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Abstract
Conventional neuropathological analysis for brain malignancies is heavily reliant on the observation of
morphological abnormalities, observed in thin, stained sections of tissue. Small Angle X-ray Scattering (SAXS) data
provide an alternative means of distinguishing pathology by examining the ultra-structural (nanometer length scales)
characteristics of tissue. To evaluate the diagnostic potential of SAXS for brain tumors, data was collected from
normal, malignant and benign tissues of the human brain at station 2.1 of the Daresbury Laboratory Synchrotron
Radiation Source and subjected to data mining and multivariate statistical analysis. The results suggest SAXS data may
be an effective classiﬁer of malignancy.
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1. Introduction
Brain tumors are the third most frequent cause
of cancer related death in adults, being the cause of
approximately 2% of all cancer deaths [1]. High
grade gliomas (the tumors arising from the
supporting tissue of the nervous system, WHO
grades III–IV), are the most malignant brain
tumors known, having a mean survival time of
only 9–12 months [2].
The standard diagnosis of gliomas is reliant on
neuropathological analysis under the framework
of the World Health Organization (WHO) or
Kernohan classiﬁcation systems [3]. These systems
attempt to give some indication of biological
behavior, and hence form a basis for treatment
protocols. However, the efﬁcacy of the conventional treatments of radiotherapy and chemotherapy is non-uniform and difﬁcult to predict.
Treatment of gliomas by local removal is particularly difﬁcult due to their highly diffuse structure.
There is therefore a need for improved understanding of malignancy progression at the molecular level, to improve both disease diagnosis and
patient treatments [4,5].
This study sought to evaluate Small Angle X-ray
Scattering (SAXS) data as a means of distinguishing normal, malignant and benign tissues of the
human brain. SAXS is well-suited to the study of
the ﬁbrous proteins of the extracellular matrix
(ECM) as it probes ultra-structural information on
length scales from 10–200 nm [6]. SAXS data has
previously demonstrated diagnostic potential for
breast cancer [7–9], in which the features distinguishing malignancy were related to changes in the
ECM.
The ECM is also strongly implicated in brain
tumor migration [10–12]. Invading glioma cells
migrate along distinct ECM-containing anatomical structures, particularly blood vessels and tracts
of myelinated ﬁbers. This migratory and invasive
behavior is regulated by the interactions between
the glioma cells and components of the ECM, and
necessitates ECM degradation and remodelling.
Myelin itself has also been extensively characterized by SAXS since its crystalline like structure
gives rise to strong X-ray scattering [13–15].
Although X-ray diffraction data has long been

used to elucidate the structural and compositional
characteristics of myelin and its membrane interactions [14,16–18], relatively little work has
considered pathologies of the nervous tissues. Xray diffraction data have been used to examine the
amyloid ﬁbers characteristic of Alzheimer’s disease
[19] and changes in the organization of multiple
sclerosis myelin [20]. Lazarev et al. [21] have
examined normal and pathological tissues of the
human breast, prostate and brain. Although the
diffraction patterns from the pathological brain
samples (Alzheimer’s disease and cerebral hemorrhage) appeared different from normal tissue,
samples were restricted to only one of each type.
We have performed SAXS data collection from
41 samples from 32 patients of malignant, benign
and normal tissues of the human brain at the
Daresbury Laboratory Synchrotron Radiation
Source. To our knowledge, this is the ﬁrst study
that attempts to systematically identify pathological markers in SAXS data from malignant tissues
of the brain.

2. Materials and methods
2.1. Experimental
Brain tumor tissue samples were sourced, with
informed consent, from patients admitted for
tumor resection surgery at the Royal Melbourne
Hospital, Melbourne, Australia, and the Royal
University Hospital, Saskatoon, Canada. Tumorfree control tissue was obtained from patients
undergoing surgery for unrelated conditions, e.g.
partial temporal lobectomy for medically intractable seizures. Human ethics approval for these
studies has been granted at the relevant institutions.
SAXS data were collected from total of 41 samples
arising from 32 patients (see Table 1). Under the
WHO grading system, glioblastomas (GBMs) are
classiﬁed as grade IV gliomas, whilst the meningiomas and schwanomas are considered benign.
Immediately after surgical removal, tissue samples were snap frozen in liquid nitrogen for storage
at 80 1C until transported to the Daresbury
Laboratory synchrotron radiation source. SAXS
data were collected on the ﬁxed energy (1.54 Å)
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Table 1
Tissue sample types and numbers
Tissue type

