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Abstract

Objectives Malignant tumours consist of biologically heterogeneous components; identifying and stratifying those various
subregions is an important research topic. We aimed to show the effectiveness of an intratumour partitioning method using
clustering to identify highly aggressive tumour subregions, determining prognosis based on pre-treatment PET and DWI in stage
IV lung adenocarcinoma.

Methods Eighteen patients who underwent both baseline PET and DWI were recruited. Pre-treatment imaging of SUV and ADC
values were used to form intensity vectors within manually specified ROIs. We applied k-means clustering to intensity vectors to
yield distinct subregions, then chose the subregion that best matched the criteria for high SUV and low ADC to identify tumour
subregions with high aggressiveness. We stratified patients into high- and low-risk groups based on subregion volume with high
aggressiveness and conducted survival analyses. This approach is referred to as the partitioning approach. For comparison, we
computed tumour subregions with high aggressiveness without clustering and repeated the described procedure; this is referred to
as the voxel-wise approach.

Results The partitioning approach led to high-risk (median SUVmax = 14.25 and median ADC = 1.26x10~* mm?/s) and low-
risk (median SUVmax = 14.64 and median ADC = 1.09x10> mm?/s) subgroups. Our partitioning approach identified
significant differences in survival between high- and low-risk subgroups (hazard ratio, 4.062, 95% confidence interval,
1.21 — 13.58, p-value: 0.035). The voxel-wise approach did not identify significant differences in survival between high-
and low-risk subgroups (p-value: 0.325).

Conclusion Our partitioning approach identified intratumour subregions that were predictors of survival.

Key Points

* Multimodal imaging of PET and DWI is useful for assessing intratumour heterogeneity.

* Data-driven clustering identified subregions which might be highly aggressive for lung adenocarcinoma.

o The data-driven partitioning results might be predictors of survival.
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structure [1], which are predicated by genomic heteroge-
neity [2]. This intratumour heterogeneity of genomic ori-
gin might indicate a poor prognosis [3]. Some studies re-
ported subpopulations of cells that show resistance to ther-
apy [4, 5]. Nevertheless, modern cancer treatment is typ-
ically based on accurate tissue diagnosis of samples ob-
tained from needle biopsy or surgical excision. Lung ade-
nocarcinoma, especially, is highly heterogeneous and usu-
ally has variable combinations of two or more histologic
subtype patterns [6]. Management of approximately 80%
of'advanced or inoperable cases usually relies on a limited
sample of cancer tissue that cannot represent intratumour
heterogeneity. Therefore, recognition of intratumour het-
erogeneity to inform treatment decisions requires sophis-
ticated imaging analysis methods that could fully capture
the potential heterogeneity of the whole tumour [7].

Imaging-based quantitative stratification of lung ade-
nocarcinoma plays an essential role in diagnosis, stag-
ing, therapeutic planning, and response evaluation
[8-10]. Positron emission tomography (PET) reflects tu-
mour metabolism [11]. Diffusion-weighted magnetic res-
onance imaging (DWI) captures tissue cellularity and
microstructure, and the apparent diffusion coefficient
(ADC), a measure derived from DWI, is widely used
for tumour differentiation [12]. A multimodal study is
capable of integrating complementary information to
better assess tumour hallmarks compared with a single-
mode study [13, 14]. Lee et al explored successful
prognostic stratification of lung adenocarcinoma using
DWI and PET [15]. We adopted these two functional
imaging measures, '*F-fluorodeoxyglucose (FDG) up-
take of PET and ADC in DWI, to differentiate hetero-
geneous intratumour subregions according to two impor-
tant tumour properties of glucose metabolism and cell
differentiation and apoptosis.

