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Diffusion-weighted magnetic resonance imaging during radiotherapy
of locally advanced cervical cancer - treatment response assessment
using different segmentation methods
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ABSTRACT E—

Background. Diffusion-weighted magnetic resonance imaging (DW-MRI) and the derived apparent diffusion coeffi-
cient (ADC) value has potential for monitoring tumor response to radiotherapy (RT). Method used for segmentation of
volumes with reduced diffusion will influence both volume size and observed distribution of ADC values. This study
evaluates: 1) different segmentation methods; and 2) how they affect assessment of tumor ADC value during RT.
Material and methods. Eleven patients with locally advanced cervical cancer underwent MRI three times during
their RT: prior to start of RT (PRERT), two weeks into external beam RT (WK2RT) and one week prior to brachy-
therapy (PREBT). Volumes on DW-MRI were segmented using three semi-automatic segmentation methods: “cluster
analysis”, “relative signal intensity (SD4)” and “region growing”. Segmented volumes were compared to the gross tumor
volume (GTV) identified on T2-weighted MR images using the Jaccard similarity index (JSI). ADC values from seg-
mented volumes were compared and changes of ADC values during therapy were evaluated.

Results. Significant difference between the four volumes (GTV, DWI, .. DWIg, and DWIregion) was found (p <0.01),
and the volumes changed significantly during treatment (p <0.01). There was a significant difference in JSI among
segmentation methods at time of PRERT (p<<0.016) with region growing having the lowest JSI,, (mean* sd:
0.35 £0.1), followed by the SD4 method (mean=* sd: 0.50 = 0.1) and clustering (mean= sd: 0.52 = 0.3). There was no
significant difference in mean ADC value compared at same treatment time. Mean tumor ADC value increased signifi-
cantly (p<0.01) for all methods across treatment time.

Conclusion. Among the three semi-automatic segmentations of hyper-intense intensities on DW-MR images imple-
mented, cluster analysis and relative signal thresholding had the greatest similarity to the clinical tumor volume. Evalu-
ation of mean ADC value did not depend on segmentation method.

Diffusion-weighted magnetic resonance imaging (DW-
MRI) can measure diffusion of water molecules occur-
ring at a scale of 3-30 um [1], which is of the same
order as cell size. The DW-MR images thereby give
information about the cellular structure of tissues in
vivo, which could potentially discriminate dense tumor
tissue from normal tissue. From the DW-MR images,
the apparent diffusion coefficient (ADC) can be calcu-
lated [1], making it possible to quantify the diffusion.
These features make DW-MRI a promising imaging

modality for both tumor diagnostics and for treatment
response monitoring, e.g. based on the change of tumor
ADC value during radiotherapy (RT) [2]. DW-MR
images and ADC images may be used for target defini-
tion in RT [3,4] providing physiology information of
the tumor tissue. For assessing treatment response to
RT in patients with cervical cancer the use of tumor
ADC value has been investigated with promising results.
Harry et al. found a positive correlation between change
in ADC value and MR-based treatment response
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measured as change in tumor size already two weeks
into therapy [5]. Liu et al. found similar results report-
ing a correlation between change in ADC value after
one month to change in MR-based tumor size reduc-
tion after two months [6]. They also found that pre-
treatment ADC value was lower for complete
responders (CR) compared to partial responders (PR)
evaluated after two months. In modern brachytherapy
(BT) dose planning is done based on MR images
acquired with applicator in situ [7,8]. Tumor volumes
for BT are delineated according to the GEC-ESTRO
guidelines [9,10], where three clinical tumor volumes
(CTV) are identified: the intermediate risk CTV (IR-
CTV), the high-risk CTV (HR-CTV) and the gross
tumor volume (GTV). The GTV is defined as the
residual tumor volume present at time of BT. For BT
it has been shown that the three GEC-ESTRO tumor
volumes used for BT have different mean ADC values
[11], but that the ADC value did not change during
the one week between the two BT fractions. When
including the DW-MRI and ADC images for identifica-
tion of tumor volume and response evaluation it is
essential how the tumor is segmented and which voxels
are included for calculation of the ADC values. Seg-
mentation of the tumor at different treatment time
points should be done objectively and as user-indepen-
dent as possible. This would also improve comparisons
of the ADC values across RT and across different insti-
tutions and scanners. This is similar to the challenge in
PET imaging, where variations in the segmentation
method have impact on the delineation of FDG avid
volumes as well as the quantification of parameters
such as mean standard uptake value (SUV) [12,13]. In
MRI the mean tumor ADC value can be calculated
based onthe GTV delineated on the clinical T2-weighted
(T2W) images used for treatment planning. However,
the delineation of the GTV based on T2W MRI is
associated with uncertainties, especially at time of BT
[14]. Furthermore, distortions due to DW-MRI acqui-
sition method resulting in geometrical uncertainties
may have an impact on this approach. In order to elim-
inate these uncertainties the DW-MRI b =0 s/mm? can
be used for tumor segmentation [15]. However, tumor
volumes segmented on T2W or DW-MRI at b=0 s/
mm? images may include necrotic tissue and voxels
with high diffusion resulting in potential erroneous
ADC values. To ensure segmentation of only viable
tumor tissue manual segmentation of the tumor using
the DW-MR images with the highest b-value can be
used [16]. This assures high contrast-to-noise for seg-
mentation and high signal-to-noise at all b-values
included for robust fitting of ADC values. Finally, the
segmentation could be done directly on the ADC image
slice showing the largest tumor extension [5] or for the
entire tumor volume [17]. A disadvantage of this
method is the poor contrast-to-noise of the ADC image

