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Abstract
Objectives  Multiparametric MRI has high diagnostic accuracy for detecting prostate cancer, but non-invasive prediction 
of tumor grade remains challenging. Characterizing tumor perfusion by exploiting the fractal nature of vascular anatomy 
might elucidate the aggressive potential of a tumor. This study introduces the concept of fractal analysis for characterizing 
prostate cancer perfusion and reports about its usefulness for non-invasive prediction of tumor grade.
Methods  We retrospectively analyzed the openly available PROSTATEx dataset with 112 cancer foci in 99 patients. In all 
patients, histological grading groups specified by the International Society of Urological Pathology (ISUP) were obtained 
from in-bore MRI-guided biopsy. Fractal analysis of dynamic contrast-enhanced perfusion MRI sequences was performed, 
yielding fractal dimension (FD) as quantitative descriptor. Two-class and multiclass diagnostic accuracy was analyzed using 
area under the curve (AUC) receiver operating characteristic analysis, and optimal FD cutoffs were established. Additionally, 
we compared fractal analysis to conventional apparent diffusion coefficient (ADC) measurements.
Results  Fractal analysis of perfusion allowed accurate differentiation of non-significant (group 1) and clinically significant 
(groups 2–5) cancer with a sensitivity of 91% (confidence interval [CI]: 83–96%) and a specificity of 86% (CI: 73–94%). 
FD correlated linearly with ISUP groups (r2 = 0.874, p < 0.001). Significant groupwise differences were obtained between 
low, intermediate, and high ISUP group 1–4 (p ≤ 0.001) but not group 5 tumors. Fractal analysis of perfusion was signifi-
cantly more reliable than ADC in predicting non-significant and clinically significant cancer (AUC​FD = 0.97 versus AUC​
ADC = 0.77, p < 0.001).
Conclusion  Fractal analysis of perfusion MRI accurately predicts prostate cancer grading in low-, intermediate-, and high-, 
but not highest-grade, tumors.
Key Points   
• In 112 prostate carcinomas, fractal analysis of MR perfusion imaging accurately differentiated low-, intermediate-, and  
   high-grade cancer (ISUP grade groups 1–4).
• Fractal analysis detected clinically significant prostate cancer with a sensitivity of 91% (83–96%) and a specificity of 86%  
   (73–94%).
• Fractal dimension of perfusion at the tumor margin may provide an imaging biomarker to predict prostate cancer grading.
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Abbreviations
DCE	� Dynamic contrast-enhanced
FD	� Fractal dimension
ISUP	� International Society of Urological Pathology
mpMRI	� Multiparametric MRI
PCa	� Prostate carcinoma

Introduction

Angiogenesis is a hallmark of cancer and is closely inter-
twined with tumor development and metabolism [1, 2]. The 
dedifferentiation of tumor tissue is related to an “angiogenic 
switch” and ensuing changes in vascular architecture [3]. 
Such phenotypes of tumor microvascularization have been 
visualized, e.g., using contrast-enhanced ultrasound micros-
copy [4]. Compared with the normal vascular architecture 
in the human body, changes in tumor vascular architecture 
in early stages of the dedifferentiation sequence match the 
alimentary need of the growing tumor. In general, blood 
vessel trees follow physiology-determined branching rules 
over a multitude of scales. This so-called scale invariance 
is a central characteristic of fractals. Fractals can be found 
everywhere in nature and are a fundamental principle of bio-
logical structure and function. Perfusion is a case in point—
it is a physiological process featuring a fractal organization 
[5, 6], which can be unraveled by fractal analysis based on 
radiological and nuclear medicine imaging methods [7, 8]. 
Fractal analysis can measure an object’s geometrical com-
plexity, or chaos, which can be quantified in terms of fractal 
dimension (FD). Since fractal analysis is based on patho-
physiological principles of perfusion, it can be expected to 
reveal information on the underlying biological correlate of 
perfusion abnormalities. The pivotal role of angiogenesis 
especially in prostate cancer (PCa) has been acknowledged 
[9, 10] and histological analysis methods have been debated 
[11]. However, the role of perfusion—as the functional cor-
relate to vascular anatomy—is currently of minor priority for 
clinical imaging workup in patients with PCa.