Intratumour heterogeneity is often difficult to assess
with the naked eye, and recent developments in machine
learning have contributed significantly toward enhanced
quantification of such heterogeneity [16—18]. Partitioning
a whole tumour refers to dividing the whole volume into
smaller subregions, which often allows better quantifica-
tion of intratumour heterogeneity. We applied a data-
driven clustering algorithm to partition the whole tumour
volume into subregions of different degrees of tumour aggres-
siveness. We aimed to show the effectiveness of an
intratumour partitioning framework based on the integrated
analysis of PET and DWI in patients with lung adenocarcino-
ma. We hypothesised that subregions that appear to have low-
er ADC and higher FDG uptake reflect areas of highly aggres-
sive tumour and ultimately determine prognosis. In addition,
we compared the performance of a partitioning-based ap-
proach and a voxel-based approach in terms of recognition
of intratumour heterogeneity.

Materials and methods
Patient population

This prospective study was approved by our Institutional
Review Board and written informed consent was obtained
from all patients (IRB # 2011-05-087-001). We recruited a
total of 31 patients with stage IV lung adenocarcinoma. All
patients received both baseline PET/CT and DWI imaging
before platinum-based chemotherapy as a first-line therapy.
Patients were excluded based on the following criteria: (1)
lack of informed consent (n=5), (2) primary tumour less
than 2 cm (n=2) considering the potential measurement er-
ror of the ADC map derived from the limited spatial reso-
lution, (3) receiving concurrent chemoradiotherapy
(CCRT) (n=2), (4) missing baseline PET or CT images
(n=3), and (5) misalignment between DWI and PET image
(n=1). We analysed 18 patients according to the exclusion
criteria in Figure 1.

Image acquisition

DWI images were obtained using a 1.5 Tesla (T) scanner
(Magnetom Avanto, Siemens, Erlangen, Germany) with the
following parameters: single shot spin echo EPI sequence
with spectral selection attenuated inversion recovery; repeti-
tion time/echo time, 11700/73 ms; EPI factor, 142; number of
excitations, 4; field of view (FOV), 400 x 325 mm; imaging
matrix, 192 x 142; and slice thickness, 5 mm. PET images
were obtained from the PET/CT protocol. Patients were
injected with 370 MBq (10 mCi) of FDG and then scanned
on a GE Discovery PET/CT scanner (Discovery LS; GE
Healthcare) that included a PET scanner (Advanced NXi;
GE Medical Systems) for 60 minutes. Contrast agent was
delivered by intravenous bolus injection at a flow rate of
approximately 0.1 mmol/kg (Gadoterate meglumine,
Dotarem, Guerbet LLC, New Jersey, USA). PET data were
acquired in a 2-dimensional mode with 3 to 5 minutes of
acquisition time per bed position. The PET images were
then reconstructed with an ordered set expectation maximi-
sation algorithm. The spatial resolution of the PET image
was 3.91 x 3.91 x 3.27 mm’.

Image processing and partitioning

Raw PET values were converted to SUV. The ADC map was
computed in a voxel-wise fashion using the Stejskal-Tanner
formula with b = 0, 100, and 700 s/mm?. Primary tumour
ROIs were drawn manually by one expert (HYL) with 15
years of experience. Figure 2 shows an overview of the imag-
ing processing procedures, which consisted of the following
steps. First, intra-patient registration was performed to spatial-
ly align DWI and PET images for each patient using an affine
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Recruited 31 patients with suspected stage IV lung adenocarcinomas

= Patients withdrawn from informed consent (n=5)
= Patients with baseline PET/CT at the outside (n=3)

Baseline MRI including DWI performed

= Patients with primary tumor less than 2cm (n=2)
= Patients underwent concurrent chemoradiotherapy (n=2)

Pre-processing for imaging analysis

= Patient with misalingment error between two modalities
(n=1)

