated using the B coefficients and radiomic
signatures. A DL model was constructed based on patients in the
training dataset that were monitored until they died to predict the
survival times of patients in both the training and validation datasets
(see Subsection 2.3). Finally, patients in both the training and valida-
tion datasets were stratified into high- and low-risk groups using the
medians of the rad-scores or the survival times in the training dataset. If
the survival curves for the validation dataset showed significant dif-
ferences (p < 0.05, log-rank test), then the associated prognostic
prediction models were considered to be appropriate for stratifying new
patients into the two groups. Construction of the CPHMs was performed
using the “coxph” function in the “survival” package of R Ver. 3.4.3
[47].

According to a review paper by Chalkidou et al. [9], the correction
of threshold values for statistical significance (p < 0.05) was not ne-
cessary in this study because validation tests were performed.

3. Results

The optimal parameters for HF calculation were a kernel size of
seven, one shifting pixel, and a Betti number type of bl/b0. Fig. S1
(Supplemental information) presents box plots of the minimum cross-
validation errors that were obtained from 100 Cox-net algorithm
iterations for HFs calculated using 60 parameters. In Fig. S1, each
feature was ordered according to their average minimum cross-vali-
dation errors, which are indicated by magenta crosses, from left
(smallest) to right (largest). The average minimum cross-validation

All cases (n = 205)

v

Training cases (n = 135)

Automated feature
engineering (DL)

Engineered features
(HF, WF and HWF)

b 4

Construction of Cox
proportional hazard model
(CPHM) with the signature

|

Calculation of radiomic scores
(rad-scores) based on
coefficients of a CPHM

l

Calculation of median of
rad-scores

}

Construction of deep learning
(DL) of the Alex-net to predict
survival times

!

Prediction of survival times
using DL

|

Calculation of median of
survival times

|

L

Validation cases (n = 70)

Automated feature
engineering (DL)

Engineered features
(HF, WF and HWF)

\4 \4

Calculation of rad-scores
based on coefficients of
a CPHM from a training

Prediction of survival times
using DL from a training

Patient stratification using medians based on training dataset

|

Production of Kaplan-Meier curves and calculation of p-values (log-rank test)

Fig. 4. Workflow for training and validation of homology-based (HF), wavelet-based (WF), homology and wavelet combined feature-based (HWF), and deep learning

(DL) prognostic potentials.
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Fig. 5. (a) Frequencies of radiomic features with non-zero coefficients optimized over 100 Cox-net algorithm iterations for homology-based radiomic features (HFs)
with (b) variance inflation factors (VIFs) and intraclass correlation coefficients (ICCs). Features on the left-hand side of the blue line satisfied the necessary con-
ditions, i.e., selection more than 90 times, and were one of the 13 features with the greatest sums of absolute values of the coefficients (13 < n./10; n: number of
patients in a training dataset). The ten features indicated by asterisks (*) were included in an HF signature. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)

+

error obtained using the optimal parameters was 5.3 0.055. There
was a statistically significant difference (p < 0.001, t-test) between the
average minimum cross-validation errors of the first (a kernel size of
seven, one shifting pixel, and a Betti number type of b1/b0) and the
second parameter settings (kernel size of eleven, four shifting pixels,
and a Betti number type of b0).

Ten, six, and nine features were selected for the radiomic signatures
of the HFs, WFs, and HWFs, respectively. Figs. 5-7 present (a) the
frequencies of radiomic features with non-zero coefficients optimized
over 100 Cox-net algorithm iterations with (b) VIFs and ICCs, together
with radiomic signatures (denoted by asterisks) for the HFs, WFs, and
HWFs. Feature names were expressed in their short forms (see the
Supplemental information). In Figs. 5 and 7, digits in the range of
0-255 following the names of the features correspond to the threshold
values for obtaining Betti maps. In Figs. 6 and 7, H and L represent low-
and high-pass filters for wavelet decomposition, respectively. The first
letter indicates high- or low-pass filtration along the x direction, while
the second letter represents filtration along the y direction.