The grading of PCa has decisive relevance for clinical 
management of patients and prognosis. The standard for 
diagnosis of PCa is biopsy with histological grading accord-
ing to the Gleason grading system [12]. In 2016, the Inter-
national Society of Urological Pathology (ISUP) suggested 
grade groups ranging from 1 to 5 [13, 14] for the classifica-
tion of tumors as a more comprehensive grade reporting 
system [15]. Importantly from a clinical perspective, patients 
with ISUP grade group 1 lesions and some patients with 
ISUP grade group 2 lesions and a low percentage of Gleason 
score 4 can be considered for active surveillance [16]. Mul-
tiparametric magnetic resonance imaging (mpMRI) of PCa 
at a magnetic field strength of 3 T has been implemented 
and has excellent sensitivity and negative predictive values 

in detecting PCa [17, 18], including the transition zone [19], 
and helps to preoperatively predict clinically significant can-
cer [20]. Clinically, the scope of prostate MRI is mainly 
focused on cancer detection by implementing the Prostate 
Imaging-Reporting and Data System (PI-RADS) in its cur-
rent version 2.1 [21] with a trend towards non-contrast bipar-
ametric protocols by omitting dynamic contrast-enhanced 
(DCE) sequences [22]. Indeed, tracer kinetic parameters 
obtained from perfusion MRI have shown potential to assess 
the aggressiveness of PCa in the peripheral zone [23]. More-
over, analysis of apparent diffusion coefficient in MRI has 
shown some relation to tumor grade [24, 25]. However, no 
method for non-invasive tumor grade prediction is available 
to match the clinically needed accuracy.

Our study explores the potential of fractal analysis of per-
fusion as a surrogate for tumor vessel dedifferentiation. We 
evaluate fractal dimension (FD) as a quantitate biomarker 
obtained from clinical routine DCE-MRI sequences for 
tumor grade prediction in PCa. The hypothesis of this work 
is as follows (see Fig. 1): (I) The organization of blood ves-
sel trees entails fractal perfusion territories, which determine 
the observable perfusion pattern (Fig. 1a). (II) Alteration 
of vascular organization and perfusion territories, e.g., by 
tumor angiogenesis, can be measured by fractal analysis 
(Fig. 1b). (III) Fractal analysis of perfusion can be used to 
discriminate individual PCa grades using clinical perfusion 
MR imaging data (Fig. 1c–f) and outperforms the current 
research standard, i.e., ADC measurement.

Materials and methods

Investigative steps

To test the hypothesis of this study, three investigative steps 
are performed: (I) A mathematical formulation of fractal 
perfusion territories justifying fractal analysis is proposed. 
(II) In silico experiments are conducted to validate the appli-
cation of fractal analysis under varying vascular conditions. 
(III) Fractal analysis is applied in vivo to clinical prostate 
mpMRI for non-invasive prediction of tumor aggressiveness 
using an openly available dataset with clinical routine imag-
ing and histology data.

Significance of fractal dimension

Fractal dimension (FD) can be interpreted as a measure of 
chaos or roughness. Consider a sheet of paper, which is a 
two-dimensional object when its thickness is neglected. 
When the sheet of paper is crumpled up, it occupies a cer-
tain volume with the actual volume changing according to 
how much it is crumpled. FD provides us with a measure of 
roughness, which reflects the amount of crumpling in this 
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example. Consequently, the dimensionality of the sheet, 
or its FD, exceeds its topological dimension of two and is 
capped by the embedding dimension of three with its actual 
value in between. Here, FD thus ranges from two to three 
and can be interpreted as a measure of correlation. More 
specifically, FD is measured in terms of feature propaga-
tion over scale with a bi-logarithmic linear regression from 
observed feature against scale [7]. An object is a fractal if it 
features scale-invariant self-similarity, which can be deter-
mined from that regression, and can be found in many bio-
logical structures such as the vascular tree [26].

Two objects with a similar fractal dimension do not 
necessarily resemble each other. Rather, FD can be consid-
ered a descriptor of the object’s geometrical complexity. In 
medical imaging, data can be represented in topologically 
two-dimensional grayscale images. These images can be 
interpreted as textures or terrain maps with intensity repre-
senting the texture’s height (Fig. 1). Thus, such images can 
be assigned a topological dimension of two and an embed-
ding dimension of three similar to a crumpled sheet of paper. 

In the context of textures, an intensity distribution with a 
high spatial correlation tends towards integer values of FD 
(i.e., near 2.0 or 3.0), whereas randomly distributed inten-
sity variations tend towards an FD of 2.5. As a subclass of 
texture analysis methods, fractal analysis constitutes a quan-
titative descriptor of chaos found in textures. When applied 
to DCE perfusion images, fractal analysis relates the phe-
notypical appearance of the perfusion imaging texture to its 
underlying biological correlate, i.e., vasculature. Therefore, 
FD as a quantitative texture analysis feature yields patho-
physiologically meaningful information on perfusion and, 
thereby, vascular structure.

