
Volume 4(9) 254-259 (2012) - 254 
J Cancer Sci Ther 
ISSN:1948-5956 JCST, an open access journal

Open AccessResearch Article

Huang et al., J Cancer Sci Ther 2012, 4.9 
DOI: 10.4172/1948-5956.1000151

Keywords: DCE-MRI; Cervical cancer; Radiation therapy; At-risk voxel;
Threshold; Signal intensity 

Introduction
It is well-known that tumors are heterogeneous on a microscopic 

level [1]. Tumor heterogeneity indicates a feature of neoplasia that 
can precede the tumor itself and reflects variations of tumor cells, 
which is influenced by both gene mutations and epigenetic gene 
product regulation. Evaluation of tumor microenvironments has 
shown heterogeneity relating to hypoxia [2], variation in tumor 
responsiveness to treatment [3], and gene expression [4]. Many studies 
have been focused on intratumor heterogeneity across the entire 
volume of tumors, which is quantified and analyzed in association 
with clinical outcome for cervical cancer [4-7] and breast cancer [8]. 
Using DCE-MRI technique, heterogeneous blood perfusion was 
observed in tumors and variation in blood perfusion may occur within 
a short time interval [9]. Using PET imaging, among sub-regions 
with different biological properties within the same tumor is expected 
to observe tumor heterogeneity or heterogeneous therapy response 
[10]. Therefore, tumor heterogeneity is a fundamental challenge for 
personalized cancer care. 

Imaging has been introduced in assessing tumor response to 
radiation and quantitative image biomarkers are of importance in the 
evaluation of tumor heterogeneity and vascular microenvironment. 
Different imaging modalities including magnetic resonance imaging 
(MRI) and positron emission tomography (PET) are used to study on 
this topic. Compared to PET, MRI doesn’t offer high level of biological 
specificity available with PET, but does provide a flexible imaging 
modality, as well as a wide range of physiologically relevant image 
contrasts. Dynamic contrast-enhanced (DCE) MRI has been widely 

applied in assessing tumor response to radiotherapy. For instance, 
simplified measurements of change in signal intensity (SI) were 
investigated, in which the shape of the signal-time course curve and the 
rate of increase in SI are characterized [6,11-13]. T1-weighted DCE-
MRI has been applied in early-phase clinical trials, distinguishing the 
effect of blood volume, blood flow, and contrast agent leakage. Nearly 
all of DCE-MRI-based studies of antiangiogenic [14-19] and vascular 
targeting agents [20-22] have utilized T1-weighted DCE-MRI. Early 
washout of contrast agent has also been strongly related to malignancy 
[23]. DCE-MRI-derived microcirculation variables including 
amplitude and the exchange rate constant can be used to evaluate the 
change in microcirculation [13,24,25].

DCE voxel histogram was first developed to analyze tumor 
heterogeneity [26], providing identification and quantification of the 
low DCE voxels at risk of treatment failure within a heterogeneous 
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Abstract
The number of voxels with low signal intensity (Low DCE voxels) might be potentially related to treatment 

failure, which might be associated with the tumor oxygenation status. Our goal was to investigate whether at-risk 
voxels can be used to predict treatment outcome during radiation therapy for cervical cancer. 

80 patients with Stage IB2–IVB cervical cancer were included. Four sequential MRI scans were performed at 
pre-RT, every 2–2.5 weeks during RT, and post-radiotherapy. 3D volumetric data including tumor regression and 
tumor perfusion from dynamic contrast enhanced MRI (DCE-MRI) were analyzed. Based on the signal intensity (SI) 
curves of the DCE-MRI, the low-DCE tumor voxels was obtained for individual patients. The predictive power of low 
DCE voxels in predicting the treatment outcomes was evaluated by Kaplan-Meier survival analysis. Correlation of 
low DCE voxels with hemoglobin (Hgb) was checked by Pearson Correlation.

The actuarial local control rate and survival rate in the patient group with a small number of low DCE voxels 
were 89.7% and 76.9%, compared with 75.6% and 51.2% in the patient group with a big number of low DCE voxels 
for the MRI study #1, and 94.1% and 80.4% compared with 62.1% and 34.5% for the MRI study #2, and 95.7% 
and 78.7% compared with 63.6% and 42.4% for the MRI study #3, respectively. Low DCE voxels were significantly 
correlated with Hgb. 

