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Abstract

Purpose—To develop an intra-tumor partitioning framework for identifying high-risk subregions
from 18F-fluorodeoxyglucose positron emission tomography (FDG-PET) and CT imaging, and to
test whether tumor burden associated with the high-risk subregions is prognostic of outcomes in
lung cancer.

Methods and Materials—In this institutional review board-approved retrospective study, we
analyzed the pre-treatment FDG-PET and CT scans of 44 lung cancer patients treated with
radiotherapy. A novel, intra-tumor partitioning method was developed based on a two-stage
clustering process: first at patient-level, each tumor was over-segmented into many superpixels by
k-means clustering of integrated PET and CT images; next, tumor subregions were identified by
merging previously defined superpixels via population-level hierarchical clustering. The volume
associated with each of the subregions was evaluated using Kaplan-Meier analysis regarding its
prognostic capability in predicting overall survival (OS) and out-of-field progression (OFP).

Results—Three spatially distinct subregions were identified within each tumor, which were
highly robust to uncertainty in PET/CT co-registration. Among these, the volume of the most
metabolically active and metabolically heterogeneous solid component of the tumor was predictive
of OS and OFP on the entire cohort, with a concordance index or Cl = 0.66-0.67. When restricting
the analysis to patients with stage 111 disease (n = 32), the same subregion achieved an even higher
Cl =0.75 (HR = 3.93, logrank p = 0.002) for predicting OS, and a Cl =0.76 (HR = 4.84, logrank p
= 0.002) for predicting OFP. In comparison, conventional imaging markers including tumor
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volume, SUVax and MT V5 were not predictive of OS or OFP, with CI mostly below 0.60
(logrank p > 0.05).

Conclusion—We propose a robust intra-tumor partitioning method to identify clinically relevant,
high-risk subregions in lung cancer. We envision that this approach will be applicable to
identifying useful imaging biomarkers in many cancer types.

INTRODUCTION

Imaging with FDG-PET and CT plays an important role in the clinical management of non-
small cell lung cancer (NSCLC), including diagnosis, staging, radiation treatment planning,
and response evaluation (1-3). Recent studies suggested that simple imaging characteristics
(4-10), such as tumor size, maximum SUV and metabolic tumor volume, may have
prognostic value. However, the prediction accuracy of current prognostic imaging
biomarkers in NSCLC is quite limited (4). For example, a recent study (11) reported a
concordance index or c-index of 0.62 for predicting overall survival in locally advanced
NSCLC based on quantitative imaging features of FDG-PET that include texture features (c-
index ranges from 0 to 1; random guess would give 0.5). As accurate prognostication is
crucial for tailoring therapy base on individual patient’s risk, there is an unmet need to
identify reliable biomarkers based on noninvasive imaging characteristics.

A number of studies have focused on extracting advanced, quantitative image features from
clinical images to predict lung cancer prognosis (12-17). Given that FDG-PET and CT
provide complementary information (metabolic vs anatomic), the image features based on
either modality likely represent a partial view of the tumor. Another, perhaps more
fundamental limitation of previous approaches is the lack of considering spatial information,
where the imaging features were calculated as aggregate measures on the entire tumor
volume. Such approaches implicitly assume that the tumor is homogeneous, or
heterogeneous but uniformly mixed throughout the whole volume. In reality, however,
regional variations within the tumor are often apparent on imaging (18-20). Some parts of
the tumor are biologically more aggressive than others and may play a dominant role in
disease progression. Failure to explicitly account for these regional variations may obscure
the subtle differences among tumors and limit our ability to discover useful imaging
biomarkers (18).

There is emerging evidence suggesting that explicitly incorporating spatial information on
CT (21), e.g., necrosis in the core and proliferation along the periphery, may lead to
improved prediction of survival in NSCLC. However, the simple division into tumor core
and boundary regions does not take into account other kinds of spatial variations in tumors
that may occur, and the assumption that these regions have different underlying biology may
not hold true for all tumors. More sophisticated, potentially more effective image analysis
techniques are needed to incorporate tumor-specific regional variations by leveraging the
differential information of multi-modality PET/CT imaging.