Pathophysiological hypothesis

Our pathophysiological hypothesis for fractal analysis in 
PCa perfusion imaging is based on perfusion regulation, 
which takes place over a large range of invariant and self-
similar vascular scales, mainly ranging from the small arter-
ies to the precapillary arterioles. Dilation and constriction of 

Fig. 1   Hypothesis and rationale for fractal analysis of perfusion terri-
tories. a Perfusion territories exist for each vascular scale and include 
a proximal, regulating feeding vessel (red), depending distal vessels 
(blue), and the corresponding perfused tissue (gray area). A fractal 
relationship exists between flow and size of the territory; see Sup-
plementary Fig. S1 for an animated version. b Vascular dedifferentia-
tion during tumor angiogenesis alters the perfusion pattern, which is 
depicted in gray levels underneath the trees. c–f Illustration of frac-
tal analysis. c Perfusion MRI with the tumor area being marked and 
magnified (blue frame). Pixels marked in red indicate the tumor mar-

gin and adjacent tissue and constitute the pathophysiologically rele-
vant region of interest. d To calculate fractal dimension, the image is 
considered a texture embedded in two-dimensional space with inten-
sity as third dimension. e Fractal dimension map of the tumor area 
and (f) of the whole prostate with the corresponding T2-weighted 
image underneath. This example shows a prostate cancer focus (arrow 
in f) in the right midglandular peripheral zone. The tumor margin has 
a mean local fractal dimension of 2.344, which corresponds to ISUP 
grade group 3 and was confirmed histologically
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a vascular segment governs blood supply to the depending 
microcirculation, i.e., the perfusion territory. The superposi-
tion of these territories results in a macroscopically observ-
able perfusion pattern, which reflects the fractal properties 
of the underlying vascular tree. Angiogenesis mainly takes 
place in the tumor margin, and vessel architecture stabilizes 
in the tumor center [27]. Thus, the perfusion pattern of the 
tumor margin might provide information on the dynamic 
stage of tumor development when compared to the perfu-
sion pattern of adjacent host tissue. The fractal organization 
of blood vessel trees applies to the anatomically deduced 
perfusion pattern and constitutes the fractal feature, which is 
measured over scale during fractal analysis [26]. Alteration 
of vascular organization and perfusion territories, which is 
related to vascular dedifferentiation in tumor angiogenesis, 
can thus be measured by fractal analysis at the interface 
region between tumor and host tissue, i.e., the tumor mar-
gin. In summary, FD is interpreted as a bulk measure of 
geometrical complexity found in the perfusion pattern of the 
viable, hyperperfused margin of the tumor and is assumed to 
provide information on the underlying vascular dedifferen-
tiation. Therefore, FD is hypothesized to enable prediction 
of tumor grade in PCa studied from perfusion imaging data.

Mathematical formulation of perfusion territories

To better understand the organization of PCa perfusion, we 
deduced an algebraic concept based on physiological con-
sideration, which can be found in the Supplementary meth-
ods. This formulation is part of the results of this study and 
constitutes the basis for the further experiments.

In silico experiments

Based on our mathematical formulation, we generated in silico 
perfusion phantoms. We simulated ground-truth in terms of 
three well-defined vascular stages and applied fractal analysis 
to our phantoms to prove our concept. This approach allowed 
systematic alteration of experimental conditions of tumor per-
fusion territories. We used the constructive constrained opti-
mization (CCO) algorithm [28] to generate in silico vascular 
trees: First, we simulated normal vascular trees of non-tumor-
ous prostate tissue in a circular shape with a radius of 5 cm, 
leaving a placeholder for insertion of the tumor tree (Fig. 2a). 
Second, we generated tumor trees in varying dedifferentiation 
stages (low, intermediate, high) in circular shapes with a radius 
of 1.6 cm as explained in the Supplemental material (Fig. 2b). 
Those tumor trees were inserted into the placeholder of the 
normal tree. Subsequently, we calculated the perfusion ter-
ritories from those vascular trees (animated Supplementary 
Fig. S1) and simulated contrast enhancement as surrogate for 
perfusion by downscaling to a typical clinical resolution for 
DCE images of 1.5 mm per pixel (Fig. 2c). All details of the 

in silico simulations are given in the Supplementary meth-
ods. Subsequently, we used fractal analysis to calculate local 
FD maps as specified in the Supplementary methods. Finally, 
we delineated the tumor-host interface region (marked in red, 
Fig. 2d) to measure the mean FD, which was hypothesized to 
correlate with simulated tumor grade.

Patients and imaging dataset

For the in vivo experiments, we used the imaging dataset from 
patients of the PROSTATEx challenge [29, 30]. This dataset 
has been published under the Creative Commons Attribution 
3.0 Unported License and the dataset remained unchanged. 
Institutional Review Board approval has been obtained by the 
providers of the dataset. The dataset was acquired as a con-
secutive series of routine patients. We included the available 
112 prostate carcinomas with revealed ISUP grade groups 
obtained from in-bore MRI-guided biopsy in 99 patients, 
which were consecutively analyzed with blinding to the 
grade groups. Details on imaging parameters, employed drugs 
including contrast agents and scanners can be found in [29] 
and imaging sequences were compliant with the ESUR pros-
tate MR guidelines [31]. In summary, imaging in patients was 
performed using two different MRI scanners from the same 
manufacturer with a magnetic field strength of 3 T. Imaging 
sequences included T2-weighted, proton density-weighted, 
dynamic contrast-enhanced (DCE), and diffusion-weighted 
imaging with mapping of apparent diffusion coefficients 
(ADC). DCE sequences were acquired using a 3-D turbo flash 
gradient echo sequence (in-plane resolution around 1.5 mm, 
slice thickness 4 mm, temporal resolution 3.5 s) while intra-
venous administration of a gadolinium-based contrast agent. 
The exact location of PCa in all MRI sequences is given as 
a coordinate of the lesion’s centroid. Histological grading in 
terms of the ISUP grade group is available for each individual 
lesion. Data used in this research were obtained from The 
Cancer Imaging Archive (TCIA) sponsored by the interna-
tional society for optics and photonics (SPIE), National Can-
cer Institute/National Institute of Health (NCI/NIH), Ameri-
can Association of Physicists in Medicine (AAPM), and 
Radboud University [32].