At-risk voxels can be used to predict the outcomes and help understand tumor heterogeneity of response to 
RT. The Hgb level and tumor perfusion during RT influence the radioresponsiveness and survival in cervical cancer 
patients.
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tumor. It has been demonstrated that the heterogeneity DCE parameter 
could be used to predict outcomes within 2-2.5 weeks during radiation 
therapy (RT) [26]. However, it is necessary to further investigate this 
method with the increase of patient population and to explore the 
predictive power of low DCE voxels.

We have characterized the threshold value of signal intensity (SI) 
percentile [27] that was defined as SI accumulated in critically low DCE 
voxels within the subregions of the heterogeneous tumor, at different 
time points of treatment. Low DCE voxels might have the potential 
to further improve the established paradigm for monitoring tumor 
response and predicting outcomes in early phase of treatment.

The purpose of this study was to 1) determine the low DCE 
voxels within the heterogeneous tumor using the threshold of SI in 
the three MRI studies; 2) investigate the predictive power of the low 
DCE voxels by correlating the number of DCE voxels with clinical 
outcomes; 3) investigate the correlation between the low DCE voxels 
and hemoglobin level.

Materials and Methods
Patient characteristics

Serial MRI including 3D tumor volume and DCE tumor perfusion 
imaging, were performed in 80 cancer patients. Patient characteristics 
are presented in Table 1. Pre-treatment evaluations included routine 
work-up following FIGO guidelines [28]. Therapy consisted of 
standard combined external beam RT with 6 to 24 MeV photons 
beams, concurrent weekly cisplatin-based chemotherapy, and standard 
low dose rate brachytherapy. The external beam RT dose to the pelvis 
ranged from 39.6 to 66.6 Gy (mean 47.8 Gy) including field reductions 
at 1.8 to 2.0 Gy/fraction. All but 4 patients had brachytherapy, with 
Point A doses ranging from 14 to 61 Gy (mean 39.5 Gy). 

Assessment of longitudinal hemoglobin (Hgb) levels

Longitudinal Hgb levels were assessed routinely before and during 
the RT course at weekly intervals. In this study, the Hgb levels were 
calculated as the pre-RT Hgb, assessed≤10 days before the start of RT, 
the lowest Hgb level before and/or during therapy (nadir Hgb), and the 
mean Hgb (mHgb), the mean of all Hgb levels before and during the 
RT course, including external beam RT and brachytherapy.

DCE-MRI acquisition

The serial MRI scans were performed prospectively at 4 well-defined 
time points: at start of RT (MRI #1), twice during RT including early RT 
(at 20-25 Gy of pelvic RT) (MRI #2) and mid-way RT (at 40-50 Gy) (MRI 
#3), and at follow-up (1-2 months after completion all RT including 
brachytherapy) (MRI #4). All of the 80 patients completed all 4 
MRI scans. The MRI scans were obtained with 1.5 Tesla superconductive 
scanners using a body coil. Imaging included sagittal 5-mm fast spin echo 
T2-weighted images (TEeff =104 s, TR=4000 s, ETL=10, NEX=2) and 
axial 7-mm T2-weighted and T1-weighted images (TE=16 s, TR=600 
s, NEX=2). A single bolus injection of a paramagnetic contrast agent 
(Gd-DTPA, dose 0.1 mmol/kg @ 4 ml/s) produces a transient signal 
enhancement on a T1-weighted sensitive imaging sequence.

Image analysis

In each MRI scan, the tumor region was delineated as region of 
interest (ROI) based on the T2-weighted image by two independent 
examiners—a radiation oncologist and a gynecologic oncologist. ROIs were 
transferred to the DCE T1-weighted images. The tumor was delineated 
on each T2-weighted imaging slice and the anatomical 3D tumor volume 

(ATV), was derived by summation of all the tumor voxels within the 
region-of-interest tumor region based on the tumor delineation from 
the T2-weighted images as described previously [26,29,30]. 