In this work, we propose a novel approach to developing prognostic imaging signatures for
NSCLC. Based on the hypothesis that regional differences within a tumor reflect differing
fundamental biological processes, we perform intra-tumor partition through an integrated
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analysis of PET and CT images routinely acquired for radiation treatment planning. We
show that multiple, spatially distinct subregions exist within tumors and that they can be
reliably extracted in a robust fashion across patients. Further, we demonstrate that the
volume of one particular subregion predicts overall survival and metastasis, demonstrating
superior performance over existing prognostic imaging metrics in lung cancer.

METHODS AND MATERIALS

Patient population

Under approval from the institutional review board, we retrospectively reviewed records and
images of 44 lung cancer patients, who were treated with definitive radiotherapy or
concurrent chemoradiotherapy at our institution from October 2005 through December
2009. A majority of the patients (n=32) had stage 111 disease, and others had stage I, Il, or IV
disease. In our institution, we follow all NSCLC patients at regular intervals (usually every 3
months) after treatment. During the follow-up, 32 patients (72.7%) died and 23 patients
(52.3%) had an out-of-field failure. Patient characteristics are summarized in Table 1.

PET/CT imaging

All patients underwent PET/CT imaging for radiation treatment planning prior to
radiotherapy. Regarding the imaging protocol, following an 8 h fast, patients were injected
with 10-18 mCi of FDG, with imaging 60 min later on a GE Discovery PET/CT scanner
(GE Medical Systems, Milwaukee, WI). CT images were collected in the helical acquisition
mode. In the same scan locations and generally spanning around seven-bed positions, PET
data were acquired in 2D mode, with 3 to 5 min of acquisition time per bed position. The
PET images were then reconstructed with an ordered set expectation maximization
algorithm, with the CT data for attenuation correction. A separate non-contrast enhanced CT
scan was performed at the end of the natural exhale. The complete PET/CT examination
requires approximately one and a half hours, including patient setup, tracer uptake, and
image acquisition. The spatial resolution of the original PET image was 2.34 x 2.34 x 3.27
mm?3 and the spatial resolution of the original CT image was 0.98 x 0.98 x 1.25 mm?,

Intra-tumor partitioning by integrated analysis of PET/CT imaging

Here, we propose a multi-parametric intra-tumor partitioning method to consistently divide
the entire tumor into multiple spatially distinct subregions. Figure 1 summarizes the
complete pipeline that contains three key steps. The first step is to accurately align the PET
and CT images for each patient. The second step aims to independently segment the entire
tumor into a large number of superpixels, where neighboring voxels with similar imaging
characteristics are grouped together. Finally, similar superpixels within the same tumor are
merged to form larger, dominant subregions via population-level clustering. This process
also establishes the correspondence of the subregions so that they can be compared across
patients.

In more details, PET and CT images of the same patient were first rigidly registered using
the elastix software (22). The primary tumor was contoured on the CT image by an
experienced radiation oncologist as part of the radiation treatment planning. In addition to
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the original voxel intensity on CT and PET, the local entropy (9-by-9-by-9 neighborhood) of
CT and PET, which measures intra-tumor heterogeneity locally, was also computed at each
voxel and incorporated into the analysis, leading to a four-dimensional feature vector. For
patient-level tumor over-segmentation, the k-means clustering algorithm with spatial
constraint (23) was used to group voxels with similar features together for each tumor, with
squared Euclidean distance as the distance measure.

In the population-level clustering step, each superpixel was characterized by the mean
feature vector (the four aforementioned signals). Gathering the superpixels of all patients
together, hierarchical clustering (24) was applied to explore both inter- and intra-patient
similarity, using the average linkage and Euclidean distance. Both dendrogram and heat map
were used to show the clustering results as well as to resolve the population-level labeling
output (i.e., the number of clusters and their hierarchical relationships). The number of
clusters was determined using the gap statistic (25). Consequently, the entire tumor was
consistently partitioned into several subregions, and each demonstrates distinct PET and CT
imaging characteristics. The k-means and hierarchical clustering were implemented with
MATLAB (MathWorks, Natick, Massachusetts).