In vivo image processing and fractal analysis

All timepoints from the clinical routine DCE imaging 
sequence were subjected to fractal analysis of perfusion, 
and the analysis procedure was performed independently 
by one blinded reader (6 years of experience in urogeni-
tal imaging) and in n = 50 lesions by a second blinded 
reader (over 15 years of experience in urogenital imaging) 
to determine interobserver variability. First, we applied 
an individual noise-level adapted denoising scheme and 
intensity calibration as explained in the Supplementary 
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material to ensure standardization of the imaging data. 
Second, a semi-automatic segmentation procedure was 
applied by fitting a serpentine-like ROI to the contrast-
enhancing lesion periphery. Third, local FD maps were 
automatically calculated based on the blanket method [33] 
for each timepoint. The ROI with the maximum FD was 
subjected to statistical analysis. All image processing and 

the implementation of fractal analysis based on the DCE 
image texture is detailed in the Supplementary methods.

In vivo ADC measurements

ADC was measured in the tumor region with the lowest ADC 
values, and the 25th percentile was subjected for statistical 

Fig. 2   Results of in silico experiments. a Host vessel tree (red) with 
a placeholder for later insertion of a tumor tree (marked with a pur-
ple T). b Tumor trees (purple) with varying optimization targets to 
represent different stages of vascular dedifferentiation: intravascular 
volume (low), endothelial surface (intermediate), and vessel length 
(high). c Perfusion territories resulting from host and tumor tree 
anatomy. The gray value is additively proportional to the quotient of 
ln Qfrac / ln afrac multiplied with the respective perfusion rate at each 
vascular scale according to the definition of the vascular model (here 

rescaled for visual purposes). d From top to bottom: complete vas-
cular phantom for each dedifferentiation stage after inserting tumor 
trees (purple) into the placeholders of the host trees (red). Perfu-
sion phantoms were calculated (original scale). The tumor margin is 
marked in red. Maps of the local fractal dimension (FD) were gener-
ated. e Boxplot of FD against tumor vascular dedifferentiation stage. 
Significances of groupwise differences are indicated by asterisks: 
*—p < 0.03; n—sample size per dedifferentiation stage
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analysis. We adopted this approach from several reports [29, 
34–36], which indicated that the use of a low percentile (in 
some studies even the 10th percentile) improves the correla-
tion of ADC with Gleason grade.

Statistical analysis

According to the pathophysiological hypothesis, a cor-
relation between the highest mean FD of each lesion and 
its corresponding ISUP grade group was postulated. The 
Kruskal–Wallis test and pairwise group comparisons using 
Mann–Whitney U test with Bonferroni correction for multi-
ple testing were performed. A significance level lower than 
0.05 was considered significant, and adjusted p values with 
Bonferroni correction are reported. Correlation between FD 
and ISUP grade groups was evaluated by linear modeling. 
Interobserver variability of fractal analysis between two 
separate blinded readers (6 and over 15 years of experience 
in urogenital imaging) was evaluated using Cohen’s κ and 
Bland–Altman analysis in n = 50 cases. Diagnostic accu-
racy was analyzed using receiver-operating characteristic 
(ROC) analysis, and the area under respective ROC curves 
(AUC) along with sensitivity and specificity were calculated. 
To analyze the diagnostic accuracy of fractal analysis for 
two-class differentiation, i.e., differentiation of lower- and 
higher-grade lesions, the dataset was dichotomized accord-
ing to each lesion’s ISUP grade group assignment at dif-
ferent group thresholds (i.e., pooled evaluation of group 1 
versus 2–5, groups 1–2 versus 3–5, groups 1–3 versus 4–5, 
groups 1–4 versus 5). For analysis of diagnostic accuracy 
in all five grade groups, the multiclass AUC was calculated 
and its confidence intervals were computed by bootstrap as 
explained in [37]. As criterion for the selection of FD cutoffs 
for grade group differentiation, we used the efficiency or 
proportion of correctly classified observations which cor-
responds to the cutoff maximizing the efficiency formula 
Ef (c) = pSe(c) + (1 − p)Sp(c) where Se stands for sensitiv-
ity, Sp for specificity, and p for the estimated prevalence in 
the population (based on our sample), as reported in [38]. 
Statistical analysis was performed with R (v3.4.1; 30 June 
2017, R Foundation for Statistical Computing).

