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Abstract

Prognostic factors of tumor control after Gamma Knife radiosurgery for vestibular schwan-
nomas (VS) are largely unknown. This paper attempts to establish an explanation for
tumor response by exploring the possible relation between the accuracy of tumor delin-
eation by physicians and the tumor response derived from an imaging database. This
relationship has not yet been reported. To this end, we measure the differences between
the treatment delineation and a delineation by the specialist using the following metrics:
tumor volumes, number of slices, slice area and slice similarity. By observing data from
40 patients, comprising of 20 successfully and 20 unsuccessfully treated patients, we find
that there is no evidence that a less accurate delineation leads to a higher failure rate.
The results even show the opposite: the delineation of the successful group is less accu-
rate than the delineation of the unsuccessful group, when the treatment delineation is
compared to a retrospectively created delineation by a VS specialist. This suggests that,
within the limitation of this research and experiment so far, the more difficult it is to
delineate the tumor during treatment planning, the more likely it is to achieve treatment
success.

1 Introduction

Vestibular schwannomas (VS) are uncommon, noncancerous (benign) brain tumors which
develop on the 8th cranial nerve, leading from the inner ear to the brain. Being a benign
tumor, a VS usually grows slowly. However, in a few cases, it may grow rapidly and become
large enough to press against critical brain structures and interfere with vital functions.

Nowadays, a common treatment modality for VS is Gamma Knife radiosurgery (GKRS),
which involves a highly accurate delivery of radiation on the tumor, as delineated on MRI
scans. This treatment is not always efficient, resulting in a non-stabilizing tumor, for which
a secondary treatment is necessary. Prognostic factors of the treatment outcome for VS are
largely unknown. Some influencing factors reported in literature are pretreatment growth
rate [1] and the size of the tumor at treatment [2]. However, there are also studies that
dispute these influences [3, 4].

Unfortunately, in many studies the quality of treatment planning is not investigated.
The main reason is that treatment is performed according to protocols established by the
GKRS community and thus variations are limited. However, one important step in treatment
planning that may introduce uncertainties involves the delineation of the tumor, which is
used to create a highly accurate radiosurgical treatment planning. An inaccurate delineation
may lead to underexposure of parts of the tumor, which in turn could reduce the change
of treatment success. For evaluating delineations, metrics for image segmentation quality
can be applied and modified if needed. To assess segmentation quality, many methods and
algorithms have been introduced.
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Fenster et al. [5] grouped the necessities of medical image segmentation evaluation into
accuracy, precision and efficiency, where the latter is related to the practical use of the
evaluated algorithm. This becomes important when segmentation should be performed in
real-time and hence, it is a measure of time consumption. For accuracy, they evaluate two
quality aspects: the boundary and the size. The precision category evaluates the repeatability
of a technique: variations in segmentations can be caused by subjective observer interactions
with the segmentation method.

To evaluate the boundary and the size, the metrics known as accuracy and precision [6]
are obvious, simple methods that can be used to assess the performance of a segmentation
if the ground truth is available. Also sensitivity and specificity [6] are valuable, pixel-based
metrics that can be used to assess the quality of a segmentation. Sensitivity measures the
percentage of the true positives that are correctly segmented, whereas specificity measures
the percentage of true negatives that are correctly segmented.

In spite of the low complexity of the pixel-based metrics mentioned above, the main
drawback of these methods is that they are highly correlated with the segment size. Metrics
that are size-invariant are the Jaccard index [7] and the Dice coefficient [8], which quantify
the similarity between the segmentation and the ground truth, by measuring the area of the
segmentations and their spatial overlap. Taha et al. [9] showed that Dice and Jaccard are
related. These metrics also describe another important quality aspect of segmentation eval-
uation according to Taha et al., namely the alignment. Their research investigated different
metrics for evaluating 3D medical image segmentations, including the previously mentioned
Dice and Jaccard index, but also a number of other options. They also used the notion that
medical segmentations can be seen as fuzzy, meaning that voxels have a grade of membership
in the range (0, 1). This is the case when the underlying segmentation is the result of aver-
aging different segmentations of the same structure delineated by different operators. This is
useful in getting binary representations that can be evaluated as ground truth. Sweet-spot
training [10] can also be applied for estimating a ground truth, even when segmentations vary
significantly between multiple experts. It is comparable to the Jaccard index, where multiple
segmentations are compared instead of only two.