Number of
patients

Number of
samples

Normal
Schwanoma
Meningioma
Glioblastoma multiforme

1
6
14
11

2
6
16
17

Total

32

41

small angle X-ray scattering camera at station 2.1
using the 200  200 mm multiwire detector
(512  512 pixels) [22]. A sample to detector length
of 2.3 m was used, giving a scattering length range
of 18–460 Å. Rat tail tendon was used as a
calibrant.
Tissue samples, typically 15 mm2 in area and
1 mm thick, were held between two mica sheets in
liquid cells such that the sample remained hydrated
and maintained at 20 1C by means of a water bath.
The beam size at the sample was 1  1 mm2 which
gave adequate signal to noise in the detector using
exposure times of 100 s. Samples were raster
scanned at 1 mm horizontal and vertical translations to provide up to 16 images per sample. Some
images showed artifacts from X-ray scatter arising
from the edges of the sample chamber. These were
eliminated from further analysis. The remaining
images were then averaged to provide SAXS data
representative of the entire sample without loss of
resolution in the data.
Immediately following data collection, samples
were removed and ﬁxed in 10% buffered formalin.
They were then routinely processed for neuropathological examination.
The data were corrected for detector artifacts,
incident beam decay and sample attenuation. The
two-dimensional data were also radially averaged
to provide one-dimensional data as a function of
scattering length. We employed two methods of
analysis of the SAXS data: Data mining and
hierarchical cluster analysis.
2.2. Data mining
Data mining is the non-trivial process of
identifying valid, novel, potentially useful, and
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ultimately understandable patterns in data [23]. In
a previous study into SAXS breast tumor data
classiﬁcation [9] we obtained useful markers of
malignancy using a rule discovery based technique
[24]. This exploratory rule discovery approach was
selected over a classiﬁcation rule-based approach
so as to enable us to use alternative measures of
interest to simple rule accuracy. In this way we
hoped gain some further insight into the brain
SAXS data by later assessing the rules.
We used version 1.3 of the Magnum Opus
exploratory rule discovery software [25,26]. The
default objective measure of leverage was used in
these experiments, but the system can also ﬁnd
rules by coverage, support, and strength, where
coverage is the proportion of all cases for which
the rule conditions are true; support is the
proportion of all cases for which the rule conditions and the rule outcome co-occur; strength is
the proportion of examples for which the rule
conditions are met and that also have the rule
outcome; and leverage is the proportion of
samples that satisfy both the conditions and
outcome of the rule in excess of those that would
be expected if the rule conditions where independent of the tumor type. Equal frequency discretization with 5 bins was employed for all numeric
attributes. That is, all quantitative variables were
recoded as qualitative variables by dividing the
range of values into 5 sub-ranges such that equal
numbers of samples fell into each sub-range.
In this analysis, the features used included
properties such as the sum, maximum, and the
locations of these maxima for different regions of
the images in an effort to capture information
stored in the rings at some basic level (see Fig. 1).
Additionally, in this analysis we manually added
two extra variables representing the presence of
the 2nd and 4th order myelin scattering rings.
2.3. Hierarchical clustering analysis
Cluster analysis is a multi-variate statistics
technique that groups objects into clusters that
are more similar to one another than objects in
other clusters [27]. In the present context, it is wellsuited to investigate whether SAXS data can form
the basis of meaningful classiﬁcations, which can
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magnitude, whereas the latter compares the
patterns.

3. Results

then be related to pathology. This means of
analysis is inherently exploratory, rather than
drawing on statistical inferences, as it quantitatively characterizes the structural differences between groups.
Since we do not expect a preferential scattering
direction due to the heterogeneity of brain tissue in
the gross volumes examined, we performed hierarchical cluster analysis on radially averaged data.
In this analysis, the variables used for clustering
are the intensities at each scattering length. The
software SPSS v.12.0.2 (SPSS Inc., Chicago, USA)
was used to perform the analysis.
We chose to restrict our classiﬁcation investigation to two clusters of meningiomas vs. glioblastomas only at this early stage in our analysis since
cluster analysis is highly sensitive to undersampling. Hierarchical cluster analysis using the
between-groups method (in which the average of
each group is compared to the average of another)
was performed on these samples. Two similarity
measures were used to group the data, squared
Euclidian distance and Pearson correlation. The
former measures the similarity of the data in

20000
Intensity (arb. units)

Fig. 1. A typical SAXS image from a glioblastoma sample. The
strong 2nd and 4th order myelin scattering rings are clearly seen
in this sample. The white lines show the segments used in the
data mining analysis.

A typical scattering pattern is shown in Fig. 1.
The strong scattering rings arising from the 2nd
and 4th orders of the myelin membrane pair
thicknesses (153–161 Å) [18] are clearly seen in this
example. Although predominate in this particular
image, myelin scattering rings were not uniformly
observed in all the data.
Fig. 2 shows the radially averaged data, by
tissue type. Inspection of the standard deviations
from the average for each of the meningiomas,
glioblastomas and schwanomas (indicated by bars)
shows that there is considerable overlap between
the schwanomas and the other types. It should be
remembered, however, that the number of schwanoma samples available was signiﬁcantly smaller
than meningiomas or glioblastomas.
Running the Magnum Opus system on the data
yielded 49 rules that satisﬁed the constraints. We
present the most predictive of these rules in Tables
2 and 3. Two rules, describing the presence of the
myelin scattering rings in the radially averaged
data, are shown in Table 2. Both rules cover 4
additional cases than would be expected if the
rings’ presence was independent of the GBM
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Fig. 2. Radially averaged data for each of the tissue types. The
error bars indicate 71 standard deviation for the meningiomas,
schwanomas and glioblastomas only.
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Table 2
Association rules relating to the 2nd and 4th order myelin rings. The number in brackets after the coverage, support and leverage
indicates the number of samples described by these values respectively
Rule