The HFs yielded a greater number of frequent features compared to
the WFs and HWFs, which is considered to be useful for most patients
from the perspective of prognostic prediction (Figs. 5(a), 6(a), and
7(a)). The numbers of frequent features for the HFs, WFs, and HWFs
were 26, 10, and 9, respectively. In Fig. 5(a), 6(a), and 7(a), features
with the same frequencies were ordered based on the sums of the ab-
solute coefficients from large (left) to small (right). Features on the left-
hand side of the blue line satisfied conditions, i.e., those were selected
at least 90 times, and were one of the 13 features with the greatest sum
of absolute coefficient values (13 < n,/10; n: number of patients in a
training dataset).

All the frequent features of the HFs were independent (VIF < 1.5),
whereas four of those (Hist_Mean_HL, GLSZM_LZE_LL,
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GLCM_AutoCorrelation_HL, and GLSZM_LZHGE_LL) of the WFs were
highly correlated with other features (VIF = 10), see Fig. 5(b) and 6(b).
The frequent features of the HWFs were independent (VIF < 1.4), see
Fig. 7(b).

HFs were able to produce larger numbers of reproducible features
than WFs. The number of reproducible features (ICC > 0.8) for the
HFs was 12,211 (88% of 13,824 HFs) and that for the WFs was 106
(49% of 216 WFs). In addition, features comprising the HF signatures
tended to be more reproducible than those comprising the WF sig-
natures (Fig. 5(b) and 6(b)). The average ICCs of constituent features in
the signatures of HFs and WFs were 0.92 = 0.062 and 0.88 *+ 0.045
(p > 0.05, t-test), respectively, see Fig. 5(b) and 6(b).

The HF-based approach exhibited greater prognostic potential than
the conventional models that were based on WFs and DL. HWFs showed
a similar potential compared to HFs. Fig. 8 presents the Kaplan-Meier
curves for the training and validation datasets, where patients were
stratified using the medians of the rad-scores or survival times for the
training dataset. For the training dataset, the p-values (hazard ratio
(HR), confidence interval (CI)) between the two survival curves were
6.7 X 107° (HR: 0.41, 95% CI: 0.26-0.65) (HF), 5.9 x 10~ (HR: 0.57,
95% CI: 0.37-0.88) (WF), 7.4 x 10~ % (HR: 0.41, 95% CI: 0.26-0.65)
(HWF), and 1.1 x 102 (HR: 0.51, 95% CI: 0.33-0.78) (DL) (Tablel).
For the validation dataset, the p-values (HRs, CIs) between the two
survival curves were 3.4 x 10~° (HR: 0.32, 95% CI: 0.16-0.62) (HF),
6.7 x 10~ ! (HR: 0.88, 95% CI: 0.48-1.6) (WF), 1.7 x 10~7 (HR: 0.24,
95% CI: 0.12-0.48) (HWF), and 1.2 x 10~! (HR: 0.63, 95% CI:
0.35-1.1) (DL) (Tablel).

4. Discussion

Our study produced results similar to a previous work [12] in terms



K. Ninomiya and H. Arimura

Physica Medica 69 (2020) 90-100

100
>
(@) 3 WF
c 75
g
50
3
= 25
L
0
Yy Yy e e e E Y Sy Yy I I S Iy E E R S T ey
W/ S Suswy ) S Sy )5 ST S 'Sy /e 'Sy 'S S Slglny) @' s SIS W 9 Sy o 2 5N 9 S ] olwl SIs '
SEENNECTONEG FE e 8¢ E0INGOa'e oY SNG FE BN ST 555 S8 585 880 $5 88 BIN 2L
I S S NSNS R S NS SN ST IS SN S ES 8 IE SR O IS~ ST AN S5 S S SR SNISSSNN
SN SR TN 5 S ST YRR IS S O SRR S NS 5 o8NS 5633580 NS SSETE OS¢ IS S35
S RN 8 S s A S ANSSE AT SN LA IS IFT IS ESNNSN S £5/S'§SHSETs s
@ @709 95 38 SNC055 90T 0505005 SO s BT0goR a5 008s oy NE S §Y
~ "N S ~ ~J ~ ~ [GPY] I = 2
§ S8 8 33 °F O & %Gs ¥ 5 o F Ag 358 @ O ,95’0@'55 T a3
~
s @ 3 il 2 3 ¢ ¢
~
g 5 Feature
8 0.8
ICC [ 5 | os
sl - — -
2 2 3 3 3 2 3 £ 3 = 4 0
| | |
L c L o L c L w
F § o© N N &6 O Z o U4 2 0.2
5 £z 3 25 § 8 § O
o = N | |
[ -
= 2 T 0B & £ -2 2 0 0.0
T 0 s 3 n o s N s N
=/ T 3 O 6 % N 2 % 9
o 4 2 2 0O <] [©)
[G) <| (0] O]
=
O
i |
0
Feature