and potential erroneous fitted ADC values due to poor
signal-to-noise ratio of the DW-MR images.
Currently there is no consensus of the methodol-
ogy to segment tumor volume for calculation of ADC
values. This study evaluates three different segmenta-
tions methods for semi-automatic segmentation of
the hyper-intense signal of tumor on DW images.
Quantitative parameters of the tumor, such as ADC
value, volume and tumor volume ratio (TVR), are
evaluated and compared over time of treatment.

Material and methods
Patients

In this study 12 patients with locally advanced cervical
cancer were included. One patient was excluded since
no hyper-intense volume was present on DWI at
b= 1000 s/mm? at any treatment time points. Tumor
stage, defined by the FIGO staging system, for the
remaining 11 was 2A: 1, 2B: 9 and 3B: 1 and histol-
ogy: squamous cell carcinoma: 8, adenocarcinoma: 2,
adenosquamous carcinoma: 1. The patients were
treated with external beam radiotherapy (EBRT) of
45-50Gy in 25-30 fractions with concomitant weekly
cisplatin followed by two pulsed dose rate (PDR) BT
treatments (17.5 Gy per fraction) with one week
between BT treatments. EBRT was delivered as inten-
sity-modulated radiation therapy (IMRT) or volumet-
ric arc radiotherapy (VMAT). BT was MRI-guided
with imaging, contouring, applicator reconstruction
and reporting done according to GEC-ESTRO rec-
ommendations [9,10,18]. All MR image acquisition
for BT, including pre-plan BT, was done with MR
compatible plastic tandem-ring applicator in-situ
(GammaMed, Varian Medical Systems, Charlottes-
ville, VA, USA). Three MRI examinations of each
patient were included in this study: one prior to start
of treatment (PRERT), one atWeek 2 into their EBRT
(WK2RT), and one MRI acquired one week prior to
first BT fraction (PREBT), which is Week 4-5.

Imaging

All MRI examinations were performed using a 3T MR
scanner (Philips Achieva 3 T-X, Best, The Netherlands)
and included DW-MRI (b-values=0, 150, 600 and
1000 s/mm?). The DW-MRI acquisition parameters
were as follows: in-plane resolution 2.5 X 2.5 mm, slice
thickness 4 mm, TR/TE = 1800/70 ms, time between
diffusion gradients A =36.5 ms and diffusion gradient
time 6=17.7 ms.

Segmentation

Three different user-independent semi-automatic
segmentation methods were performed and evaluated
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for all patients and at all time points before and
during treatment (PRERT, WK2RT and PREBT)

(Figure 1).

Clustering

Clustering is a method for grouping data of same
similarity and can be used for many different appli-
cations [19]. The k-means clustering algorithm is
often chosen for image segmentation grouping vox-
els of same signal intensities and has also been used
for classification of functional imaging data [20,21].
K-means clustering is an unsupervised segmenta-
tion technique that only requires a priori number
of groups, clusters. The clustering strategy for the
k-means clustering algorithm used is the squared
Euclidian distance grouping data into three clus-
ters. The algorithm searches to minimize the inter
cluster variance of distance, Equation 1, for all
clusters, c,,

Fe)=Y |x—smf 1)

X; €Cp,

where c,_is the kzh cluster, [, is the mean (cluster
center) of the cluster (c) and x; is a point in ¢,. The
main steps of the algorithm are as follows, where step
2 and 3 are repeated until inter-cluster variance is
minimized and the cluster centers do not change
when re-calculated

