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Abstract
Objectives The aim of this study was to differentiate primary central nervous system lymphoma (PCNSL) from glioblastomas
(GBM) using the fractal analysis of conventional MRI data.
Materials and methods Sixty patients with PCNSL and 107 patients with GBM with MRI data available were enrolled. Fractal
dimension (FD) and lacunarity values of the tumour region were calculated using fractal analysis. A predictive model combining
fractal parameters and anatomical characteristics was built using logistic regression. The role of FD, lacunarity and the predictive
model in differential diagnosis was evaluated using receiver-operating characteristic (ROC) curve analysis. The association
between fractal parameters and anatomical characteristics of tumours was also investigated.
Results PCNSL had lower FD values (p < 0.001) and higher lacunarity values (p < 0.001) than GBM. ROC curve analysis revealed
that FD, lacunarity, and the predictive model could distinguish PCNSL from GBM (area under the curve: 0.895, 0.776, and 0.969,
respectively). The following associations were observed between fractal parameters and anatomical characteristics: multiple lesions
were significantly associated with higher lacunarity (p = 0.024), necrosis with higher FD (p = 0.027), corpus callosum involvement
with higher lacunarity (p < 0.001) in PCNSL and subventricular zone involvement with higher FD (p < 0.001) in GBM.
Conclusions The findings of the study indicate that fractal analysis on conventional MRI performs well in distinguishing PCNSL
from GBM.
Key Points
• Fractal dimension and lacunarity were capable of differentiating PCNSL from GBM.
• PCNSL and GBM exhibited different anatomical characteristics.
• Fractal parameters were associated with some of these anatomical characteristics.
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Abbreviations
AUC Area under the curve
FD Fractal dimension
GBM Glioblastoma
MRI Magnetic resonance imaging
PCNSL Primary central nervous system lymphoma
ROC Receiver operating characteristic
ROIs Regions of interest

Introduction

Primary central nervous system lymphoma (PCNSL) and
glioblastoma (GBM) are both highly malignant tumours of
the central nervous system; however, they require completely
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different treatment strategies. Surgery is recommended to al-
leviate symptoms and prevent recurrence in patients with
GBM [1], but has no benefit in survival of patients with
PCNSL [2]. Considering this stark difference in treatment,
preoperative differentiation between these two diseases is im-
portant.Magnetic resonance imaging (MRI) is capable of non-
invasive detection and assessment of brain tumours, which is
recommended for all patients before treatment. However, dif-
ferential diagnosis using routine conventional MRI is compli-
cated because the images reveal significantly enhanced lesions
surrounded by oedema in both PCNSL and GBM.

Because PCNSL and GBM exhibit similar appearances on
post-contrast T1-weightedMRI, accurate differential diagnosis
is difficult. However, PCNSL and GBM exhibit different cel-
lularity, which may affect water diffusion in the interstitial
space. Therefore, some studies have explored the usefulness
of diffusion-weighted MRI sequences to differentiate PCNSL
and GBM [3–5]. In addition, PCNSL and GBM exhibit differ-
ent vascular permeability, perfusion and metabolic character-
istics. Therefore, other studies have also evaluated the diag-
nostic value of perfusion imaging, including arterial spin label-
ling, and T1-weighted dynamic contrast-enhanced and dynam-
ic susceptibility contrast-enhanced sequences [4–7], as well as
molecular imaging, including endogenous protein-based am-
ide proton transfer MRI [8] and positron emission tomography
[4, 9]. However, despite great advances, these techniques are
associated with increased time of examination and costs.

Fractal analysis is a promising tool for a neuroimaging study.
It provides a method for quantitatively evaluating the texture
and statistical properties of a shape or object [10]. Fractal di-
mension (FD) and lacunarity are parameters derived from frac-
tal analysis; both are used to characterise fractal features. FD is
used to describe the morphological complexity of an object
[11]. An increased FD value indicates that an object is more
irregular, which provides a quantitative index of roughness.
Lacunarity is defined as the degree of gappiness, inhomogeneity
or translational and rotational invariance. Higher lacunarity in-
dicates greater heterogeneity and rotational variance [12]. These
two parameters have beenwidely used in biology andmedicine,
especially in the analysis of central nervous system imaging
data, such as those used to differentiate various brain tumours
[13] and grade gliomas [14]. In this study, we aimed to differ-
entiate between PCNSL and GBM by using fractal analysis of
conventional MRI data. Our findings may elevate the power of
conventional structural MRI imaging for differential diagnosis.