Fig. 6. (a) Frequencies of radiomic features with non-zero coefficients optimized over 100 Cox-net algorithm iterations for wavelet-based radiomic features (WFs)
with (b) variance inflation factors (VIFs) and intraclass correlation coefficients (ICCs). Features on the left-hand side of the blue line satisfied the necessary con-
ditions, i.e., selection more than 90 times, and were one of the 13 features with the greatest sums of absolute values of the coefficients (13 < n./10; n: number of
patients in a training dataset). The six features indicated by asterisks (*) were included in an WF signature. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)

of qualitative features for characterizing cavities in lung tumors. Fig. 9
presents the Kaplan—Meier curves for SCC patients who were stratified
into high- and low-risk groups, based on the medians of the rad-scores
calculated using the optimal parameters. The high-rad-score group had
associated survival curve with the shorter survival expectation. The p-
value (HR, CI) between the two survival curves was 7.3 X 10~ “ (HR:
0.43, 95% CI: 0.24-0.75) (log-rank test). Homological radiomics ana-
lysis revealed the same trend as shown in the previous study [12] with
higher rad-scores indicating poorer prognosis.

HFs produced greater numbers of frequent features compared to
WFs. In this study, feature selection was based on 100 iterations of the
Cox-net algorithm and the training and validation datasets for model
construction were different in each iteration. Fifteen features were se-
lected 100 times for the HFs (Fig. 5(a)), whereas no features were se-
lected 100 times for the WFs (Fig. 6(a)). The features that were fre-
quently selected for the HFs tended to be the same, regardless of the
training dataset.

HF and WFs may quantify different traits of tumors. The VIFs for
features in the HWF signature were very low (VIF < 1.4), despite the
inclusion of both HFs and WFs. This result indicates that the HFs and
WFs were not correlated to each other.

HFs represent a geometrically unbiased method for evaluating in-
homogeneity in local regions, including cavitation. Both WFs and HFs
can be considered to quantify tumor inhomogeneity because cavitation
may be derived from variations in voxel values as a result of thresh-
olding. However, differences between WFs and HFs can be observed if
there is any bias in the analysis of local regions. Wavelet-based analysis
focuses on specific inhomogeneity patterns that are defined by mother
wavelets and the directions of application for high- or low-pass filters (x
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or y axis). Homology-based analysis can extract the topologically in-
variant morphological characteristics of cancer, i.e., its intrinsic prop-
erties, which could be included in patterns of tumor inhomogeneity.
These results indicate that HFs more accurately evaluate the char-
acteristics of tumor malignancy and provide better patient stratification
compared with conventional image features.

The results of this study indicate that differences in the number of
holes within a tumor were associated with the prognoses of lung cancer
patients. We assumed that low-density holes and tumor heterogeneities
could be characterized by features derived from Betti maps. Low-den-
sity holes with low CT-threshold values may be associated with tiny
cavities and/or tumor heterogeneity at the CT resolution levels.
However, it should be noted that Betti map features may reflect the
image noise in CT images as well.

In past studies, tumor volumes were found to be a significant
prognostic factor in the treatment of stage I-IIl NSCLC with radio-
therapy [48] or radio-chemotherapy [49]. We investigated correlations
between tumor volume and other radiomic features using Spearman’s
correlation coefficients (CC). The CCs for all the features in the HF-,
WF-, and HWF-based signatures were less than 0.2. The correlation of
GLSZM_SZE _108 in the HFs-based signature was statistically significant
(p = 0.014, t-test) but that of the other radiomic features was not.

