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Abstract

Background—To investigate outcome prediction by measuring tumor absolute volume and
regression ratio using serial magnetic resonance imaging (MRI) during radiation therapy (RT) of
cervical cancer and to develop algorithms identifying patients at risk of poor therapeutic outcome.

Methods—Eighty patients with cervical cancer stages 1B,-IVA underwent 4 MRI scans: pre-RT,
during RT at 2-2.5 weeks and 4-5 weeks, and at 1-2 months after RT. Median follow-up was 6.2
(range 0.2-9.4) years. Tumor volumes (V1, Vo, V3, V4) and tumor regression ratios (Vo/Vy, V3/V1,
V4/V1) were measured by 3D volumetry. Predictive metrics based on tumor volume/regression
parameters were correlated with ultimate clinical outcome, including tumor local recurrence (LR)
and patient dead of disease (DOD). Predictive power was evaluated using the Mann-Whitney test,
sensitivity/specificity, and Kaplan-Meier analyses.

Results—Both tumor volume and regression ratio correlated strongly with LR (p=0.06, 51074,
1x1076, 2x1078 for V4, V5, V3, Va; p=7x1072, 11076, 1x1078 for Vo/Vq, Va/V1, ValV1,
respectively) and DOD (p=0.015, 0.004, 0.001, 3x10~4 for V4, Vo, V3, Va; p=0.03, 0.009, 3x10™4
for Vo/Vq, V3/V1, V4/V1, respectively). Algorithms combining tumor volumes and regression ratios
improved predictive power (sensitivity 61%—89%, specificity 79%-100%). The strongest
predictor, pre-RT volume and regression ratio at the 3™ MRI (V;>40cm?3 and V>3/V1>20%),
achieved 89% sensitivity, 87% specificity, and 88% accuracy for LR, 54% sensitivity, 83%
specificity and 73% accuracy for DOD.

Conclusion—These results suggest that tumor volume/regression parameters are useful in
predicting LR and DOD after primary therapy. As early outcome predictors, both tumor volume
and regression ratio provide important information that may guide early intervention for patients at
high risk of treatment failure.
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Introduction

The ability of magnetic resonance imaging (MRI) to differentiate tumor from normal soft
tissue and to delineate tumor extent with high precision has greatly improved the
quantitative assessment of tumor volume in cervical cancer 14, Pretreatment tumor volume,
a well-known prognostic factor in cervical cancer®8, can now be measured much more
accurately using three-dimensional (3D) quantitative volumetry of the tumor with the
improved lesion contrast and the multiplanar imaging ability of MRI. In addition, subtle
volume changes during early therapy can be monitored closely as an early indicator of tumor
response to an ongoing treatment. Irregular tumor shape and non-linear treatment-related
shrinkage make it difficult to identifying such subtle changes using traditional methods,
which measure only one- or two-dimensional maximal diameters of the tumor. This
challenge can be overcome by quantitating detailed temporal changes of tumor volume
using 3D volumetry using serial MRI during the course of radiation and chemotherapy (RT/
CT).

Early results evaluating this new 3D imaging-based information suggest that therapy-
induced tumor volume changes can be predictive of ultimate tumor local control and patient
survival °8. Various tumor parameters and time points for MRI measurements have been
suggested for outcome prediction, including pre-, during, and post-therapy follow-up 913,
However, the simple practical paradigm and parameter thresholds for clinical
implementation based upon such large and varied quantity of imaging data, including the
imaging timing, has not been well defined or validated clinically with a long-term clinical
study.

The purpose of this study was to investigate the efficacy of outcome prediction using serial
MRI examinations to measure both tumor volumes and regression ratios before, during, and
after RT/CT and to develop algorithms to identify cervical cancer patients at risk of
treatment failure.