Materials and methods

Patients

Two cohorts of patients were retrospectively reviewed. Sixty
patients with PCNSL treated at Beijing Tiantan Hospital

(Beijing, China) between 2010 and 2014 were enrolled.
Patients who met the following inclusion criteria were
analysed: age > 18 years; histologically confirmed PCNSL;
and available post-contrast T1-weighted MRI data of lesions
before treatment. All PCNSL patients were immunocompe-
tent. Data from 107 patients with GBM, diagnosed between
2010 and 2012, were collected from the database of the
Chinese Glioma Genome Atlas. Inclusion criteria were as fol-
lows: age > 18 years; histologically confirmed de novo GBM;
and available post-contrast T1-weighted MRI data of lesions
before treatment. This retrospective study was approved by
the Ethics Committee of Beijing Tiantan Hospital.

MRI protocol

MRI was mainly performed using a 3.0T MRI scanner
(Siemens Trio, Siemens Healthcare, Erlangen, Germany).
Post-contrast T1-weighted imaging (repetition time, 450 ms;
echo time, 15 ms; section thickness, 5 mm) was performed
with gadopentetate dimeglumine (Beilu Pharma) at a dose of
0.1 mmol/kg. The field of view was 240 × 240 mm2 and the
matrix size was 512 × 512.

Tumour segmentation and image normalisation

Tumour segmentation was performed using MRIcro software
(http://www.mccauslandcenter.sc.edu/mricro/). Abnormal
signals on post-contrast T1-weighted MRI were manually de-
lineated as tumour regions of interest (ROIs) by a neurosur-
geon (Fig. 1a). All ROIs were examined by a senior neurora-
diologist (SWL) with 27 years of experience who was blinded
to the clinical data of each patient. To reduce the influence of
intensity differences, all MRI data were normalised using
Matlab (R2014a, MathWorks, Natick, MA, USA) with an al-
gorithm based on the studies by Nyúl et al [15] and Hellier et al
[16].

Fractal analysis

Fractal analysis was performed using ImageJ software (U.S.
National Institutes of Health, USA, http://imagej.nih.gov/ij/)
and the built-in plugin Fraclac (Karperien-Charles Sturt
University, Australia, https://imagej.nih.gov/ij/plugins/
fraclac/FLHelp/Introduction.htm). ROIs of the tumours were
extracted and loaded into Fraclac using its batch function. The
box-counting method for grey-scale images was applied for
fractal analysis (Fig. 1b). The box sizes within the grids were
set from a minimum size of 1 pixel to a maximum size of 45%
of the image dimension. Twelve grid positions were applied,
and FD and lacunarity were calculated at each grid position to
obtain mean values (i.e. FD and lacunarity values for each
tumour slice were obtained). The mean FD and lacunarity
values of all tumour slices in each patient were calculated
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and used in further analysis; more specifically, for patients
with multiple lesions, the FD and lacunarity values were av-
eraged for each lesion. For two patients with PCNSL with
disseminated lesions, the largest lesions for fractal analysis
were chosen using the above process.

Evaluation of anatomical characteristics

In both PCNSL and GBM groups, the number of lesions (sin-
gle/multiple), tumour location (supratentorial/infratentorial),
involvement of brain structures (central structures, cortex,
subventricular zone and corpus callosum) and appearance of
necrosis were evaluated. Specifically, the central structures
listed above indicated the basal ganglia and thalamus.
Further, the association of the anatomical characteristics and
fractal parameters was investigated.

Statistical analysis

Statistical analysis was performed using R (https://www.r-
project.org/) and several publicly available packages
including ggplot2, pROC and plotROC. A chi-square test
was performed to compare binary variables (Table 1).
Student’s t-test was used to compare FD and lacunarity
values between the two diseases and different anatomical
characteristics. Logistic regression was used to build the pre-
dictive model; p < 0.05 was considered to be statistically
significant.

A predictive model combining fractal parameters and ana-
tomical characteristics was built using logistic regression. FD,
lacunarity, number of lesions, involvement of central struc-
tures and cortex, and presence of necrosis were entered into
the logistic model, and factors with p < 0.05 were kept. A
tenfold cross-validation was performed in the dataset.

Results

Clinical and MRI characteristics

In this study, 60 patients with PCNSL and 107 patients with
GBM were enrolled. Both patient cohorts comprised a greater
proportion of men (63% and 68%, respectively), with the

Table 1 Clinical and MRI characteristics of patients with PCNSL and
GBM

MRI characteristic PCNSL (%) GBM (%) p-value

Number 60 107

Age, y (median, range) 54, 19-80 54, 18-77 0.3722

Male 38 (63) 73 (68) 0.6091

No. of lesions < 0.0011

Single 41 (68) 104 (97)

Multiple 19 (32) 3 (3)