Results

Mathematical formulation

Based on our mathematical assumptions, we found a fractal 
relationship between blood flow and perfused tissue area in 
the form of A−FD

perf
∝ Qperf , which represents a power law 

scaling between the proximal, regulating part of the vascular 
tree and the distal, regulated tissue portion, i.e., the 

perfusion territory. Aperf is the size of a perfusion territory 
and Qperf is the respective flow. FD is fractal dimension, 
which quantitatively characterizes the fractal relationship 
(Fig. 1a and animated Supplementary Fig. S1). This formu-
lation demonstrates the fractal properties of perfusion ter-
ritories, i.e., self-similarity and scale invariance.

In silico experiments

To validate our mathematical formulation, we simulated per-
fusion using vascular in silico phantoms and tested whether 
fractal analysis correctly characterized the underlying vas-
cular dedifferentiation stages. Examples of the three distinct 
simulated tumor grades are shown in Fig. 2a–d together with 
the corresponding perfusion simulation and FD map (all 
phantoms are included in the Supplementary Figs. S2-4). 
A total of 15 phantoms were analyzed with five samples per 
stage being modeled.

As shown in Fig. 2e, the median FD of the tumor margin 
increased with the dedifferentiation stage: median FD and 
interquartile range (IQR) was 2.193 (0.013), 2.256 (0.018), 
and 2.330 (0.027) in trees representing low, intermediate, 
and high stages of vascular dedifferentiation, respectively. 
Pairwise multiple group comparisons showed significant 
differences in FD (p < 0.03) among all three vascular dedif-
ferentiation stages. FD correlated excellently with dediffer-
entiation stage (Spearman’s ρ = 0.94, p < 0.001).

In vivo experiments

Fractal analysis was applied to prostate perfusion MRI 
sequences in 99 patients with a total of 112 prostate can-
cer lesions (including 16 lesions in the transitional zone). 
Median patient age was 65  years (range 42–78  years) 
with median PSA level of 12 ng/ml (interquartile range, 
IQR: 10.3 ng/ml) and median lesion size of 17 mm (IQR: 
8.5 mm); see also [29]. The ISUP grade group distribution 
can be found in Fig. 3. Fractal analysis was successful in all 
lesions and took approximately 10 min per lesion includ-
ing preprocessing, calculation of fractal dimension (FD) 
maps, definition of regions of interest (tumor margin), and 
evaluation of the fractal analysis result. Examples of fractal 
analysis in one exemplary prostate cancer for each of the five 
ISUP grade groups are depicted in Fig. 3a.

Figure 3b shows a boxplot of the correlation of FD with 
ISUP grade groups including sample size per group with 
significances of pairwise multiple group comparisons for 
differences in median FD. The Kruskal–Wallis test showed 
highly significant differences between groups (p < 0.001), 
which were identified in pairwise multiple group com-
parisons between low-grade (group 1), intermediate-grade 
(group 2), and high-grade (groups 3 and 4) lesions (Fig. 3b). 
No significant difference was found between the two highest 
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Fig. 3   Application of fractal analysis to clinical MR imaging data of 
prostate cancer. a One representative example of fractal analysis of 
prostate cancer perfusion for each ISUP grade group is shown. All 
cancers are similar in morphologic appearance and location, i.e., 
left peripheral zone (arrows). The first row shows color-coded maps 
of the local fractal dimension (FD) of perfusion in the whole tumor 
fused with T2-weighted MR images (T2w + FD) for anatomic cor-
relation. Note that the margin of the tumor, which is considered to 
be pathophysiologically relevant, is clearly depicted and can be dif-
ferentiated by its FD from the tumor core. The second row shows 
the corresponding dynamic contrast-enhanced (DCE) MR images, 

which constitute the input for fractal analysis. b Boxplot of fractal 
dimension (FD) categorized by ISUP grade group. Significances of 
groupwise differences are indicated by asterisks. c Receiver-operating 
characteristic curves of fractal dimension (FD) for the differentia-
tion of prostate cancers in dichotomized pooled ISUP grade groups. 
Sensitivity was defined as the fraction of correctly identified lesions 
in the higher-grade group pool. *—p = .001; **—p < .001; n.s.—not 
significant; n—sample size per group; ISUP grade group 1—Gleason 
score ≤ 6; group 2—Gleason score 3 + 4 = 7; group 3—Gleason score 
4 + 3 = 7; group 4—Gleason score 4 + 4 = 8; 3 + 5 = 8; 5 + 3 = 8; group 
5—Gleason scores 9–10
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tumor grade lesions (group 4, n = 8, versus group 5, n = 7). 
The lesionwise FD showed a strong positive linear correla-
tion to grade group (r2 = 0.874, p < 0.001), and FD distribu-
tion had a spectrum-like appearance. Interobserver agree-
ment was high with Cohen’s κ = 0.91 (CI: 0.85–0.97), and 
Bland–Altman analysis showed no substantial bias (0.016, 
CI: 0.01–0.023) and acceptable limits of agreement (− 0.031 
to 0.063) in a subset of n = 50 cases.