Sensitivity of intra-tumor partition with respect to PET/CT registration

While modern PET/CT scanners acquire both PET and CT that are co-registered, the CT
component is used for attenuation correction purposes and its image quality is suboptimal
with large slice thickness and lower mAs. Here, we are using the high-quality CT used for
radiation treatment planning, which is not automatically registered with the PET. Moreover,
in lung cancer, tumor motion between scans usually brings about additional uncertainty that
would require a careful co-registration between PET and CT. We investigated the sensitivity
of the intra-tumor partition results given the uncertainty of registration between PET and CT.
We simulated the registration uncertainty by intentionally shifting the original CT image
away from the PET image for 3 mm (26) along a randomly picked direction among all six
directions in 3D. Then, we quantitatively assessed the consistency between the clustering
results with and without the random shift. The in-group proportion (IGP) (27) was selected
to test the reproducibility of the clustering results. In brief, the IGP indicates whether one
cluster in one dataset is similar to another cluster in another dataset. When IGP is 100%, the
clusters from two datasets are identical. More importantly, the robustness of the main
prognostic factors tested in this study, i.e., the volumes associated with distinct tumor
subregions, were evaluated against registration uncertainty.

Prognostic evaluation and statistical analysis

The tumor volume associated with each dominant subregion was identified as a putative
biomarker of treatment outcomes for further validation. The Cox proportional hazard model
was used to evaluate each imaging feature in terms of their prognostic capability for both
overall survival (OS) and freedom from out-of-field progression (OFP). We used the median
value of the predicted hazard/risk to divide the cohort into high- versus low-risk groups.
Concordance index (CI) was used to assess the prognostic capability of the imaging
biomarkers. Kaplan-Meier analysis was used to estimate the probability of a certain event.
The statistical significance of Cls and whether one CI was higher than another were assessed
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via bootstrapping. In details, for testing the statistical significance of the ClI, the original
survival data was firstly permutated. Then both the original and permutated survival data
were bootstrapped to a sample size 50 with 100 replications. Lastly, the CI distributions
from both bootstrapped samples were compared via the Wilcoxon signed rank test. A p-
value < 0.05 is considered as statistically significant. The Cox survival modeling and
statistical analysis were performed in R.

Three dominant intra-tumor subregions emerged

The intra-tumor partitioning method identified three major clusters or tumor subregions that
show distinct imaging phenotypes (Figure 2, Supplementary Figures 1 and 2). Here, three
clusters showed the optimal gap metric among 2 to 10 clusters. The first cluster, labeled as
cluster A, was associated with high PET SUV, high CT number and high PET entropy. This
particular region contains the most metabolically active and heterogeneous solid tumor
component. The second cluster, labeled as cluster B, was associated with low PET SUV, low
PET entropy and high CT number, which contains the metabolically non-active solid
component of the tumor. The third cluster, labeled as cluster C, contains low CT number
regions, i.e., non-solid component. Two outliers with a negligibly small volume (labeled as
cluster E1 and E2) were excluded for further analysis.

Intra-tumor partitioning was robust against PET/CT misalignment

For patient-level over-segmentation, the median of IGP was 95.5% with a range from 80.0%
to 100%, which indicates highly similar clusters between the k-means clustering results with
and without random shift of 3 mm. For population-level labeling, there were still three
dominant sub-regions (refer to the Supplementary Figure 3 for the corresponding
dendrogram and heat map), and the IGP for these three main clusters were 98.3%, 98.2%
and 98.6%. More importantly, Supplementary Figure 4 showed a very strong linear
correlation (R? > 0.95, p < 0.001) of the derived tumor volume of all three tumor clusters
with and without shift. Together, these data show that the proposed framework was able to
identify robust intra-tumor regions despite uncertainty in PET/CT registration.

The volume of high-risk subregion was predictive of outcomes

In the entire cohort (n=44), the tumor volume associated with cluster A was prognostic of
OS, with a Cl =0.67 (p = 2.67e-32) and hazard ratio or HR = 2.79 (logrank p = 0.004) for
separating low- vs high-risk patients, as shown in Figure 3a. In terms of predicting OFP, the
same subregion achieved a good Cl = 0.66 (p = 3.78e-26), with HR = 2.07 (logrank p =
0.08), as shown in Figure 3b. These results compared favorably (p<0.001) with conventional
imaging metrics, where total tumor volume, SUVax and MT V5o were not prognostic of OS
or OFP (see Supplementary Figures 5, 6 and 7).