Tissue type

Coverage

Support

Strength

Leverage

p-value

4th order myelin ring present
2nd order myelin ring present

GBM
GBM

0.439 (18)
0.220 (9)

0.293 (12)
0.195 (8)

0.667
0.889

0.1106 (4)
0.1041 (4)

0.004
0.001

Table 3
Association rules relating to the area near the beam stop. Numbers in brackets as for Table 2
Rule

Tissue type

Coverage

Support

Strength

Leverage

Max intensity in circular region #2 4 2558
Max intensity in circular region #1 4 20120
Max intensity in circular region #1 o 8633

Meningioma
Meningioma
Normal

0.195 (8)
0.195 (8)
0.195 (8)

0.171 (7)
0.146 (6)
0.049 (2)

0.875
0.750
0.250

0.0946 (3)
0.0702 (2)
0.0393 (1)

Table 4
Hierarchical clustering results
Similarity measure

R range (nm1)

Tissue type

Cluster #1

Cluster #2

Outliers

As diagnosed

Squared Euclidean distance

0.0190.308

Pearson correlation

0.1700.548

Meningioma
Glioblastoma multiforme
Meningioma
Glioblastoma multiforme

6
15
14
6

9
2
1
10

1
0
1
1

16
17
16
17

tumor type. To test whether this could have
occurred by chance we applied a chi-square test
and both rules passed at a ¼ 0:05. This concurs
with our knowledge that these malignancies
migrate along myelinated ﬁber tracts. However,
this rule should be treated with caution, since the
presence of myelin in samples of benign tumors is
dependent on the exact location and amount of
tissue excised during surgery.
Table 3 presents the rules associated with the
maximum intensity of a circular region of the data
near the beam stop. These rules show high strength
values, suggesting that this is a good indicator of
pathology. To verify this result we subjected the
peak intensity values in the radially averaged data
to a one-tailed t-test for independent samples.
GBM, meningioma and normal tissue types all
passed the statistical comparison when each tissue
type was individually compared to all other types

(e.g. GBM to all non-GBM samples) at a ¼ 0:05.
GBMs passed with p ¼ 0:004; meningioma with
p ¼ 0:005; and normal with po0:001. Schwanomas were the only tissue type that failed the
statistical comparison (p ¼ 0:340).
We also examined different scattering vector
ranges using hierarchical clustering to determine
which features of the scattering patterns might be
able to discriminate tissue types. A summary of the
most successful two-cluster results is shown in
Table 4. Samples that were consistently grouped
into clusters with only one member were considered outliers. In the scattering vector range
between the beam stop and the 2nd order myelin
peak, the squared Euclidean distance measure
yielded one cluster composed nearly exclusively
of only GBMs, in which 15 from a total of 17
GBM samples were grouped. The majority of the
meningiomas were distributed approximately
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40:60% between the two clusters. The converse is
observed if a Pearson correlation is instead used as
the similarity measure. The data range included all
the data except that very close to the beam stop.
This method groups 14 from 16 meningiomas
nearly exclusively in one cluster, with a similar
60:40% distribution of GBMs between the two
clusters. These results suggest that the absolute
magnitude of the maximum scattering intensity is
signiﬁcant in the classiﬁcation of GBMs, supporting the data mining results, whilst it is the overall
pattern of the scattering data that distinguishes the
meningiomas. Analysis of subsets of scattering
ranges, such as in the vicinity of each of the myelin
scattering rings, did not reveal any apparent
consistency in clusters with tissue type.

4. Conclusions and directions for further work
These preliminary analyses imply that SAXS
data has the ability to discriminate between tissue
types without reliance on subjective interpretation.
Both the data mining and hierarchical cluster
analysis suggest that the maximum intensity at
high d-spacings may be an effective marker of
pathology. In addition, the results suggest that the
presence of myelin scattering and the overall
scattering pattern proﬁle warrant further investigation for the identiﬁcation of glioblastomas.
Interpretation of the data from the schwanoma
and normal tissue is difﬁcult due to the limited
sample numbers.
The features distinguishing glioblastomas are of
particular interest as a long term-goal of this work
is to deﬁne sub-classiﬁcations in the malignant
tumor group correlated with therapeutic outcomes. Considerable effort will be required to
understand the relationship of these features to the
biological changes underlying pathology.
Future experimental work is currently planned
to increase our database of scattering data, and in
particular to balance the numbers of samples in
the underrepresented schwanoma and normal
groups. In addition to continuing work on
exploratory rule discovery approaches, we also
plan to subject the results of our cluster analyses to
further multivariate statistics techniques to probe

which features contribute to the inter-cluster
variance. We expect that the symbiosis of these
different approaches will be critical to determining
if SAXS data has diagnostic potential.
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