The first-pass DCE method [31] as described in the DCE imaging 
was used to obtain a time-signal intensity (SI) DCE curve generated for 
each tumor voxel. Our group first developed tumor voxel SI histogram 
method, in which voxel histograms were derived from each tumor 
based upon total tumor voxels for each of the three DCE-MRI studies 
representing different time points [32]. Based on the SI distribution of 
the voxel SI histogram, tumor heterogeneity can be readily displayed 
and appreciated by the variation and wide range of SI values at 
individual voxels within the entire tumor.

Low DCE voxels (number of voxels with low intensity)
Low DCE voxels represent the voxels with a low SI value. The SI over 

low DCE voxels was summed up to achieve the specific SI value (e.g. 
SI=2.1, here we call it a threshold value) to extract the number of low 
DCE voxels, which might be associated with the tumor heterogeneity. 
Tumor response to RT varies with the degree of the heterogeneity; 
therefore, the number of low DCE voxels is different from tumor to 
tumor in order to achieve the same signal intensity.

Thresholds of SI values were almost the same (=2.1) for the 3 series 
MRI scans. Therefore, the number of low DCE voxels was characterized 
by summing up the SI of low DCE voxels to achieve the signal intensity 
equal to the threshold of SI value.

Treatment end points
Patients were followed regularly post-therapy in 3-6 monthly 

intervals. Local control was defined as no tumor recurrence or 
persistence within pelvis during the follow-up period. For disease-
specific survival analysis, death due to causes other than cervical cancer 
was considered a censored observation. 

Statistical analysis
All statistical analyses were performed on the software (SPSS 17, 

Spss Inc. Chicago, IL). Correlations between at-risk voxels and the 
clinical outcome were assessed by either the Mann-Whiteney rank sum 
test or Pearson correlation. Receiver operating characteristics (ROC) 
analysis was adopted to select optimal model classifiers. Survival curves 
were obtained using Kaplan-Meier survival analysis.

Results
Image analysis

The contours were digitized and input into in-house MATLAB 

Patients (n=80)
Age (years) 55 (25.0-89.0)
FIGO stage
	 I 10 (12%)
	 II 31 (39%)
	 III 28 (35%)
	 IV 11 (14%)
Histology
	 Squamous cell ca. 69 (86%)
	 Adenocarcinoma 11 (14%)
Brachytherapy
	 Low-dose-rate 79 (99%)
	 High-dose-rate 1 (1%)
Chemotherapy 37 (47%)

Table 1: Patient characteristics.
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software. Figure 1 showed the contour was determined on the T2-
wieghted image and then was automatically transferred to the T1-
weighted images using in-house MATLAB software for calculating the 
SI and the number of voxels.

SI values at individual voxels and the number of voxels were 
obtained, resulting in a distribution of SI values at individual voxels 
in the ROI. A temporal change of mean SI of DCE-MRI for a typical 
patient normally includes a baseline observed with a low SI value. 
After the contrast agent was injected, the SI increased dramatically and 
reached a maximum value in plateau phase for typical patients (from 
90 s to about 115 s).

Number of low DCE voxels

In this study, the threshold value of SI was selected to be 2.1. To 
achieve this signal intensity, the number of low DCE voxels that reflects 
the heterogeneity of tumor was determined for 80 patients. Histogram 
of low DCE voxels for 80 patients showed that the number of low DCE 
voxels varied from patient to patient, and indicated the degree to which 
the tumor responds to RT.

Correlation of low DCE voxels with Hgb levels

Hgb levels were significantly correlated with the low DCE voxel 
in the first MRI study (p=0.001, Pearson Correlation), and correlated 
significantly with the low DCE voxels in the second MRI study (p=0.002, 
Pearson Correlation), and continued to correlate significantly with the 
low DCE voxels in the third MRI study (p=0.024, Pearson Correlation). 

Correlation of low DCE voxels with treatment outcome

Figure 2 showed the ROC analysis based on disease specific 
survival, which was used to determine an optimal threshold for the 
number of low DCE voxels at each MRI study. The area under curve 
(AUC) and threshold values of the number of low DCE voxels were 
determined for MRI scan #1, #2, and #3, respectively, as shown in Table 
2. Using each of threshold values, the Kaplan-Meier survival analysis 
was performed. Table 2 showed the correlation of the number of at-risk 
voxels with treatment outcome, including the p value from the Kaplan-
Meier survival analysis for 80 patients in the MRI scan #1, #2 and #3, 
respectively. 