When restricting our analysis to stage 111 patients (n=32), the prognostic capability of the
high-risk tumor volume was further improved. For predicting OS it achieved a Cl = 0.75 (p
= 2.33e-34) and HR = 3.93 (logrank p = 0.002) as shown in Figure 3c, and for predicting
OFP it achieved a Cl =0.76 (p = 2.88e-34) and HR = 4.84 (logrank p = 0.002) as shown in
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Figure 3d. Again, these results significantly (p<0.001) improved the prognostic capability
compared with conventional imaging metrics (see Supplementary Figures 5, 6 and 7).

Figure 4 shows the process of using the proposed method to analyze two representative
patients. Both patients had stage I11b lung cancer, with similar tumor volume but very
different outcomes: patient 1 was still alive and free from out-of-field progression during a
4-year follow-up, while patient 2 deceased after three months. SUV ,x and MTV5q of
patient 1 were higher than patient 2, contrary to prior studies indicating that higher SUV and
MTYV correlate with poor survival. On the other hand, using our proposed method, patient 1
actually had a smaller volume of high-risk subregion (i.e., cluster A) than patient 2,
consistent with the clinical outcomes.

Multivariate analysis

To evaluate whether the proposed imaging biomarker provided independent prognostic
information, we performed multivariate analyses to predict OS for the entire cohort as well
as for the stage 111 cohort. Both the high-risk tumor volume and the gross tumor volume
were included, which were further adjusted for clinical factors, i.e., Karnofsky Performance
Status (KPS), radiotherapy dose, stage, concurrent chemotherapy status, age, and gender.
After adjustment, the volume of high-risk subregion remained statistically significant as an
independent predictor of OS for both the entire cohort (p = 0.03) and the stage 11 patient
cohort (p = 0.001), as shown in Table 2. In comparison, gross tumor volume was not an
independent predictor of OS in either cohort based on multivariate analysis. Since the high-
risk tumor volume was the only prognostic predictor for OFP, we did not perform a
multivariate analysis for that.

DISCUSSION

In this study, we proposed a two-stage multi-parametric clustering approach to identify
clinically relevant, high-risk subregions through an integrated analysis of PET/CT images in
lung cancer. We found three intra-tumor subregions with distinct imaging features, and their
volumes were robust against uncertainty in registration between PET and CT. In addition,
they were robust to the initial number of over-segmented tumor regions (both 20 and 10 led
to almost identical results), largely due to their merging during the population-level
clustering. The tumor volume associated with the most metabolically active and
metabolically heterogeneous solid component was prognostic of overall survival and
metastasis, which consistently outperformed three conventional imaging metrics.
Biologically, the high-risk subregion we identified may represent the most proliferative and
hypoxic portions of the tumor (28, 29), explaining its prognostic value.

Intra-tumor heterogeneity is reflected on multiple spatial scales (at molecular, cellular, and
tissue level) and has been associated with aggressive disease and poor prognosis (30-34).
While regional differences are often observed on imaging and are an important
manifestation of intra-tumor heterogeneity, their clinical significance has not been
systematically investigated. It is plausible that some parts of the tumor are more aggressive
than others, and the tumor volume associated with these high-risk regions could determine
disease progression and ultimately patient survival, and thus may be more reliable
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biomarkers of clinical outcomes. In this work, we have used local entropy as a simple
measurement of phenotypic complexity of the tumor. In principle, more texture features that
capture additional aspects of tumor heterogeneity could be incorporated into the proposed
framework.