Enrolled 18 patients underwent first-line Platinum-based chemotherapy

\

Multimodal imaging analysis performed

Fig. 1 Study enrolment criteria

transformation. This process enabled us to obtain the intensi-
ties on the same coordinate in multimodal analysis. We ap-
plied k-means clustering (k = 4) to registered DWI

a Image registration between DWI and PET

and PET data to yield four distinct subregions. We initialised
the k-means algorithm based on Arthur et al and repeated
procedure 10 times [19]. We then selected the clustering result
that was most stable for the 10 clustering results based on
Rand index [20]. We decided to use k of four so that the
ROI into four subregions based on the possible permutations
of high/low (i.e., two choices) SUV and high/low (i.e., two
choices) ADC. We assumed there were four distinct potential
functional subregions identifiable by PET and DWI as fol-
lows: (1) necrotic subregion showing high ADC and low
SUYV, (2) subregion with low tumour aggressiveness
showing low ADC and low SUYV, (3) subregion with high
tumour aggressiveness showing low ADC and high SUYV,
and (4) subregion with moderate tumour aggressiveness and
treatment resistance showing high ADC and high SUV.
Categories (1) and (3) were previously reported [21, 22], but
categories (2) and (4) were potential assignments. In our study,
a subregion with high SUV and low ADC was defined as
region of high tumour aggressiveness. Threshold values to

Thresholding :
: : DWI PET K-means
: = | E N clustering :
Median 1 uversssaiannasaans AR / \ :
: 7 N N

SUVmax

Median SUVmax

b

Fig. 2 Overall processing steps. Overall processing included two parts.
Part (a) was image registration, thresholding, and k-means clustering.
Raw DWI and PET images were co-registered and tumour regions with
high aggressiveness within the ROI for each modality were determined
using the threshold of the median value. K-means clustering (k=4) was
performed to define computed subregions that would be used later for the
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portioning-based approach. Part (b) computed the hot spot within the
tumour using two approaches: (1) a voxel-based method (left, using the
threshold rule only) and (2) a partitioning-based method (right, using both
the threshold rule and clustering). The imaging PET/ADC maps shown
are representative figures
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dichotomise high and low values in each modality were the
median of each intensity distribution. One subregion (out of
four) with the most high SUV and low ADC voxels was cho-
sen as the subregion of high tumour aggressiveness. This
method for computing tumour regions with high aggressive-
ness is referred to as the partitioning approach.

For comparison, we computed tumour regions with high
aggressiveness using the same criterion applied to all reg-
istered DWI and PET voxels, rather than the clustered sub-
regions. This method of computing tumour regions with
high aggressiveness is referred to as the voxel-wise
approach.

For the partitioning-based approach, we applied k-means
clustering and then applied thresholding rules to identify the
tumour subregion with high aggressiveness. For the voxel-
wise approach, we did not apply clustering and just applied
thresholding rules to identify the tumour subregion with high
aggressiveness.

Statistical analysis

We computed tumour regions with high aggressiveness for
each patient using the procedures described in the previous
section and sorted them with respect to the volume of the
tumour regions with high aggressiveness. Patients were
assigned to high- or low-risk subgroups based on the medi-
an value for the volume of the tumour region with high
aggressiveness. For comparison, we stratified patients into
high- or low-risk subgroups based on whole tumour volume
(rather than the volume of the highly aggressive subre-
gions). We performed the cross-validated survival curves
and permutation tests [23]. In detail, a leave-one-out cross
validation (LOOCV) was applied to survival analysis. For
the training portion, we computed the threshold (i.e., medi-
an) to dichotomise high-risk and low-risk subgroups from
17 samples. For the test portion, the pre-determined thresh-
old was applied to the left-out sample, and it was assigned
to either high-risk or low-risk. The procedure was repeated
18 times, each time leaving a different sample out. This led
to the cross-validated survival curve which was assessed
with Kaplan-Meier analysis and log-rank statistics. To eval-
uate the statistical significance of the log-rank statistic, we
performed a permutation test of the cross-validated survival
curves. A null distribution of log-rank statistics was com-
puted by random assignment of survival information 1,000
times. Statistical significance (corrected p-value) was de-
termined if the log-rank statistic belonged outside of the
95% of the null distribution. Furthermore, we performed
an outlier analysis using z-scores for the three approaches.
Level of significance was set at a p-value of 0.05. Statistical
analyses were performed using MATLAB (The Mathworks
Inc., Natick, MA, USA).