1. Random seed points corresponding to cluster
centers for the chosen numbers of clusters are
placed.

2. Each point is assigned to the closest cluster
center.

3. New cluster centers are calculated based on
the assigned points to the cluster.

Three image sets are given as input: 1) ADC
image, 2) signal intensities of voxels for DW-MRI
b=600 s/mm? and 3) DW-MRI b=1000 s/mm?.
These are grouped into three clusters. The volume
resulting from the cluster containing voxels with both
lowest ADC values and highest values for both
DW-MR image set is defined as the tumor volume
and is in the following denoted by DWI

cluster®

Relarive signal intensity (SD4)

This is based on the method described and validated
by Yamazoe et al. [22]. The method uses the DW-MR
images acquired with b=1000 s/mm?. First a ROI
encircling the entire pelvis (ROL . ) is drawn and
the standard deviation (SD) of the voxels inside
ROIL .. is calculated. Subsequently, a second ROI
is roughly drawn to delineate the cervix, uterus and
the surrounding tissue (ROI_, . ). The ROIL_ . is
drawn on each image slice. The subsequent segmenta-
tion is performed inside the ROI . . All voxels inside
the ROI__ . with intensity larger than four times the
previously calculated SD for the entire image is seg-
mented as hyper-intense, which is then defined as
tumor volume, in the following termed DWIgp,.

Region growing

The region growing method segments voxels by
comparing the already segmented region mean to the
intensity of the neighboring voxels [23]. The thresh-
old for including new voxels is set based on the stan-
dard deviation from ROI_ ., as defined above for
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Figure 1. Workflow for segmentation with inputs for the three algorithms and resulting volumes and output from segmentation.
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SD4, and set as 0.2SD(ROI__, ). This is done since
it was found that the same threshold could not be
used through all treatment time points. To begin the
region growing a seed point must be placed where
the region growing process begins, and the method
then proceeds as listed below:

1. The mean intensity of the already segmented
region is calculated.

2. The intensity of the surrounding voxels is com-
pared to the intensity mean of the region.

3. If the difference in signal intensity between the
voxel and the mean intensity of the region is
below the preselected threshold, the voxel is
added to the region, otherwise the voxel
is excluded.

4. Step 2—4 is repeated until no more voxels can
be added to the region.

A seed point was placed in a region with high
signal intensity corresponding to the central part of
the tumor.

Image processing and analysis

All image analysis was done using Matlab (Mathworks
Inc., Natick, MA, USA). First ROI_ ; and aROI__ .
were drawn on the DWI b = 1000 s/mm?, as described
previously. The three segmentation methods were
only performed on voxels within the ROIL__ ..
The segmented volume and the mean ADC of the
volume was calculated and compared across segmen-
tation techniques and treatment time points. The
ADC was calculated voxel-by-voxel using non-linear
fit of the diffusion signal at b= 150, 600, 1000 s/mm?
[24]. Histogram analysis of the ADC voxels was per-
formed and compared over treatment time points.
From the histogram analysis, the kurtosis of the dis-
tribution was calculated (note that this kurtosis is
distinct from diffusion kurtosis [25]). The kurtosis of
a standard normal distribution is three, while a kur-
tosis>3 indicate a more narrow distribution. The
GTV was delineated on T2W images by an experi-
enced radiation oncologist. The segmented DW-MRI
volumes (DWIL ., DWIg,, and D\WIregion) were
compared to the volume of the GTV using the
Jaccard similarity index (JSI), where JSI=1 corre-
sponds to equal volumes, denoted later as JSI
TVR for GTV was calculated as Vi ,p1/Vpggrr and
Viresr Vprerr Change in ADC during RT (AADC)
was calculated as (ADCgyyopy — ADCprprp) and
(ADCppgpr — ADCppprp)-

Image registration

In order to compare the segmented DW-MRI
volumes to the GTV, the geometrical distortion in

EPI-based DW-MR images needed to be reduced.
This was done by registering the DW-MR images at
b=0 s/mm? to T2W images with similar contrast
using deformable image registration as described in
a previous work [26].

Statistics

Volumes as well as mean ADC were statistically eval-
uated using two-way ANOVA with repeated mea-
sures including segmentation types (GTV,DWI .,
DWIg,, and D\WIregi o) and time points as input
variables. Pearson’s correlation was used for evaluat-
ing correlation between TVR and ADC. A p<0.05
was considered a significant difference.