Shi et al. [11] describe four types of segmentation errors, based on four basic error types:
added regions, added background, inside holes and border holes. The described segmentation
errors are evaluated using the following similarity measures: quantity, e.g. the number of
segmented objects, area accuracy, contour similarity, and the content, e.g. the existence of
inside holes and boundary holes in the segmented region.

The explanation about tumor response after radiosurgical treatment is largely unknown in
literature. This paper attempts to establish an explanation for tumor response by exploring
the possible relation between the accuracy of tumor delineation by physicians and the tumor
response derived from an imaging database. This relationship has not yet been reported. To
this end, we use a number of metrics proposed in the papers discussed above and we also
introduce a novel metric that considers the differences at a specific height of the tumor.

2 Methods for finding the relationship

In this section we present the methods used for comparing a pair of tumor delineations.
These methods are based on the first two categories proposed by Fenster et al. [5] and on
the alignment, proposed by Taha et al. [9]. We evaluate the volume difference, the difference
in slice numbers, the difference in delineation area per slice and the Jaccard index, which
is a measure for delineation similarity. We have selected the Jaccard index, because it can
directly compare two delineations. The differences will be tested for significance by using a
t-test or a rank-sum test, where significance is found if the resulting p-value is less than 0.05,
and visually by using a notched boxplot if applicable.
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2.1 VS database

During this research, we focus on evaluating the delineations of VS, which are used for
prescribing the correct dose with a high accuracy to the tumor. We have created two groups of
VS tumors, one where the treatment was substantially successful and one where the treatment
was clearly unsuccessful. The success of the treatment was determined on volumetric changes
of the tumor on follow-up MRI scans, where tumor growth is deemed unwanted. Each
delineation dataset contained one delineation created during treatment planning and another
delineation created by a VS specialist, several years after the treatment was performed,
without knowledge of the treatment response. As an example, a pair of delineations is shown
in Fig. 1 in 3D. The delineations are drawn on parallel, equidistant T1-weighted, contrast-
enhanced MRI scans in axial direction.

2.2 Tumor volume

The volumes, from the treatment delineation and from the delineation by the specialist,
were calculated using the treatment planning software GammaPlan R©. In this research, we
measured the volume difference between the treatment delineation and the delineation by the
specialist for every patient, by directly subtracting the volumes. A large difference represented
a less accurate delineation with respect to the delineation by the specialist. However, a small
volume difference cannot directly represent a high accuracy, because we can delineate two
totally different objects with the same volume. In this research, the assumption can be made
that all the delineations are closely aligned to the actual tumor. Thus, this experiment can
provide an estimate for the delineation performance.

2.3 Number of slices for segmentation

The number of slices from the treatment delineation can differ from the number of slices from
the delineation by the specialist. This happens when one of the operators considers some
of the voxels in slices just above the top or just below the bottom of the tumor as part of
the tumor, while another operator does not. This provides information about the difference,
targeting the top and bottom parts of the tumor, between the treatment delineation and the
delineation by the specialist. By comparing the slice number differences between the two
selected patient groups, we verify if the top or the bottom part of the tumor is the sensitive
part that may influence the radiosurgical response.
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Figure 1: Example of two delineations in 3D. The values on the x-, y- and z-axis are given
by the patient coordinate system defined by the MRI-scanner.
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2.4 Slice area

After finding differences between the complete tumor delineations, we also compare each
tumor delineation slice-by-slice. To this end, we convert the slices into high-resolution, binary
image masks. We then calculate the area by counting unity pixels. We also use a novel metric
in which the area difference is calculated for each slice at a specific, normalized height:

Hnorm (j) =
z (j)− zmin

zmax − zmin
, (1)

where Hnorm is the normalized height position, j is the slice number, z is the position in
millimeters with respect to the patient coordinate system, and zmin and zmax are the min-
imum z-value and the maximum z-value, respectively, determined per patient, using both
delineations. The area difference is given by subtracting the area of the treatment delin-
eation from the area of the delineation by the specialist. For the two groups, the Summed
Absolute Pixel (SAP) difference and the Summed Relative Area (SRA) difference at a specific
normalized height are calculated and plotted. For example, the SAP difference is calculated
as

∑
j |Streat,j − Sspecialist,j |, where j is the slice index and Streat and Sspecialist are the masks

of the treatment delineation and the specialist delineation, respectively. The calculation for
the SRA difference is similar, but now with respect to surface areas of the delineations. This
metric assisted in investigating whether there is a crucial part in the tumor delineation that
should be accurately delineated.

2.5 Slice similarity

Similar to the comparison of the slice area, the slice alignment is compared using the Jaccard
index. This index is calculated by making use of the same binary image masks as in the
previously mentioned metric. From these masks, the union and the intersection of the two
different masks per slice are calculated and used in the formula for the Jaccard index:

J =
|Streat ∩ Sspecialist|
|Streat ∪ Sspecialist|

, (2)

where J is the Jaccard index. The Jaccard index lies within a unity interval, where 0 means
no intersection at all and 1 represents two completely overlapping shapes. If either mask is
empty, there is zero overlap and hence J = 0.

3 Results on difference analyses

The two groups consisted each of 20 tumors, creating a total of 40 tumors, 80 delineations
and a total of 401 slices. As a pre-processing step for the slice area metric and the slice
similarity metric, the tumor delineations are converted into high-resolution image masks
with a resolution of 2048× 2048 pixels. An example of a pair of tumor delineation masks is
shown in Fig. 2.

We evaluate the difference of each pair of tumor slices by using four metrics: volume of
the tumor, number of slices, slice area and slice similarity, calculated by the Jaccard index.
In this section, the results are presented after applying each of the metrics.

3.1 Tumor volume differences

The results of the volume measurements are listed in Table 1. The volume of the treatment
delineation is denoted as voltreat, whereas the volume of the delineation by the specialist
is denoted as volspecialist. The volume difference voldiff is calculated by subtracting voltreat
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Figure 2: Example of two binary image masks. Left: Mask from treatment delineation.
Right: Mask from specialist delineation.

Table 1: Volumetric differences between the two delineations

mean voltreat mean volspecialist mean voldiff

Unsuccessful group 2538.05 mm3 2490.80 mm3 47.25 mm3

Successful group 3687.75 mm3 3436.10 mm3 251.65 mm3

from volspecialist. From the results, we can observe that the mean volume difference for the
successful group is larger than the mean difference of the unsuccessful group. The mean and
standard deviation of the relative volume differences are 16% ± 21% and 4% ± 13% for the
successful and unsuccessful group, respectively. However, this difference is not statistically
significant according to the t-test (p = 0.075). This can also be noticed in the boxplot
depicted in Fig. 3, where the notches of both plots overlap. Due to the limited amount of
cases, the statistical tests do not have sufficient power to really find significance.

3.2 Comparison of the number of segmentation slices

From the results given in Table 2, we observe that the number of slices in the successful group
and the unsuccessful group are quite similar. Most of the possible differences are in fact equal
to zero. It is interesting that, compared to the delineation by the specialist, the slice number
differences at the bottom of the tumors are always positive in the successful group, whereas
they are negative in the unsuccessful group. Because there are only a few cases that show
this difference, the effect of such a difference on the treatment outcome can most likely be
neglected. This statement holds for the top of the tumors, where the differences are typically
small. It is interesting to note that at the bottom part of the tumors, this difference may
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Figure 3: Boxplot of the tumor volume differences.
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Table 2: Number of slices that differ between the two delineations

Total slice difference Number of cases
bottom top bottom top

Unsuccessful group 3 6 3/20 6/20
Successful group 9 6 5/20 6/20

sometimes be much larger (there is no structural difference between the number of slices for
the successful or unsuccessful group). If it occurs, a significant difference is typically caused
by a difference between the interpretations of various experts.