Materials and Methods

Patient population and treatment

Eighty patients with cervical cancer stages 1B,-1\VVA were treated with standard RT/CT on an
IRB approved imaging study. Informed consent was obtained from all patients included in
this study. Patient ages ranged from 25 to 85 years (median 51 years). RT consisted of
standard external-beam RT (EBRT) plus lowdose-rate (LDR) brachytherapy. The dose
prescription was 45-50 Gy of EBRT delivered in daily fractions of 1.8-2 Gy and 40 Gy of
LDR brachytherapy delivered in 2 fractions of 20 Gy. Median follow up was 6.2 years
(range 0.2-9.4 years).

MR imaging protocol

The imaging protocol included serial MRI studies at four welldefined time points: (1) MRI1
at the beginning of RT, (2) MRI2 early during RT (2-2.5 weeks with a RT dose of 20-25
Gy), (3) MRI3 midway during RT (4-5 weeks with 45-50 Gy), and (4) MRI4 at the follow-
up visit (1-2 months after the completion of all therapy).

The MRI examinations were conducted using a standard body coil with a 1.5 Tesla
superconductive scanner including Signa (General Electric Medical Systems, Milwaukee,
WI1) and Siemens Vision (Siemens Medical, Inc., Erlangen, Germany). The change in
platforms was necessitated by a change in imaging systems at our institutions. Imaging
included sagittal 5 mm (4 mm thickness with a 1 mm gap) conventional fast spin echo T2-
weighted images (TEg¢ =104, TR=4000, ETL=10, NEX=2) and axial 7 mm (5 mm

Cancer. Author manuscript; available in PMC 2011 November 1.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Wang et al.

Page 3

thickness with a 2 mm gap) T2-weighted and T1-weighted images (TE=16, TR=600,
NEX=2). No MRI was performed with dwelling brachytherapy applicators.

Only patients who completed all 4 MRI studies were included in this study. Of a total of 115
patients, 80 patients completed the four MRIs, and these constitute the cohort of this study.
The therapy was standard RT/CT for patients with cervical cancer and not influenced by the
imaging findings.

Tumor volume and temporal change

The imaging data sets were evaluated by three reviewers, two MRI radiologists (14 and 10
years of experience) and one radiation oncologist (10 years of experience in MRI-based RT
planning).

The tumor was defined as abnormal area with intermediate to high signal intensity on T2-
weighted images with respect to the surrounding cervical stroma and uterus, and lower than
the fluid signal in the urinary bladder 1: 12: 14, Discrepancies in tumor delineation among the
reviewers were resolved by consensus. For the 3D volumetry, the region-of-interest (ROI)
was delineated on each imaging slice on the sagittal T2-weighted image, and the 3D ROI-
based volumes were then calculated by the summation of all tumor areas and multiplication
by the slice thickness. More recently we also have calculated tumor volumes separately
using pixel summation and we found consistent results. Our developed code for image data
analysis was based on MATLAB platform (MATLAB R2006a, MathWorks Inc., Natick,
MA).

Statistical analysis

Results

Tumor volumes (V1, Vp, V3, and V,4) measured by MRI 3D volumetry at time points of
MRI1, MRI2, MRI3, and MRI4 were used to compute the regression ratios (Vo/V1, Va/V1,
and V,/V) for each patient. Both tumor volume and regression ratio data were correlated
with patient outcome endpoints, tumor local recurrence (LR) and dead of disease (DOD)
based on clinical follow-up. LR in the pelvis was defined as tumor re-growth or persistence
of tumor in the cervix after treatment completion. Cases other than LR were considered as
local control (LC) of tumor. For DOD, death from cervical cancer or cancer complications
was scored as event, and death from intercurrent disease was censored. Patients other than
DOD were considered as disease-specific survival (DSS). The correlation between the
volume and ratio parameters and the outcome of LR and DOD were performed using the
Mann-Whitney rank-sum test 1°.