Results
Patient characteristics

We recruited a total of 31 patients with stage IV lung ade-
nocarcinoma who received baseline PET and DWI imaging
before therapy. We analysed 18 patients according to the
exclusion criteria. Of 18 patients, 11 were male. Patient
ages ranged from 26-70 and the mean =+ standard deviation
(SD) was 52.2 + 13.6 years. Disease control rate (DCR) was
85.7% and overall response rate (ORR) was 66.7%. The
mean progression free survival (PFS) was 5.5 + 4.6 months
and average overall survival was 22.0 + 20.5 months. Ten
patients were smokers, whereas eight patients never
smoked. For Eastern Cooperative Oncology Group
(ECOG) performance status, three patients scored 0 and
the remaining patients scored 1. Four patients survived,
and 14 patients died.

Identification of tumour regions with high
aggressiveness

In our study, a subregion with high standardised uptake
value (SUV) and low ADC was defined as a region of high
tumour aggressiveness. The threshold to determine the tu-
mour regions with high aggressiveness was the median val-
ue for both PET and ADC, respectively. The tumour regions
with high aggressiveness were computed by two ap-
proaches. One is the voxel-wise approach where we applied
the threshold rule to all voxels and the other is the
partitioning approach where we applied additional steps
of data-driven clustering besides the threshold rule. Using
the partitioning approach, we stratified the patients into
high-risk and low-risk subgroups using the median
(9.67cc) of tumour volume with high aggressiveness. The
high-risk subgroup had median SUVmax of 14.25 and me-
dian ADC of 1.26x10> mm?/s computed over the subre-
gions with high tumour aggressiveness. The low-risk sub-
group had median SUVmax of 14.64 and median ADC of
1.09x10~* mm?/s. For comparison, we stratified the patients
into high-risk and low-risk subgroups based on whole tumour
volume, rather than the volume of the highly aggressive sub-
regions. Using the voxel-wise approach, we stratified the pa-
tients into high-risk and low-risk subgroups using the median
(7.45¢cc) of tumour volume with high aggressiveness. The
high-risk subgroup had median SUVmax of 14.20 and median
ADC of 1.11x10”* mm?/s. The low-risk subgroup had median
SUVmax of 14.49 and median ADC of 0.96x10~ mm?/s.
Figure 3 shows representative cases of tumour regions with
high aggressiveness using the partitioning and voxel-wise ap-
proaches. The partitioning based approach led to tumour re-
gions with high aggressiveness that were spatially more con-
tiguous and more biologically plausible. We also performed
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Fig. 3 Tumour regions with high aggressiveness using partitioning
and voxel-wise approaches. We determined regions of high tumour
aggressiveness as the colored area shown on the quartile plot (Fig. 3a).
Figure 3b—e show representative cases. Figure 3b, ¢ are images showing a
relatively large tumour region with high aggressiveness from a 56-year-
old male with progressive disease who survived 1.4 months. Figure 3d, e
are images showing a relatively small tumour region with high

an outlier analysis using z-scores for the three approaches. No
outliers were identified (i.e., z-scores < 3).

Performance of survival models

Patients were assigned to high- or low-risk subgroups based
on a threshold for the volume of the tumour region with high
aggressiveness. The threshold was the median value of high
aggressive volume for patients. For comparison, we stratified
patients into high- or low-risk subgroups based on whole tu-
mour volume, rather than the volume of the highly aggressive
subregions. We performed survival analyses for high- and
low-risk subgroups using Kaplan-Meier analysis. Using the
partitioning approach to define tumour regions with high ag-
gressiveness, the difference in survival between high- and
low-risk subgroups was significant (hazard ratio: 4.062, 95%
confidence interval: 1.21 — 13.58, p-value: 0.035). The differ-
ence in survival between high- and low-risk subgroups was
not significant using the voxel-wise approach (p-value: 0.325)
or conventional whole tumour volume (p-value: 0.357). The
results of survival analyses are presented in Figure 4. We
obtained significant results only when the partitioning ap-
proach was adopted to define tumour regions with high
aggressiveness.