Results of ROC analyses with AUC, sensitivity, and spec-
ificity for the dichotomized dataset with pooled ISUP grade 
groups are given in Table 1. ROC curves for the differentia-
tion of lesions in pooled grade groups are given in Fig. 3c. 
Diagnostic accuracy for differentiating pooled lower- and 
higher-grade lesions at different grade group thresholds was 
very good (see Table 1 for all pooled group analyses includ-
ing 95% confidence intervals). AUC for individual multi-
class differentiation was 0.95 (95% confidence interval [CI]: 
0.91–0.99). FD cutoffs for differentiating ISUP grade groups 
can be found in Table 2.

Fractal analysis performed significantly better in pre-
dicting clinically significant cancer as ADC measurements 
(AUC​FD = 0.97 [CI: 0.93–1.0] versus AUC​ADC = 0.77 [CI: 
0.67–0.88], p < 0.001). As shown in Table 1, ADC differen-
tiated only ISUP grade group 1 from pooled grade groups 
2–5 lesions, whereas fractal analysis accurately differenti-
ated individual grade groups except for group 5 lesions.

Discussion

This study introduces the fractal dimension of perfusion 
patterns in the margin of prostate carcinoma as a patho-
physiologically meaningful measure. As such, fractal 
dimension has very good diagnostic accuracy for predicting 
the ISUP grade group. Most notably, an excellent differen-
tiation among low- to intermediate- and high-grade lesions 

(corresponding to grade groups 1–4) is achieved, which 
implies important prognostic relevance and might be used 
to guide clinical management.

According to the observations in this study, fractal dimen-
sion shows a continuous distribution with a comparatively 
large range. This suggests the hypothesis that the develop-
ment of PCa is a continuous spectrum and that the Glea-
son grading system, which is used in clinical practice, is 
merely a discretized and simplified, thus clinically seizable, 
approximation to tumor biology. This perspective gains rel-
evance with regard to the WHO’s recent recommendation 
to report the fraction of Gleason grade 4 and to consider 
the reporting of the Gleason grade 5 fraction [15]. On the 
one hand, the precise characterization in intermediate-grade 
lesions has important prognostic implications [39–41]. On 
the other hand, patients with ISUP grade group 2 lesions and 
a low Gleason grade 4 fraction might be eligible to active 
surveillance [16]. The Gleason grading system has tradition-
ally been used for clinical decision-making and constitutes 
a decent estimator for prognosis. However, along with more 
elaborate imaging techniques, see, e.g. [42, 43], and clinical 
evidence of diagnostic performance of multiparametric MRI 
[17, 18] by implementing PI-RADS version 2.1 [21], the 
need for a pathophysiologically more elaborate approach to 
PCa grade prediction arises. Moreover, along with a continu-
ing trend towards ever-shorter acquisition protocols, e.g., in 

Table 1   Results of the 
discovery study. Receiver-
operating characteristic (ROC) 
analysis was performed 
for two-class prediction by 
dichotomizing the dataset as 
well as multiclass prediction of 
pooled ISUP grade groups; 95% 
confidence intervals (CI) are 
given in brackets

Pooled ISUP grade group 
comparison

AUC​ Sensitivity Specificity

Fractal dimension
  1 versus 2–5 0.97 (CI: 0.93–1.0) 91% (CI: 83–96%)

69/76
86% (CI: 73–94%)
31/36

  1–2 versus 3–5 1.0 (CI: 0.97–1.0) 100% (CI: 92–100%)
35/35

100% (CI: 96–100%)
77/77

  1–3 versus 4–5 0.99 (CI: 0.97–1.0) 87% (CI: 64–98%)
13/15

100% (CI: 97–100%)
97/97

  1–4 versus 5 0.97 (CI: 0.92–1.0) 43% (CI: 13–77%)
3/7

99% (CI: 96–100%)
104/105

  Multiclass prediction 0.95 (CI: 0.91–0.99) – –
Apparent diffusion coefficient
  1 versus 2–5 0.77 (CI: 0.67–0.88) 91% (CI: 83–96%)

69/76
61% (CI: 43–77%)
22/36

Table 2   Cutoff values of fractal dimension (FD) for differentiation 
of pooled ISUP grade groups, determined as efficiency cutoffs as 
described under “Materials and methods”

Pooled ISUP grade group comparison FD cutoff

1 versus 2–5 2.20 (p < .001)
1–2 versus 3–5 2.31 (p < .001)
1–3 versus 4–5 2.40 (p = .001)
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[44], no reliable method to non-invasively predict PCa grad-
ing has yet been implemented in the clinic. Fractal analysis 
of perfusion is an auspicious candidate for this challenge 
and constitutes a means of analysis which might turn DCE 
sequences to our advantage.