Receiver Operating Characteristics (ROC) analysis was performed to define the best cut-off
for each volume and regression ratio. The resulting parameter cut-offs to differentiate poor
from favorable outcome groups were then subjected to sensitivity/specificity analysis,
Kaplan-Meier actuarial life table analysis, and log-rank tests so that improved prediction
algorithms could be established by combining the predictive powers of volumes and
regression ratios at various time points. All statistical analyses were performed on the SPSS
(SPSS 16, SPSS Inc. Chicago, IL).

Tumor volume and regression ratio

Mean, range and standard deviations of the serial V1, Vo, V3, and V,4 are summarized in
Table 1 for two outcome groups for all patients. Based on the measurements of the 80
patients included in this study, the mean initial tumor volume (V1) was 80.5 cm?3 and varied
widely from 3.4 to 700 cm3. During therapy, the tumor volume regressed approximately in
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an exponential fashion with mean regression ratios of 56%, 18%, and 5% for V,/V1, V3/V1,
and V4/V1 measured in MRI2, MRI3, and MRI4, respectively. Overall, the mean tumor
volumes and standard deviations were much smaller in the tumor local control (LC) and
disease-specific survival (DSS) groups.

Prediction power of individual MRI studies

The overall tumor LC rate for the 80 patients was 78% and the DSS rate was 65%. The
prediction power of parameters from all 4 MRI studies for LC and for DSS is presented in
Table 2. All tumor volumes (Vo, V3, and V), except for V4 and all the regression ratios (Vo/
V1, V3/Vy, and V4/V4) correlated significantly with LC with p-values ranging from 5x107% to
1x1078 and DSS (p-values ranging from 0.015 to 3x10~4) (Table 2). Based upon the p-
value, V1 is least significant for predicting therapy outcome when compared with the rest of
the MRI predictors.

Because of the large variation of the tumor stage (ranged from IB5 to IVA) and the initial
tumor size (V4 ranged from 3.4 cm3 to 700 cm3), we further stratified the patient population
into two groups based on tumor stage: 42 patients had Stage I-11 (Group 1) and 38 patients
had Stage Il & IVA (Group 2). The initial tumor volume (V) had a mean of 53 cm3 and a
range from 3.4 cm3 to 259 cm3 for Group 1, compared to a mean of 111 cm3 and a range
from 24 cm3 to 700 cm3 for Group 2. The difference of V4 between the two groups was
significant (p=0.008). The prediction values of the volume parameters for the two groups are
presented in Table 2. The trend of the p-values for each stage group was overall consistent
with that of the entire patient group, although the prediction power was not as significant as
that of the entire patient population because of the smaller patient numbers in each group.

Similarly we examined the prediction power of tumor volume and regression ratio for
patient subgroups stratified by lymph node status (Table 2). The p-values for outcome
prediction were higher for the patient group with negative lymph nodes than those of the
group with positive lymph nodes.

ROC analyses

The ROC method was used to determine the optimal cut-off points for each parameter for
best outcome prediction. The ROC results are shown in Fig. 1 and the derived optimal
thresholds are presented in Table 3. Parameter values for volumes and regression ratios
larger than the cut-offs were associated with poor outcome. The values of the optimal cut-
offs were fairly close for the two outcome endpoints LR and DOD (Table 3). Therefore, to
streamline and simplify the predictors, only one set of cut-offs from LR predictions was
used for further analyses for both the LR and the DOD prediction and to develop the
predictive algorithms.