Results

For the 11 included patients, a hyper-intense region
was identified at time of both PRERT and WK2RT.
For 6/11 patients, a hyper-intense region was identi-
fied at time of PREBT. Comparing the different vol-
umes (GTV, DWI ., DWIg,, and DWIregion)
across treatment time a significant difference was
found both between volumes (p <0.01) and between
treatment times (p <0.01) (Supplementary Figure 1,
available online at http://www.informahealthcare.
com/doi/abs/10.3109/0284186X.2015.1062545). All
DW-MRI volumes were smaller than the GTV. The
DWI, ., and DWI, evolved almost similar during
treatment (Figure 2). The JSI;, was calculated for
all three methods and for all treatment time points
(Table I). There was a significant difference for the
JSI;y comparing methods at time of PRERT
(p<0.016), with region growing having the lowest
JSI;y (mean= sd: 0.35 = 0.1), followed by the SD4
method (mean* sd: 0.50=0.1) and the clustering
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Figure 2. Change in mean volume size for all segmented volumes
and GTV as a function of treatment time. Error bars represents
standard deviation.
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Table I. Volumes for each treatment time point. The Jaccard similarity index (JSI) is the segmented volume compared to GTV. The %DWI
in GTV describes the amount of the segmented DWI volume that is located inside the GTV.

Cluster SD4 Region
DWTI vol. %DWI DWI vol. %DWI in DWTI vol. %DWTI in
GTV (cm?®) (cm?) JSI in GTV (cm?) JSI GTV (cm?) JSI GTV
PRERT 39.3+31 30.2+t24 0.52 78 £17 28.6 £20 0.50 75.4+18 18.5*15 0.36 73.4%19
WK2RT 18.3£10 13.3£8 0.44 66+ 26 15.0£5 0.42 62.1+25 8.8+5 0.25 51.9*+32
PREBT 9.5+9 6.7*x8 0.2 47+24 6.6 10 0.18 51.4%16 9.9*10 0.13 35.1 27

method (mean=* sd: 0.52 *0.3). The percentage of
DW-MRI volume inside the GTV was calculated
(Table I). This value was lowest for the region grow-
ing but not significantly lower for any of the treat-
ment time points. In Figure 3a-c an example is shown
at time point PRERT where the three methods per-
forms similarly, whereas in Figure 3d-f at time point
PREBT, the region growing method segments a
larger volume, DWT gion? compared to DWI . and
DWIg,. No significant difference was found for
mean ADC for the three volumes compared at same
treatment time point (Table II). The mean tumor
ADC value increased significantly (p<0.01) when
compared across treatment time points. There was a
significant decrease in kurtosis of the ADC value his-
togram from PRERT to WK2RT for the DWIg,
(p = 0.02), but not for clustering and region growing
(Supplementary Table I, available online at http://
www.informahealthcare.com/doi/abs/10.3109/02841
86X.2015.1062545). Figure 4 shows a histogram of
the ADC values at all three time points including one
slice of the ADC images at the three different time-
points. Here it is clearly seen that the curve is shifted
to the right (higher ADC values), and that the curve

becomes flatter and broader, reflected by a decreas-
ing kurtosis, going from PRERT to during WK2RT
and to time prior to BT.

The mean TVR wasV oo /Vprprr =
and Ve Vererr = 0-34 = 0.49. There was no cor-
relation between TVR and mean ADC value at any

time points or change in ADC value.

/N =0.62*=0.42

Discussion

The cluster analysis and SD4 method performed
similarly with nearly equal JSI; . The region grow-
ing method performed the poorest with the lowest
JSI compared to GTV, and the lowest percentage of
DW-MRI volume inside the GTV (non-significant).
From visual evaluation, it was also evident that region
growing failed in segmenting volumes, which were
clearly not GTV related. The region growing method
failed probably because the signal-to-noise becomes
poorer at time of PREBT, resulting in a larger seg-
mented volume at time of PREBT as compared to
the other two methods. This is explained by the
region growing method being more sensitive to sig-
nal-to-noise variations, and also depending on a

Figure 3. DW-MR images at b= 1000 s/mm? at treatment time PRERT (a, b, ¢) and PREBT (d, e, f) for the three different segmentation
methods: a, d: clustering, b, e: SD4 and c, f: region-growing. The yellow contour illustrates the segmented volume while the blue contour

is the GTV as delineated on T2W images.
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Table II. Mean ADC values for the three segmented DWI volumes at all three treatment time points. Also the change in ADC as compared

to the PRE-RT ADC in percent is shown.