Figure 3 showed the Kaplan-Meier analysis of local control at 
different time points: MRI #1 at the beginning of RT, MRI #2 at 2-2.5 
weeks of RT, MRI #3 at 1-2 months after RT completion. The 6-year 
actuarial local control rate in the patient group with the small number 
of low DCE voxels (<311) was 89.7% compared with 75.6% in the 
patient group with the big number of low DCE voxels (≥311; p=0.045, 
log-rank test) for the MRI study #1. The 6-year actuarial local control 
rate in the patient group with the small number of low DCE voxels 
(<247) was 94.1% compared with 62.1% in the patient group with the 
big number of low DCE voxels (≥247; p<0.0001, log-rank test) for the 
MRI study #2. The 6-year actuarial local control rate in the patient 
group with the small number of low DCE voxels (<123) was 95.7% 
compared with 63.6% in the patient group with the big number of low 
DCE voxels (≥123; p<0.0001, log-rank test) for the MRI #3.

Figure 4 showed Kaplan-Meier analysis of disease specific survival 
at different time points: MRI #1 at the beginning of RT, MRI #2 at 2-2.5 
weeks of RT, MRI #3 at 1-2 months after RT completion. The 6-year 
disease-specific survival rate was 76.9% in the patient group with the 
small number of low DCE voxels (<311) compared with 51.2% in the 
patient group with the big number of low DCE voxels (≥311; p=0.025, 
log-rank test) for the MRI #1. The 6-year disease-specific survival rate 

was 80.4% in the patient group with the small number of low DCE 
voxels (<247) compared with 34.5% in the patient group with the big 
number of low DCE voxels (≥247; p<0.0001, log-rank test) for the MRI 
#2. The 6-year disease-specific survival rate was 78.7% in the patient 
group with the small number of low DCE voxels (<123) compared with 
42.4% in the patient group with the big number of low DCE voxels 
(≥123; p<0.001, log-rank test) for the MRI #3.

Multivariate analysis

Multivariate analysis including tumor stage, lymph node status, 
hemoglobin level and the low DCE voxels showed that the number of 
low DCE voxels is the most significant variable in predicting outcomes 
(Hazard Ratio: 7.88, Confidential Interval: 1.66-37.36, p=0.009).

Discussion
We have been collecting DCE-MRI perfusion data for cervical 

cancer since 1993. The perfusion data from a single-center prospective 
clinical trial ensure consistence in imaging quality. DCE-MRI can be 
used to analyze both morphology and kinetic characteristics of tumors. 
Despite the availability of functional imaging techniques for assessing 
tumor perfusion and hypoxia, tumor imaging has not traditionally 
applied to target functional tumor heterogeneity and define its 
unfavourable component that likely contributes to the treatment failure. 
For many tumors including cervical cancer, currently the established 
clinical prognostic criteria and treatment response assessment have 
been traditionally based upon FIGO staging and the morphology-
based tumor volume measurement.

In this study, we focused on the predictive power of at-risk voxels, 
although tumor volume is a prognostic factor in predicting clinical 
outcome [33]. The parameter of at-risk voxels is able to reflect the 
intra-patient and inter-patient response to radiation because the more 
at-risk voxels in a tumor, the more resistant the tumor response is and 
the more the heterogeneity is in a tumor. Using DCE-MRI technique, 
heterogeneous tumor perfusion was observed and variations in blood 
perfusion may occur within a short time interval [9]. 

Criteria to characterize tumor heterogeneity and define high-risk 
tumor voxels with unfavorable functional properties within tumor 
subregions, which translates into poor clinical outcome, are lacking. In 
this study, we analyzed DCE-MRI perfusion data and provided a novel, 

Figure 1: Contour drawn in T2-weighted image (A) and transferred to T1-
weighted image before contrast injection (B) and after contrast injection in 
plateau phase (C).
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#3 for LC with SI value equal to 2.1.
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non-invasive means to characterize functional heterogeneity and the 
parameter: the number of the low DCE (at-risk) voxels that might be 
an important prognostic factor for clinical outcome using DCE-MRI. 
The histogram of the number of low DCE voxels reflects the extent to 
which the tumors respond to RT. 