Prediction algorithms and their sensitivity and specificity

Based upon the cut-offs derived from ROC analyses, algorithms with combined parameters
of volume and regression ratio at various time points were explored to identify patients at
risk for LR and DOD. Judging by the sensitivity/specificity analyses, the following
algorithms showed potential value for clinical application: (1) the regression ratio of MRI14
(V4/V1 > 10%); (2) the regression ratio of MRI3 (V3/V1 > 20%); (3) the initial tumor volume
and the ratio of MRI3 (V4 > 40 cm3 and V3/V{ > 20%); and (4) the initial tumor volume and
the ratio of MRI2 (V4 > 40 cm3 and V,/V; >75%). The sensitivity and specificity,
confidence intervals (ClI), and accuracy of these four algorithms are summarized in Table 4.
The efficacy of these algorithms was analyzed statistically, as well as the timing for outcome
prediction.
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Algorithm 3 (V4 >40 cm? and V3/V; >20%), based on the initial tumor volume V4 and the
volume regression ratio at MRI13 (4-5 weeks of RT), had a high sensitivity of 89%, a high
specificity of 87%, and an accuracy of 88% for LR, and a sensitivity of 54%, a specificity of
83%, and an accuracy of 73% for DOD. Algorithm 4 (v >40 cm3 and V,/V1>75%), based
on an earlier measurement of V, at MRI2 (2-3 weeks after RT start), showed a sensitivity of
61%, a specificity of 94%, and an accuracy of 86% for LR, and a sensitivity of 36%, a
specificity of 90%, and an accuracy of 71% for DOD. Kaplan-Meier survival analysis for
the two algorithms for LC and DSS are presented in Fig. 2. The p-values from the log-rank
test show that the two algorithms (p<0.001) are highly significant during RT in identifying
patients at risk for ultimate LR and DOD. For the best prediction with the algorithm 3 (V;
>40 cm?3 and V3/V1>20%), the 5-year LC rates for the two separated groups differed by
63% (96% vs. 33%, p<0.001), and the 5-year DSS rates differed by 37% (75% vs. 38%,
p<0.001). Similarly for the early prediction with algorithm 4 (V4 >40 cm3 and V,/V1>75%),
the 5-year LC rates for the two identifiedgroups was 89% vs. 27% (p<0.001), and the 5-year
DSS rate was 70% vs. 33% (p=0.001, Fig. 2).

Discussion

Advanced cervical cancer continues to be a disease with significant mortality 16: 17, Once
the tumor recurs after the completion of RT/CT, options for salvage therapy are poor, and
outcome is almost uniformly fatal 18. Therefore, the prediction of therapy outcome at the
earliest possible time point before or during the initial treatment course is of eminent
importance to optimize therapy regimens and increase the chance of cure for individual
patients. If poor response to an ongoing standard therapy is predicted sufficiently early
enough, a therapeutic window may be provided to modify the therapy strategy for better
outcome.

Tumor size has long been established as an important prognostic factor in cervical cancer
5-8_ Numerous studies using tumor size estimated by clinical palpation have shown
correlation with clinical outcome 38, The use of 3D tumor volume measurements through
quantitative imaging analysis with MRI has greatly improved the accuracy of tumor volume
assessment 1-4 compared to clinical palpitation for tumor size estimation. This higher
precision of tumor delineation enables not only more accurate pre-therapy measurement, but
also serial measurements of tumor volume during and after the course of therapy 1+ 2. Tumor
regression can be better quantified, and early results have shown that tumor regression
correlates with outcome. Most such studies of tumor volume and outcome in cervical cancer
have assessed tumors before therapy or after completion of therapy  10: 13 and only a few
have obtained intra-treatment measurements 11» 12, With the large individual variations in
initial tumor volumes and tumor regression rates of the reported data the best parameter
threshold values and optimal timing for tumor volume measurement and it regression rate
have not been well established for practical clinical translation.

With its largest patient number, longest follow-up of studies of this kind to date, and
prospective serial imaging schedule, our study is well suited to identify promising MRI
tumor volumetric parameters that are associated with radio-responsiveness, tumor control,
and patient survival. Serial imaging at pre-therapy, week 2, week 5, and post-therapy has
allowed us to evaluate and compare the sensitivity and specificity of the tumor regression
metrics, as well as the absolute tumor volumes from the four serial measurements.