Localisation

Only supratentorial 46 (76) 107 (100) < 0.0011

Only infratentorial 7 (12) 0

Supra- and infratentorial 7 (12) 0

Involvement of brain structures

Central structures3 31 (52) 4 (4) < 0.0011

Cortex 11 (18) 68 (64) < 0.0011

Subventricular zone 27 (45) 64 (60) 0.0761

Corpus callosum 9 (15) 17 (16) 1.0001

Appearance of necrosis 35 (58) 106 (99) < 0.0011

MRI magnetic resonance imaging, PCNSL primary central nervous sys-
tem lymphoma, GBM glioblastoma
1 Chi-square test
2 Student’s t-test
3 Basal ganglia and thalamus

The bold entries indicate as p-values < 0.05
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Fig. 1 The main process of image data processing. (a): Tumour segmentation. (b): Box-counting to grey-scale image of the tumour region is performed
for fractal analysis. This method attempts to determine the average intensity of pixels per box. (c): Intensity map of the tumour region
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same median age of 54 years. There were no significant dif-
ferences in age or sex between the two cohorts.

The anatomical characteristics revealed on MRI indicated
a higher number of patients with PCNSL had multiple le-
sions (p < 0.001), and tumours involving the central (p <

0.001) and infratentorial structures (p < 0.001), than patients
with GBM. In contrast, more patients with GBM had tu-
mours involving the brain cortex (p < 0.001) and presence
of necrosis (p < 0.001). The detailed results are summarised
in Table 1.

Fig. 2 Comparison between
fractal dimension (FD) and
lacunarity. Patients with primary
central nervous system
lymphoma (PCNSL) show a
significantly lower FD value (a)
and higher lacunarity value (b)
than patients with glioblastoma
(GBM)

Fig. 3 Receiver-operating
characteristic curve of fractal
parameters and the predictive
model are shown in a to c. Fractal
dimension (FD) (a) demonstrates
better performance than
lacunarity (b) (area under the
curve [AUC]: 0.895 vs. 0.776,
respectively). The AUC of the
predictive model was 0.969 (c).
The AUCs of the tenfold
validation (from N1 to N10) (d)
are shown with the blue line, and
the average of the AUCs is shown
with the red line
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Characteristics and predictive role of fractal
parameters

Significant differences in FD and lacunarity were found be-
tween the PCNSL and GBM groups. Specifically, patients
with PCNSL had lower FD (p < 0.001) and higher lacunarity
(p < 0.001) values than patients with GBM (Fig. 2a and b).

Receiver-operating characteristic (ROC) curve analysis
demonstrated that PCNSL could be distinguished from
GBM using fractal parameters. The area under the curve
(AUC) of FD was 0.895 (95% confidence interval [CI]:
0.847–0.943) (Fig. 3a), and the sensitivity and specificity
were 0.851 and 0.833, respectively. For lacunarity, the AUC
was 0.776 (95% CI: 0.702–0.851) (Fig. 3b), and the sensitiv-
ity and specificity were 0.717 and 0.738, respectively.

After logistic regression, FD, lacunarity, involvement of cen-
tral structures and presence of necrosis were kept in the predic-
tive model. The AUC of the model was 0.969 (95% CI: 0.945–
0.992) (Fig. 3c), and the sensitivity and specificity were 0.933
and 0.925, respectively. The details of the tenfold validation are
shown in Fig. 4d, and the average of the AUCs was 0.969.

Relationship between the fractal parameters
and anatomical findings

The lacunarity value of PCNSL with multiple lesions was
significantly higher than that of tumours with a single lesion
(p = 0.024; Fig. 4a). GBM involving the subventricular zone
had a significantly higher FD value than tumours that did not
involve this zone (p < 0.001) (Fig. 4b). In PCNSL, tumours
that involved the corpus callosum had significantly higher
lacunarity values than tumours that did not involve the corpus
callosum (p < 0.001) (Fig. 4c), and tumours with necrosis had
significantly higher FD values than tumours without necrosis
(p = 0.027) (Fig. 4d).

Discussion

In the current study, we performed fractal analysis on conven-
tional MRI data of two separate cohorts consisting of patients
with PCNSL and patients with GBM. The FD value demon-
strated promising performance in the differential diagnosis of

Fig. 4 The association between
fractal parameters and anatomical
characteristics. (a): Comparison
of lacunarity value according to
the number of lesions in primary
central nervous system
lymphoma (PCNSL); (b)
comparison of fractal dimension
(FD) value according to tumours
involving the subventricular zone
(or not) in glioblastoma (GBM);
(c) comparison of lacunarity value
according to tumours involving
the corpus callosum (or not) in
PCNSL; (d) comparison of FD
value according to tumours with
necrosis (or not) in PCNSL
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these two diseases. We further built a multivariate predictive
model including fractal parameters and anatomical character-
istics of the tumours. This model showed high power to dif-
ferentiate PCNSL and GBM. In addition, we observed an
association between fractal parameters and anatomical char-
acteristics in both PCNSL and GBM.