ADC (mean *sd) (X 1073X mm?/s)

AADC AADC

WK2RT —-PRERT PREBT—-PREBT

PRERT WK2RT PREBT (X 1073X mm?s) (X 1073X mm?/s)
Cluster 0.93+0.2 1.11+0.2 1.23+0.2 0.18*+0.1 0.44+0.2
SD4 0.95+0.2 1.12x0.1 1.23+0.2 0.17*+0.1 0.39+0.2
Region 0.91*+0.2 1.09*+0.2 1.23+0.2 0.18*+0.2 0.41*0.2

proper seed-point and stopping criteria. There are
also limitations to the SD4 method. The contrast and
signal intensity of the DW-MR images depends on
b-value and acquisition method used for DW-MR
images and other threshold values might be used at
other sites. In 5/11 patients there was no hyper-
intense region at time of brachytherapy (PREBT).
This indicates that the residual tumor in these
patients is very small or often not any longer present
due to the significant tumor shrinkage occurring dur-
ing EBRT [27].

Evaluating both the JSI;, and the overlap of
DW-MRI and GTV volume it is seen that both val-
ues decreases during treatment time with highest
values at PRERT. There are several uncertainties
present when comparing the DW-MRI volume to the
GTYV volume. First the GTV delineation based on
T2W images at time of BT is associated with sig-
nificant uncertainties [14,28]. Second, even though

05 1 15
ADC [x 10-3 mm2/s]

Figure 4. ADC images for one patient at the three different
treatment time points: A: PRERT, B: WK2RT and C: PREBT.
The yellow contour illustrates the segmented volume while the
blue contour is the GTV as delineated on T2W images. In D the
histogram of the ADC values for the three treatment time points
is shown for PRERT (green), WK2RT (blue) and PREBT (red).
The red contour shows the estimated Gaussian fit.

the EPI-based DW-MR images have been registered
to non-EPI-based T2W images for reducing geo-
metrical distortion, some residual geometrical uncer-
tainty will still remain [26]. Furthermore, patient
motion and shifting of the cervix and uterus due to
bladder filling during the time between acquisition
of the T2W images and the DW-MR images will
introduce uncertainties on the match between the
GTYV and the DWI volumes. Also the JSI;, depends
on both size, shape and position of volumes, and for
small volumes a small difference between the vol-
umes can result in a relative large decrease in JSI
[29], which explains the low JSI; at time of
PREBT.

For all three segmentation methods the seg-
mented volumes were found to be significantly
smaller than the GTV volume at all treatment time
points (Figure 2) indicating that DW-MR images
holds other information of the tissue than the
T2-weighted images. This might not be surprising
since the image contrast of T2W and DW-MRI
reflects different properties of the tumor tissue. We
observed that the DW-MRI volume was mainly
located inside the GTV volume and we therefore
hypothesize that DW-MRI volumes represent GTV
sub-volumes associated with higher density of viable
tumor tissue. Zhang et al. also found for cervical can-
cer that the tumor volume delineated onT2W images
was larger than the actual pathological tumor volume
and that the size of the pathological tumor volume
was similar to the tumor volume defined on PET
images [30]. This also indicates, that the GTV delin-
eated on T2W images should not be considered as a
golden standard for comparison to DW-MRI vol-
umes. However GTV delineated on T2-weighted
images is currently the clinical standard for identifi-
cation of macroscopic pathological tissue. Any new
methodology for segmentation of GTV related vol-
umes should be compared to the current standard.

All three methods detected significant increase in
ADC value of the tumor during treatment. The
increase in ADC value could reflect microstructural
changes in tissue structure caused by RT, where
viable tumor tissue is replaced by edema and fibrosis
[31]. Such an association has previously been found



in locally advanced cervical cancer treated by
neoadjuvant chemotherapy, where a close relation
between ADC value and tumor cellular density was
observed [32]. The histogram kurtosis of ADC value
during therapy reported here might add additional
information reflecting the change of tumor cellular
structure during RT. Similar decrease in kurtosis
during RT has been seen in other studies [33,34],
where tumors with local control had a larger
decrease in kurtosis than those with local failure.
The purpose of RT is to induce tumor cell death
through damage to the DNA of the cells, resulting in
apoptosis, autophagy and necrosis. In RT the tumor
cell survival fraction is correlated with the RT dose
given to the tumor tissue. The knowledge of cellular
density gained by the ADC value could be used for
dose-boosting and the change in ADC value
histogram during treatment could be used for
assessment of treatment response.

Cluster analysis and a relative signal threshold
method segmented DW-MRI volumes of compar-
able size, which were different from the volumes
segmented by the region growing method.
The segmented DWI-volumes were smaller than
the GTV indicating that it holds different informa-
tion about the tissue than the GTV delineated on
T2W.
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