@ Springer

aggressiveness in a 61-year-old female with the partially responsive
disease who survived 71.9 months. Figure 3b, d represent tumour
regions with high aggressiveness using a voxel-based method (red),
where white boundaries are tumour contours of manual annotations.
Figure 3c, e represent tumour regions with high aggressiveness using a
partitioning-based method (yellow). Note that the representative images
are 2D slices from 3D cases

Discussion

In malignant tumours, populations of genetically distinct
subclones can intermingle or be spatially separated, and this
subclonal architecture varies dynamically throughout the dis-
ease course [24, 25]. Intratumour heterogeneity of genomic
origin could be used to identify imaging biomarkers that could
guide clinical decision making in cancer medicine [26]. In any
case, a single biopsy is unable to represent the full tumour
mutational spectrum. Genomic instability indices have been
associated with poor outcomes, since different subregions har-
bor different levels of genomic rearrangement, therefore prog-
nostic strategies based on single biopsy samples are likely
limited by intratumour heterogeneity [27].

Non-invasive imaging-based evaluations could be an alter-
native to biopsies for assessing the full spectrum of
intratumour heterogeneity. In this study, we proposed four
distinct functional subregions identifiable by PET and DWI.
We focused on the tumour regions with high aggressiveness
based on high SUV and low ADC. The partitioning-based
approach led to the identification of tumour regions that were
significant predictors of survival. Thus, these results point to
the potential added prognostic value of assessing tumour het-
erogeneity using the partitioning based approach.
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Fig. 4 Results of survival analyses. a Kaplan-Meier plot for whole
tumour volume. b Kaplan-Meier plot for the partitioning-based
approach. ¢ Kaplan-Meier plot for the voxel-wise approach. Potential
high-risk subgroup refers to the patients whose volume of high tumour

Others have explored the application of data-driven
machine learning methods to assess intratumour heterogene-
ity, mainly in animal studies [28-30]. Our study is a human
imaging study that proposes a robust intratumour partitioning
approach to identify clinically relevant subregions with
high aggressiveness. Wu et al identified high-risk subregions
using FDG-PET and computed tomography (CT) and demon-
strated that the tumour burden of the high-risk subregions
was a prognostic factor of survival based on data-driven
clustering [31]. Our study is similar to that of Wu et al, but
we used a more sensitive functional modality (i.e., DWI) and
assumed four distinct subregions with plausible biological
interpretation.

We computed subregions with high aggressiveness within
the tumour using two approaches, voxel-based and
partitioning-based methods. In the voxel-based method, tu-
mour regions with high aggressiveness were determined using
the median of each modality of the tumour. Although this
process could provide a collection of voxels that meet the
aggressiveness criteria of both high metabolism and cellularity
in PET and DWI, the result did not significantly predict patient
survival (p-value: 0.325). One possible reason could be that
individual voxels are influenced by intrinsic noise introduced
by various parts of the acquisition process. In contrast, the
partitioning-based approach clusters the voxels into four dis-
tinct clusters and each cluster has a similar intensity vector. All
the voxels are mapped to one of the four clusters, and voxels
in each cluster have similar intensity vectors within the given
cluster. For example, a cluster with low ADC and high SUV
might aggregate all voxels that are similar in intensity vector,
but a voxel-wise approach might aggregate voxels who strict-
ly satisfy low ADC and high SUV (threshold of median).
Noise perturbs the signal intensities and some voxels belong-
ing to the subregion of high aggressiveness might be errone-
ously mapped as the non-aggressive subregion under the
voxel-wise approach. They still could be correctly mapped
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aggressiveness is larger than the median depending on various
approaches. Potential low-risk subgroup refers to the patients whose
volume of high tumour aggressiveness is less than the median
depending on various approaches

to the subregion with high aggressiveness under the
partitioning-based approach. The partitioning approach iden-
tified tumour regions with high aggressiveness well, leading
to good survival prediction (HR: 4.062, p-value: 0.035).