3.3 Slice area

The height position of each slice is normalized by using Eqn. (1). After adding each slice area
difference at the normalized height position, the left graph in Fig. 4 is obtained. It shows
the SAP difference between the treatment delineation and the delineation by the specialist
for all patients in the two groups. From this plot, we observe that the SAP difference
varies across the complete normalized height, where the SAP differences are larger for the
successfully treated group. The right sub-figure shows the SRA curves, where significant
differences appear at the top and bottom parts of the tumors, while in the rest of the tumor
these differences are small. In this plot it can also be notices that the SRA differences
for the successfully treated group are overall slightly larger. This can also be measured
from the average difference in number of pixels per slice, which are 12,000± 38,926 and
44,859± 118,797 for the unsuccessful group and the successful group, respectively. With
respect to the slice area itself, these results become 4.4%± 29.4% and 11.7%± 31.3%. These
differences are significant when tested using a t-test (p = 0.017). The boxplot in Fig. 5 shows
a small overlap, thus visually there is no significance.

3.4 Slice similarity

Table 3 gives the summarized information of the Jaccard index for both the successful group
and the unsuccessful group. The mean Jaccard value of the unsuccessful group is higher
than the mean value of the successful group, which means the similarity of the treatment
delineation is higher in the unsuccessful group, compared to the delineation by the specialist.
In other words, the treatment delineation of the unsuccessful group has a higher accuracy.
The distribution of the indices show a slightly higher skewness for the unsuccessful group
when compared to the successful group, being -2.04 and -1.86, respectively. The boxplot
shown in Fig. 6 shows the distribution of the Jaccard indices for the two groups. It can be
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Figure 5: Boxplot of the relative area differences.

Table 3: Overall statistics of the Jaccard index.

Mean Jaccard Standard deviation

Unsuccessful group 0.792 0.252
Successful group 0.749 0.260

derived from the boxplot that the notches do not overlap and hence there is significance. This
is also the conclusion after the rank-sum test, which results in a p-value of less than 0.001.

4 Conclusions

We have investigated the correlation between the response of GKRS on VS and the tumor
delineation accuracy during treatment planning. This is done using existing metrics and the
novel SAP and SRA difference metrics, introduced in this paper. To the best of our knowl-
edge, this is the first work investigating this correlation. We have compared the treatment
delineation with the delineation by a VS specialist, created retrospectively, using volumes,
number of slices, slice areas and slice similarities. The obtained results show no evidence
to the hypothesis that a less accurate delineation leads to an increased failure rate. The
results illustrate that the delineation of the successful group is less accurate compared to the
delineation of the VS specialist, rather than the delineation of the unsuccessful group, which
is surprising. This suggests that when there is more disagreement between the two tumor
delineations, the more likely it is to achieve treatment success within this small dataset. This
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Figure 6: Boxplot of the Jaccard index in both groups.
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leads to the conjecture that the type of tumors that are more difficult to delineate are more
likely to show a positive treatment outcome.

Because of the limited framework of the current experiment, e.g. a quite limited dataset,
biased selection of subjects for simple binary classification and a lack of multi-variate analysis,
the drawn conclusion can only be considered as the result of a technical experiment, rather
than a justified relevant medical conclusion. The obtained results suggest however, that a
tumor which is apparently more difficult to delineate, responds better to the GKRS treatment.
This is an interesting topic for further research, where the texture of the tumor, which
represents the underlying biology of the tissue, on the MRI scans should be incorporated.
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