From a clinical perspective, fractal analysis can be 
straightforwardly implemented into clinical routine, if a 
DCE imaging sequence was performed, since it does not 
require any particular imaging prerequisites. FD might be 
added to PI-RADS assessment as an additional quantita-
tive criterion: The potentially added informative value of 
fractal analysis in lesions with intermediate probability of 
malignancy (i.e., PI-RADS 3) might be to identify clinically 
non-significant (ISUP group 1) PCa to stratify biopsy prior-
ity and method, or to justify active surveillance. Moreover, 
changes in FD might indicate cancer progression in active 
surveillance patients. In PI-RADS 4 and 5 lesions, fractal 
analysis might support clinical decision-making by differ-
entiating high-grade from low-grade lesions according to 
ISUP group.

The fractal organization of PCa biology has been scru-
tinized in previous research and involves a cytology [45, 
46], a vascular morphology [47, 48], and an imaging feature 
(T2-weighted images for tumor detection) perspective [49, 
50]. In a recent study with implanted tumor cells into mice, 
fractal analysis of images obtained after administration of an 
intravascular contrast agent allowed non-invasive characteri-
zation of microvascular architecture [48]. This aspect gains 
clinical importance given the fact that the blood vessel tree 
morphology has been shown to be predictive for mortality 
due to its relevance for tumor progression and metastatic 
potential [51]. Moreover, perfusion MRI as a functional 
imaging method has shown the potential to yield pathophysi-
ologically relevant information, e.g., for the assessment of 
aggressiveness of PCa in the peripheral zone [23].

In the context of PCa, the margin of the hypervascular-
ized part of the tumor is an optimal target for fractal analysis 
due to its decisive role in angiogenesis and tumor devel-
opment. Angiogenesis is governed by (patho)physiology-
determined boundary conditions. These boundary conditions 
arise from local and global growth stimuli and are promoted 
by carcinoma cells of an angiogenic phenotype [52]. The 
structural and functional characteristics of the blood vessel 
tree implicate distinct perfusion patterns which constitutes 
the pathophysiological justification for the hypothesis in 
this study. One scope of this study is to provide the proof 
of concept of fractal analysis of perfusion imaging in PCa. 
As such, it shows that fractal dimension intrinsically fea-
tures pathophysiological implications in PCa and is readily 
implemented into standard DCE sequences. Moreover, a 
validation study in a separate population has independently 
established diagnostic accuracy of the established FD cutoffs 
[53].

Other than DCE imaging, several techniques have been 
proposed for perfusion imaging, most notably, intravoxel 
incoherent motion (IVIM) [54] and arterial spin labeling 
(ASL) [55]. To improve understanding of perfusion charac-
teristics, potentially even beyond the tumor transition zone, 
and to enable perfusion imaging without the need for Gd-
based contrast agents, further research might evaluate the 
application of fractal analysis to those imaging techniques.

The following challenges and limitations need to be dis-
cussed. The in silico phantoms generated in this study sys-
tematically vary one aspect of tumor vessel morphology, i.e., 
the optimization target of the vascular tree. However, with 
further progressive dedifferentiation, the impact of vascular 
optimization is thought to diminish. Rather, extreme meta-
bolic and mechanical properties gain importance in higher 
tumor grades. Therefore, the model and phantoms presented 
depict early aspects of the process of tumor angiogenesis 
and hardly provide a comprehensive model of the complex 
process of tumor angiogenesis, especially in highly dedif-
ferentiated tumors. However, from a clinical perspective and 
for prostate cancer in particular, the discrimination of lower 
and intermediate tumor grades without metastatic spread is 
most relevant for therapeutic management and therefore jus-
tifies the chosen approach. The trees feature pseudorandomly 
distributed terminal locations, which is unlikely to occur in 
tumor tissue. The generation algorithm of the trees assumes 
laminar and steady flow, which is justified for medium- to 
small-sized vessels, in which steady-state flow dominates 
over oscillatory flow [56]. Cancer in the transitional zone of 
the prostate is a major diagnostic challenge due to the het-
erogeneous tissue architecture of this zone, especially in men 
with hyperperfused nodules of benign prostatic hyperplasia, 
which is a common condition.

From a total of 112 lesions, only eight lesions with ISUP 
grade group 4 and seven lesions with group 5 were available in 
the dataset. This small sample size does not allow concluding 
on the diagnostic accuracy of fractal analysis in the differentia-
tion between those highest-grade lesions. Moreover, the number 
of tumors in the transitional zone was small (n = 16), which 
does not allow for a meaningful subgroup analysis per region.