This study is among the first to explicitly extract subregions from heterogonous tumors and
explore their clinical significance in disease prognosis (21, 35). Besides the obvious
differences in disease sites (NSCLC versus GBM and head-and-neck cancer) and imaging
modalities (FDG-PET/CT versus MRI), The proposed method differs from prior studies in
several key aspects: 1) our method is based on a two-stage clustering process, where the first
patient-level over-segmentation generates superpixels that are robust to image noise, and the
second population-level clustering produces consistently defined subregions across the entire
cohort, while prior methods were based on direct single-stage clustering; 2) our method does
not assume a predefined number of intra-tumor clusters but rather learns this number from
all available data; 3) instead of only considering voxel values, we incorporate both
magnitude of image signal and its spatial heterogeneity map (measured with local entropy)
in defining the intra-tumor clusters. Another recent study (36) proposed a three-class fuzzy
locally adaptive Bayesian (3-FLAB) for the delineation of inhomogeneous tumors. However,
the method was based on a single image modality (FDG-PET), limited to a fixed number of
(i.e., 2) intra-tumor subregions. The clinical significance (e.g., prognostic value) of either
subregion defined as such was unclear from the study (36).

Biomarkers that can reliably predict treatment failure on an individualized basis will have
tremendous value in guiding the optimal treatment of lung cancer. The need for predictive
biomarkers is highlighted by a recent randomized phase 3 trial (Radiation therapy oncology
group or RTOG 0617) that failed to show a survival benefit of high-dose versus standard-
dose radiotherapy in locally advanced NSCLC (37). Instead of delivering intensive therapy
to an unselected population, reliable biomarkers could be used to identify those patients at
highest risk of distant progression who may benefit from additional systemic therapy.

Our study has several limitations. This is a retrospective study with a relatively small cohort.
To apply the integrated analysis, accurate co-registration between PET and CT is required,
although we showed that the volume of high-risk subregion was robust against this kind of
uncertainty of a reasonable amount (3 mm). Another technical limitation is 3D PET
acquisition in the presence of respiratory motion, which could lead to distortion of the true
metabolic activity, especially for tumors located close to the diaphragm. Respiratory-gated
and 4D PET acquisition (38) may help improve the quantitative accuracy of PET imaging.

Finally, the prognostic value of the new imaging biomarker needs to be evaluated on large
prospective cohorts in future studies. The volume of the high-risk subregion prior to
treatment did not predict local failure (or in-field progression) in our study population. It
would be interesting to include longitudinal scans (39, 40) during follow up and investigate
whether the changes in the imaging feature could be useful in predicting local failure.
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CONCLUSION

We have developed a robust, intra-tumor partitioning framework to identify clinically
relevant subregions within a tumor by integrating FDG-PET and CT images. The volume of
a high-risk subregion characterized by the most metabolically active and metabolically
heterogeneous solid component of the tumor is predictive of survival and out-of-field
progression in NSCLC. Its prognostic value needs to be confirmed in prospective large
cohorts.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Step 1: Intra-patient PET/CT co-reglstration

g

Slep 2: Pal:lont-lwol wor-oogmomﬂon of tumor Into ouperplxels :

Figurel.
Overall flowchart of the proposed intra-tumor partitioning method.
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Figure2.
Identification of intra-tumor subregions based on population-level hierarchical clustering of

the over-segmented superpixels (20 per patients) for the entire cohort (n=44).
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Figure 3.
Kaplan-Meier curves of using tumor volume of the high-risk subregion (i.e., cluster A) to

predict: a) overall survival, b) out-of-field progression, for the entire cohort (n = 44), and c)
overall survival, d) out-of-field progression, for patients with stage 111 disease (n = 32). The
cutoff between high vs low-risk patients was determined based on the median of predicted
risk.
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Figure 4.

Details of implementing the proposed tumor partitioning method to analyze two

representative patients.
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Table 1

Demographic Data for the Study Cohort

N =44

Age: median (range)

69.5(47.2-89.7)

Gender: M/F

24(54.5%)/20(45.5%)

Stage: (1a/1b/2a/2b/3a/3b/4)

4(9.0%)/3(6.8%)/1(2.3%)/1(2.3%)/12(27.3%)/20(45.5%)/3(6.8%)

Concurrent Chemotherapy: Y/N

34(77.3%)/10(22.7%)

Radiotherapy dose (Gy): median (range)

68(40-74)

Karnofsky Performance Status

80(50-90)

Follow-up time (month): median (range)

20.2(1.8-76.7)

Death: Y/N

32(72.7%)/12(27.3%)

Out of field Failure: Y/N

23(52.3%)/21(47.7%)
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