Our results suggest that a combination of tumor volume-related parameters, incorporating
both the absolute tumor volume and tumor regression ratio, is necessary to increase the
accuracy of outcome prediction. Although regression rate V4/V4 at post-RT time point
(MRI4) had an accuracy of 93%, this accuracy was largely based on a high specificity and a
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high tumor control rate in our patient data (Table 4). The combination of initial tumor
volume information (V1>40 cm3) and the earlier intra-treatment regression parameter (Va/
V1>20%, obtained at 40-50 Gy at 4-5 weeks of RT) improved the sensitivity of tumor
recurrence prediction from 67% to 89% (Table 4). This finding suggests that regression rate
alone may not fully assess the impact of absolute tumor cell number during the dynamic
events of cytotoxicity-induced tumor reduction. For tumors with a small initial volume (V1
<40 cm?3), the standard RT/CT is adequate to eradicate all tumor cells regardless the tumor
regression rate, which may be influenced by either radiosensitivity or tumor perfusion. The
algorithm with combined parameters (V1 >40 cm3 and V3/V; >20%) identified patients with
both large initial tumor volume (V1>40 cm3) and radio-resistant tumor cells (V3/V; >20%
indicating poor response at 40-50 Gy), who were likely to ultimately fail standard treatment,
as shown by the poor LC rate of only 33% in the Kaplan-Meier analysis (p<0.001, Log-rank
test, Fig. 2a). Similarly, for DSS, the addition of initial absolute volume V; >40 cm?3
improved the sensitivity of the post-therapy regression rate (V4/V1) from 36% to more than
54% with algorithm 3 (V4 >40 cm?3 and V3/V; >20%) and resulted in strong outcome
correlation (p<0.001, Log-rank test, Fig. 2c). In these patients, the pre-RT parameter V4 in
combination with the mid-RT parameters (V3/V1>20%) can be used to guide timely therapy
intervention (e.g. radiation dose escalation or more intense, novel chemotherapy approaches)
that may be necessary to overcome the compound challenge of large tumor burden and low
radio-sensitivity.

Evaluation of the timing of volume measurement throughout the course of RT/CT showed
that sensitivity and specificity generally increased at the later time points. For LR, while
ROC analysis showed poor results for V1 alone, ROC curves increasingly improved with
volumes obtained later in the course of RT/CT (Fig. 1a). V5 at 20-25 Gy (2 weeks of RT/CT)
did not perform as well as V3 at 40-50 Gy (4-5 weeks of RT/CT) and V4 (1-2 months post-
RT) (Fig. 1a). The mean of V5 (50 cm3) remained large and ranged widely (Table 1) early in
the RT course at 20-25 Gy, while much greater volume decrease was evident later (V3, Va).
The observation that later measurements in the RT course improved the predictive power of
absolute volume may be explained by a lag time between the actual tumor cell kill and
measurable tumor shrinkage by anatomical imaging. Although typically 99% of tumor cells
are killed during the first 2 weeks of RT, morphologic tumor volume reduction is not
measurable until cell clearance has occurred. The intra-treatment MRI scans reflect not only
the radiation cell-killing, but also the effectiveness of dead cell clearance, which is, to a
certain extent, related to the tumor micro-environment and fluid circulation 19 20, Later in
the course of RT, after cell clearance from earlier cell-killing has occurred, the effect of cell-
killing becomes more measurably evident. This may explain why the later V3 and V4 overall
correlated better with outcome than the earlier V, (Table 2).

We expect that the post-RT volume V, is most likely dominated by the repopulation of
residual tumor, as demonstrated in a separate modeling study 1% 20, The information from
both, tumor regression due to radiation cell-killing and tumor repopulation, may explain the
high sensitivity of V4 as a surrogate endpoint for LR. However the value of V4 for clinical
management is off-set by the late time point of post-therapy, when V, information is
available.