Fractal analysis is a promising tool for evaluating texture
characteristics on MRI. This method has been widely used to
evaluate the complexity of pathological patterns [17]. AsMRI
is a manifestation of a tumour’s microstructure, fractal features
could be used to evaluate the biological properties of PCNSL
and GBM. Studies investigating cancer using imaging data
revealed that FD could be used for differential diagnosis [13,
14, 18] and efficacy evaluation [19–21]. In the current study,
we found that the FD value of GBM was significantly higher
than that of PCNSL. Moreover, FD demonstrated good pre-
dictive values for the differential diagnosis between PCNSL
and GBM. These findings suggest that GBM exhibits a more
complicated texture pattern on MRI than PCNSL, which is
consistent with the heterogeneous nature of GBM [22, 23].

In some cases, an image yields the same FD values but
strikingly different texture(s), which can be described by
lacunarity. Lacunarity has also been widely used in processing
medical images [14, 24, 25]. As mentioned above, PCNSL
had lower FD values than GBM, but had higher lacunarity
values. Necrosis is primarily visualised as gaps in the tumour
lesion and is always localised in the centre of the tumour; this
positioning may reduce its rotational variance. In addition, we
used the box-counting method for grey-scale images.
Compared with binary images, regions of necrosis are not
simply recognised as a blank area. The enhancement patterns
on MRI also affected the lacunarity value.

Advanced neuroimaging techniques such as diffusion and
perfusion MRI as well as molecular imaging have been used
to differentiate PCNSL and GBM [3–7]. In those studies, the
AUCs of the parameters ranged from 0.680 to 0.963. In the
current study, we analysed data acquired from conventional
MRI, which is essential and more convenient in clinical prac-
tice. The AUCs of FD and lacunarity were 0.895 and 0.776,
respectively, and the AUC of the predictive model reached
0.969. These results were robust and practicable. In addition,
the number of patients was significantly larger than in the
previously cited studies, which contributes to strengthening,
if not validating, our results.

On comparing the anatomical characteristics revealed by
conventional MRI, some significant differences between
PCNSL and GBM were demonstrated. Necrosis is a hallmark
feature of GBM and, accordingly, we found necrosis in nearly
all GBM cases (99%). In contrast, necrosis was observed in
only 58% of PCNSL cases. Although this percentage was
significantly lower than that of GBM, it was higher than that
reported in other studies [26–28]. In particular, we found that
tumours exhibiting necrosis had significantly higher FD

values in PCNSL. GBMs located in the infratentorial area or
with multiple lesions are rare [29]. However, infratentorial or
multifocal PCNSLs were more commonly observed in the
present study, which is consistent with previous findings
[30]. Interestingly, PCNSLs with multiple lesions demonstrat-
ed higher lacunarity values than single-lesion tumours. These
findings illustrate the differences in anatomical characteristics
between PCNSL and GBM, and that some of these character-
istics are associated with fractal parameters.

Several limitations should be considered in this study.
There are several algorithms for fractal analysis, including
the modified box-counting method using linear discriminant
analysis and themodifiedMinkowski method [31]. The fractal
dimension calculated by these algorithms could be slightly
discordant. In addition, there is no standard method of fractal
analysis for different image properties and study purposes. In
this study, we performed fractal analysis by using Fraclac, a
free-access software program. It provides an easier way to
perform fractal analysis and reproduce studies. Further, two
fractal parameters including fractal dimension and lacunarity
were obtained by this method, which could better describe the
results of fractal analysis. Tumour segmentation is another
important issue for imaging studies. Compared to T1 and T2
sequences, T1-enhanced sequences can better exhibit the
boundary of PCNSL and GBM (not the biological boundary).
Despite the development of automatic segmentation tech-
niques, manual segmentation of brain tumours is still consid-
ered to be more reliable. In this study, the ROIs were drawn by
a neurosurgeon who focuses on neuroimaging studies of brain
tumours. To minimise inaccuracy, these ROIs were further
checked by a senior neuroradiologist (27 years of experience).

In summary, we compared the general and fractal charac-
teristics of conventional MRI findings between PCNSL and
GBM. Significant differences in anatomical locations and
fractal parameters, including FD and lacunarity, were ob-
served. In particular, we found that FD alone and the predic-
tive model demonstrated favourable performance in the dif-
ferential diagnosis of PCNSL and GBM, and fractal parame-
ters showed an association with the anatomical characteristics
of the tumours. These findings will help increase the differen-
tial diagnostic yield of routine conventional MRI.
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Statistics and biometry No complex statistical methods were necessary
for this paper.

Informed consent Written informed consent was obtained from all sub-
jects (patients) in this study.

Ethical approval Institutional Review Board approval was obtained.

Methodology
• Retrospective
• Diagnostic or prognostic study
• Performed at one institution
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