We reported imaging statistics for the four clusters using
the partitioning approach. The first cluster with high ADC and
low SUV had mean 1.49x10” mm?/s (SD = 0.32x10”* mm?/s)
in ADC and mean 8.96 (SD = 4.15) in SUVmax. The sec-
ond cluster with low ADC and low SUV had mean
0.82x10° mm?/s (SD = 0.26x10> mm?/s) in ADC and
mean 8.95 (SD = 3.97) in SUVmax. The third cluster with
low ADC and high SUV had mean 1.18x107* mm?/s (SD =
0.21x10° mm?/s) in ADC and mean 14.05 (SD = 4.99) in
SUVmax. The fourth cluster with high ADC and high SUV
had mean 1.58x10~ mm?%/s (SD = 0.33x10° mm?/s) in
ADC and mean 11.33 (SD = 4.46) in SUVmax. There were
significant differences between the first cluster (necrotic sub-
region) and the third cluster (subregion with high tumour ag-
gressiveness) using t-test (p-values 0.002 and 0.002 for ADC
and SUVmax, respectively). Thus, the imaging findings of the
selected subregion were consistent with existing literature [15,
21,22].

We identified tumour subregions with high aggressiveness
using the partitioning approach, which were further dichoto-
mised into high-risk and low-risk subgroups. The high-risk
subgroup had median SUVmax of 14.25 and median ADC
of 1.26x10”° mm?/s and low-risk subgroup had median
SUVmax of 14.64 and median ADC of 1.09x10” mm?/s.
The imaging statistics of high-risk and low-risk subgroups
were rather similar (p-value > 0.05). This might indicate that
conventional imaging statistics could not reveal differences in
survival, while our partitioning approach could.

The volume of the whole tumour is a known biomarker
reflecting tumour burden [32-34]. However, surprisingly
enough, when we performed survival analysis using whole
tumour volume, our result showed the volume of the whole
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tumour was not a significant predictor of survival (p-value:
0.357). This indicates the entire volume of tumour doesn’t
always imply the viable tumour component but could include
even necrotic or apoptotic portions as well as a non-
tumourous component within the tumour. On the other hand,
a highly aggressive subregion of the tumour would correlate
with the prognosis more strongly and more exclusively, since
our patients had stage I'V adenocarcinoma. Our study showed
that quantitative measure of tumour volume with high aggres-
siveness was a prognostic factor for survival even if the stage
specified by overall tumour burden was the same. Accurate
identification of this hot spot, that is, the highly aggressive
subregion, would have an additional clinical value by which
to judge treatment failure related to the acquired resistance
during chemotherapy.

Our study has the following limitations. The sample size
was limited because this was a proof-of-concept study, for
which we focused on stage IV cancer with an expectation
that intratumoural heterogeneity would vary much more in
the cases of advanced stage. Among advanced stages, we
only included stage IV, histology of adenocarcinoma, pa-
tients undergoing platinum-based chemotherapy as a first-
line therapy in order to eliminate potential compounding
factors affecting prognosis as much as possible. Further
studies with larger samples are necessary to validate our
findings. There were no pathologic results available to con-
firm the tumour regions of high aggressiveness, as the re-
cruited patients did not undergo surgery, and therefore his-
tology was unavailable.

In conclusion, we asked if a data-driven clustering ap-
proach could identify tumour regions with high aggres-
siveness within stage IV lung adenocarcinoma tumours
using PET and DWI. We also tested whether the identified
tumour regions with high aggressiveness predicted surviv-
al. Our results showed that identified tumour regions with
high aggressiveness were significant predictors of
survival.
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