Prognostic potential of tumor volumes was assessed by stratifying
the patients into high- and low-risk groups based on a median tumor
volume. The p-values (HR, CI) between the survival curves for the
training dataset and validation dataset were 1.3 X 10~! (HR: 0.73,
95% CI: 0.48-1.1) and 3.4 x 10~ ! (HR: 1.4, 95% CI: 0.74-2.5) for only
the tumor volume, respectively (Table 2). On the other hand, the HFs
showed smaller p-values than the tumor volume, that are 6.7 x 10~
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of patients in a training dataset). The nine features indicated by asterisks (*) were included in an HWF signature. (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)

(HR: 0.41, 95% CI: 0.26-0.65) (training) and 3.4 X 107> (HR: 0.32,
95% CI: 0.16-0.62) (validation) (Table 1). This indicates that HFs are a
more feasible and stable prognostic prediction tool than tumor vo-
lumes.

Furthermore, to investigate the impact of the tumor volume on the
prognostic power of a radiomic signature for the rad-scores, the tumor
volume was used with HFs, WFs, and HWFs in a radiomic signature to
classify patients into high- and low-risk groups using the rad-scores. For
the training dataset, the p-values (HR, CI) between the two survival
curves of two groups based on the rad-scores with the tumor volume
were 2.3 x 10~® (HR: 0.39, 95% CL: 0.24-0.62) (HF), 5.6 X 10~ * (HR:
0.50, 95% CI: 0.32-0.77) (WF) and 1.3 x 108 (HR: 0.33, 95% CL:
0.20-0.53) (HWF) (Table2). For the training dataset, the p-values (HR,
CI) between the two survival curves were 1.4 x 10~2 (HR: 0.49, 95%
CI: 0.26-0.91) (HF), 4.4 x 10~! (HR: 0.80, 95% CI: 0.44-1.4) (WF)
and 4.1 x 1078 (HR: 0.23, 95% CI: 0.11-0.47) (HWF) (Table 2). The
tumor volume enhanced the prognostic power of the radiomic sig-
natures with WFs and HWFs.

In our training dataset, there were significant differences in terms of
the mean volumes of lung cancer between high- and low-risk groups
that were stratified based on the medians of the rad-scores of HFs, WFs,
HWFs, and DL. For the training dataset, the p-values (Mann-Whitney U
test) between the mean volumes for these groups were 2.5 x 107!
(HF), 8.8 x 107! (WF), 8.4 x 10~! (HWF), and 4.8 x 10~ (DL). For
the validation dataset, the p-values (Mann-Whitney U test) between the
mean volumes were 7.6 X 1072 (HF), 5.9 x 10~2 (WF), 1.9 x 10~?
(HWF) and 5.4 x 10~ (DL).

Variations in the number of quantization levels affected the accu-
racy of the CPHMs. The cross-validation error of the feature selection
was employed to assess the impact of the number of quantization levels

on the HFs. The mean cross-validation errors (see Subsection 2.2.3)
with seven- and nine-bit images were 5.5 = 0.023 and 5.5 *= 0.041,
respectively. Both errors differed significantly (p < 0.001, t-test) from
the error obtained when using eight-bit CT images (5.3 *+ 0.055).

There were four limitations to this study. First, given that the local
ROIs used to calculate Betti numbers were positioned according to
shifting pixels and kernel sizes, there may have been overlaps or gaps
between neighboring local ROIs. Based on the optimal parameters
identified in this study (a kernel size of seven, one shifting pixel, and a
Betti number type of bl/b0), overlaps between two local ROIs and
several holes could have been counted multiple times. Furthermore, in
cases where there were gaps between two local ROIs, some holes may
have been missed, which could have affected the subsequent feature
calculations.

The second limitation was that patient prognosis evaluation results
may change when three-dimensional image analysis is applied. In this
study, only two-dimensional homological radiomic analysis was per-
formed because Shen et al. demonstrated the superior prognostic po-
tential of radiomic features when two-dimensional calculations were
utilized in place of three-dimensional calculations [20]. However,
tumor traits that represent patient malignancy may reside throughout
the volume of a tumor [50]. Further experiments involving three-di-
mensional homological image analysis should be performed in future
studies.