While the parameters are also useful for the prediction of survival, their sensitivity and
specificity for DOD were less optimal than those for LR (Tables 2 and 4, Figs. 1 and 2).
This may be related to the fact that DOD is likely also determined by other biological or
tumor micro-environmental factors, which may not be determined by local tumor bulk
alone. Although sensitivities were lower, the algorithm combining pre-RT volume (V,>40
cm?3) and volume regression later in RT V3 was effective in differentiating patients with DSS
from those DOD (Table 4, Fig. 2).
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When the patients were stratified by lymph node status (Table 2), the prediction power of
tumor volume and regression ratio was higher for the patient group with negative lymph
nodes than those of the other group with positive lymph nodes. It may be interpreted as the
tumor volume and its regression provide a local measure of tumor response; therefore they
provide a better prediction power of LC and DSS for patients with negative lymph node.
The other reason might be the disparity of the patient numbers in the two groups (59 vs. 21
patients with negative and positive lymph node respectively).

Based upon the results of our current study, we would take the following approaches for
future studies to validate these prognostic factors: (1) analyze larger database to validate the
current findings; (2) refine and optimize the algorithms developed in the current study; (3)
combine with functional MRI 21-26 to further improve the overall prediction power of
clinical outcome. The overall imaging metric—outcome correlation results of our study
confirm the value of serial MRI imaging in the assessment of tumor volume and monitoring
of tumor regression/ response to the ongoing treatment. Our parameters provide a basis for
development of algorithms to refine the efficacy of response assessment and to optimize
outcome prediction. Such parameters show promise in classifying radio-responsiveness and
predicting tumor control and patient survival in cervical cancer.

Conclusion

In conclusion, high-precision 3D MRI-based serial tumor measurements provide important
information about subtle morphologic changes as the early therapy response to an ongoing
treatment in individual patients. Our results with long-term follow-up data showed that the
combined pre-therapy volumes and mid-RT volume regression ratios were highly accurate
in predicting local failure and cancer death. Outcome prediction can be as early as 2 weeks,
and the best prediction was at 4 weeks into the RT/CT treatment course. Therefore the
algorithms developed in this study enable the early identification of patients who are at risk
of treatment failure and may be benefited from more aggressive intervention.

Condensed abstract

In this study we investigated the efficacy of outcome prediction using serial MRI
examinations to measure both tumor volumes and regression ratios before, during, and
after radiotherapy and developed algorithms to identify early cervical cancer patients at
risk of treatment failure.
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Fig. 1.
The ROC curves of (a) tumor volumes and (b) regression ratios for local recurrence of the
tumor, and (c) tumor volumes and (d) regression ratios for dead of disease.
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Fig. 2.
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Kaplan-Meier actuarial analysis for local control of the tumor using (a) algorithm 3, the
approach of best prediction, (b) algorithm 4, the approach of earliest prediction; and for
disease-specific survival using (c) algorithm 3, (d) algorithm 4.
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Table 4
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Sensitivity, specificity and accuracy of the developed algorithms to predict treatment failure (local tumor
recurrence or dead of disease)

Prediction Algorithms Serz;g(i,}/oi tél()%) Sp((eg'isfoi/coi t():/ |()%) Ar‘gf: [@g ;’
Local Tumor Recurrence
1 (V4/V1 >10%) 67 (41, 87) 100 (94, 100) 93
2 (V3/V1 >20%) 89 (65, 99) 79 (66, 88) 81
3 | (Vq>40 cmd) & (V4/Vq >20%) 89 (65, 99) 87 (76, 94) 88
4 | (Vy>40 cmd) & VoIV, >75%) 61 (36, 83) 94 (84, 98) 86
Dead of Disease
1 (V4/V1 >10%) 36 (19, 56) 96 (87, 100) 75
2 (V3/Vy >20%) 54 (34, 72) 73 (59, 84) 66
3 | (V1 >40 cmd) & (Va/V, >20%) 54 (34, 72) 83 (70, 92) 73
4 | (Vqy>40 cmd) & (VofVq >75%) 36 (19, 56) 90 (79, 97) 71
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