The SI optimal values used to characterize at-risk voxels are of 
importance. The ROC analysis provides an optimal classifier such that 
SI value was selected to be 2.1 in this study, based on the area under 
the ROC curve (AUC), as shown in Figure 2. Our study showed SI=2.1 
was a reasonable optimal value to characterize treatment failure. 
Using another concept of SI percentile, previous studies determined 
SI percentile 10% to be the best cutoff for separating patients in 
association with clinical outcome [34]. Coincidently, the threshold 
value of SI percentile 10% was exactly 2.1. Apparently it would be easier 
to understand the tumor heterogeneity when we used the parameter-
the number of low DCE voxels involved in achieving a certain amount 
of SI. 

Characterizing the at-risk voxels for treatment failure provides a 

means to investigate tumor heterogeneity in sub-regions of an entire 
tumor. A voxel-SI distribution histogram analysis method [35] was 
first developed to identify, separate and analyze each tumor voxel’s 
functional imaging biomarker within the heterogeneous tumor. Based 
upon the clinically validated optimal SI threshold values at various 
treatment times, the poorly perfused at-risk tumor voxels among the 
entire tumor can be identified for differentiation of poor treatment 
outcome from those favorable ones.

At-risk voxels were significantly correlated with the Hgb levels 
for the three MRI studies. Our results suggest that the oxygenation 
may play an important role in the formation of tumor heterogeneity. 
Further investigation on the combined effect of at-risk voxels and the 
Hgb levels would facilitate understanding the relationship between 
tumor heterogeneity and oxygenation.

It is expected that tumor heterogeneity or heterogeneous therapy 
response exists among sub-regions with different biological properties 
within the same tumor [10]. This gives rise to a fundamental challenge 
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Figure 3: Kaplan-Meier survival curves for the number of at-risk voxels for LC in the MRI study A) #1, B) #2, and C) #3.
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Figure 4: Kaplan-Meier survival curves for the number of at-risk voxels for DSS in the MRI study A) #1, B) #2, and C) #3.

LC DSS
MRI Study #1 #2 #3 #1 #2 #3

AUC 0.620 0.729 0.807 0.661 0.711 0.707
threshold 311 247 123 311 247 123

Below threshold
vs. 

Above threshold

89.7%
vs.

75.6%

94.1%
vs.

62.1%

95.7%
vs.

63.6%

76.9%
vs.

51.2%

80.4%
vs.

34.5%

78.7%
vs.

42.4%
p value (Kaplan-Meier) 0.045 7.7E-5 7.1E-5 0.025 1.1E-5 3.7E-4

Table 2: Correlation of the number of at-risk voxels with treatment outcome.
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for personalized cancer care. Therefore, it is necessary to have high 
resolution anatomic and functional imaging before and during 
treatment, which allows serial risk assessment based upon the therapy-
specific changes of tumor voxels’ DCE values at various treatment time 
points. Most treatment failures in cervical cancer occur within 2 years. 
Our patient population, which is the largest with the longest follow-up 
time (mean: 6.8 years) reported to date, provided a solid data base for 
statistical analysis and clinical validation of the predictive power of at-
risk tumor voxels for treatment failure. 

Conclusion
Our data analysis demonstrated that the number of at-risk voxels 

is a prognostic factor in predicting treatment outcomes and helps 
understand tumor heterogeneity in response to radiation therapy. 
The results suggest that the Hgb level and tumor perfusion during 
RT influence the radioresponsiveness and survival in cervical cancer 
patients.

Statement of Translational Relevance

Heterogeneity of tumor response to radiation therapy plays an important role in 
cancer therapy. This study provides an approach to characterizing tumor heterogeneity 
in response to radiation. At-risk voxels identified by using DCE-MRI has been found for 
predicting clinical outcomes in cervical cancer during radiation therapy. Once the DCE 
parameter indicates the possible failure of the radiation scheme for patients, an 
aggressive radiation plan during radiation course would be adopted for salvage. 
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