Third, signatures constructed using data for patients who are subject
to a single treatment method (e.g. only radiotherapy) may differ from
those constructed from the database used in this study. In the database,
we included patients who received radiotherapy treatment and patients
who had been treated using radio-chemotherapy to increase the total

number of patients. Although the results of validation (Fig. 8)
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Table 1

p-values for the two survival curves of high- and low-risk patients using
homology-based radiomic features (HFs), wavelet-based radiomic features
(WFs), combined radiomic features consisting of HFs and WFs (HWFs) and deep
learing (DL).

P-value (Hazard ratio, 95% confidence interval)

Training (n = 135) Validation (n = 70)

HF 6.7 x 107° (0.41, 0.26-0.65) 3.4 x 107°(0.32, 0.16-0.62)
WF 5.9 x 1072 (0.57, 0.37-0.88) 6.7 x 107" (0.88, 0.48-1.6)
HWF 7.4 x 107° (0.41, 0.26-0.65) 1.7 x 1077 (0.24, 0.12-0.48)
DL 1.1 x 1072 (0.51, 0.33-0.78) 1.2 x 1071 (0.63, 0.35-1.1)

HF: homology-based radiomic features, WF: wavelet-based radiomic features,
HWF: combined radiomic features consisting of HFs and WFs, DL: deep
learning, n: number of cases.

demonstrated that the trained prediction models were effective for use
with mixed patient populations containing both radiotherapy and
radio-chemotherapy patients, the prediction performance may vary if
only one specific treatment method was considered in the model con-
struction process.

Finally, this study did not assess the reproducibility of HFs for dif-
ferent scanner/scanning protocols or patient populations. The sig-
natures of the HFs in this study were composed of reproducible fea-
tures, which are robust in terms of inter-observer variability in GTVs,
because irreproducible features (ICCs < 0.8) were removed during the
construction of signatures (Subsection 2.2.3). In contrast, conventional
features computed from CT images were likely to be irreproducible, due
to variations in scanner/scanning protocols [51,52] or populations.
Mackin et al. demonstrated that the inter-scanner variability of con-
ventional features calculated from CT images should be considered
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Fig. 9. Kaplan-Meier curves for squamous cell carcinoma patients who were
stratified into two groups using the median of the radiomic scores for
homology-based radiomic features, with p-values for the two curves (log-rank
test). HR and CI refer to the hazard ratio and confidence interval, respectively.

based on the characteristics inherent to scanners [51]. Li et al. reported
that using CT images with thicker slices significantly reduces the ac-
curacy of support vector machines when using conventional features in
the identification of gene-mutated NSCLC patients [52]. Furthermore,
the impact of variations in patient populations on accuracy is unclear
because this study focused on a single database. Therefore, the re-
producibility of the HFs used in this study must be investigated using
different scanner/scanning protocols and patient populations.

5. Conclusions

In this study, we explored the feasibility of a novel homological
radiomics analysis method for prognostic prediction in lung cancer
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p-values for the two survival curves of high- and low-risk patients using tumor volumes alone and with the radiomic signatures of
homology-based radiomic features (HFs), wavelet-based radiomic features (WFs) and combined radiomic features consisting of HFs

and WFs (HWFs).

P-value (Hazard ratio, 95% confidence interval)

Training (n =

Validation (n = 70)

Tumor volume

HF with tumor volume
WF with tumor volume
HWF with tumor volume

1.3 x 1071 (0.73, 0.48-1.1)

2.3 x 107°(0.39, 0.24-0.62)
5.6 x 10~4(0.50, 0.32-0.77)
1.3 x 1078 (0.33, 0.20-0.53)

3.4 x 107! (1.4, 0.74-2.5)
1.4 x 1072 (0.49, 0.26-0.91)
4.4 x 1071 (0.80, 0.44-1.4)
4.1 x 107%(0.23, 0.11-0.47)

HF: homology-based radiomic features, WF: wavelet-based radiomic features, HWF: combined radiomic features consisting of HFs and

WFs, n: number of cases.

patients. Radiomic signatures consisting of HFs that were calculated
using optimal parameters (a kernel size of seven, one shifting pixel, and
a Betti number type of bl/b0) showed a more promising prognostic
potential than both conventional methods that employ WFs, which are
currently used in most radiomics studies, and DL models. These findings
indicate that the proposed homological analysis method is a feasible
option for evaluating the prognoses of lung-cancer patients, with the
potential to provide direct clinical benefits.
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