Also, clinical information about the patients like stage, 
clinical management, or follow-up data were not included 
in the dataset. No differentiation of the histological entity of 
PCa was available. However, the introduction of intraductal 
carcinoma as a new entity of PCa and new variants of aci-
nar PCa into the classification of tumors by the WHO [15] 
is not adequately reflected in the analyzed dataset. Another 
important aspect is tumor tissue sparsity, with tumor tissue 
being intermixed with normal prostate tissue. Those tumors 
are specifically depicted in DCE images, and differentiation 
to prostatitis can be challenging [57]. The intermixture of 
normal prostate tissue might alter the perfusion pattern, thus 
affecting results of fractal analysis. It might be assumed that 
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histological characteristics such as tumor entity and tumor 
sparsity have implications on prognosis or diagnostic accu-
racy, respectively. Therefore, dedicated fractal analysis of 
perfusion according to histological tumor characteristics 
might be insightful. The available reference standard from 
the dataset was in-bore MRI-guided biopsy. In comparison to 
radical prostatectomy, a sampling bias due to biopsy location 
might be present. However, results from in-bore MRI-guided 
biopsy have shown 88% correspondence with Gleason grad-
ing from radical prostatectomy [58]. Therefore, this biopsy 
method is considered a “problem-solver” due to its high accu-
racy including difficult and small cancer lesions [59].

In summary, fractal analysis of perfusion territories is 
a meaningful concept of pathophysiological perfusion 
imaging. An algebraic formulation of fractal perfusion ter-
ritories is reported in this work, which is validated using 
in silico phantoms. The application of fractal analysis to 
clinical MR imaging data of prostate cancer in this study 
has shown high potential for non-invasive grade prediction 
of prostate cancer. From a translational perspective, fractal 
analysis could be easily implemented into current mpMRI 
of prostate cancer, e.g., in terms of a separate PI-RADS cri-
terion, which is an excellent tool for cancer detection but 
so far lacks the ability to accurately predict tumor grade. 
Fractal dimension—a quantitative measure of geometrical 
chaos—is proposed as a meaningful imaging biomarker with 
distinctive pathophysiological significance for oncological 
diagnosis using a non-invasive imaging test.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00330-​021-​08394-8.

Acknowledgements  We thank Alejandra Rodríguez Sánchez for sta-
tistical consultation. We thank Bettina Herwig for assistance with lan-
guage editing.

Funding  Open Access funding enabled and organized by Projekt 
DEAL. None received.

Declarations 

Guarantor  The scientific guarantor of this publication is Professor 
Marc Dewey.

Conflict of Interest  The authors of this manuscript declare relation-
ships with the following companies:
FM: FM holds a US patent (USPTO: 10,991,109, Patent 2021) on 
fractal analysis of perfusion imaging and has filed a patent application 
on the same topic at the European Patent Office (PCT/EP2016/071551), 
each together with MD. FM receives grant support from the German 
Research Foundation (DFG, project number: 392304398), which covers 
50% of his position. FM has participated at the Digital Health Accelera-
tor of the Berlin Institute of Health.
HH: Nothing to disclose.
BH: Nothing to disclose.
SE: Nothing to disclose.
AM: Nothing to disclose.

MD: MD holds a US patent (USPTO: 10,991,109, Patent 2021) on 
fractal analysis of perfusion imaging and has filed a patent application 
on the same topic at the European Patent Office (PCT/EP2016/071551), 
each together with FM. MD has received grant support from the 
Heisenberg Program of the German Research Foundation (DFG) for a 
professorship (DE 1361/14–1), and the Digital Health Accelerator of 
the Berlin Institute of Health. MD is a principal investigator at the DFG 
graduate program on quantitative biomedical imaging (BIOQIC, GRK 
2260/1). He also received grant support from the FP7 Program of the 
European Commission for the randomized multicenter DISCHARGE 
trial (603266–2, HEALTH-2012.2.4.-2), the European Regional De-
velopment Fund (20072013 2/05, 20072013 2/48), the German Heart 
Foundation/German Foundation of Heart Research (F/23/08, F/27/10), 
the Joint Program from the German Research Foundation (DFG), and 
the German Federal Ministry of Education and Research (BMBF) for 
meta-analyses (01KG1013, 01KG1110, 01KG1210).
MD was elected European Society of Radiology (ESR) Research Chair 
(2019–2022), and the opinions expressed in this article are the author’s 
own and do not represent the view of ESR.
MD has received lecture fees from Toshiba Medical Systems, Guerbet, 
Cardiac MR Academy Berlin, and Bayer (Schering-Berlex). He is also 
the editor of Coronary CT Angiography and Cardiac CT, both pub-
lished by Springer, and offers hands-on workshops on cardiovascular 
imaging (www.​ct-​kurs.​de). Institutional master research agreements 
exist with Siemens Medical Solutions, Philips Medical Systems, and 
Toshiba Medical Systems. The terms of these arrangements are man-
aged by the legal department of Charité – Universitätsmedizin Berlin.

Statistics and Biometry  Alejandra Rodríguez Sánchez kindly provided 
statistical advice for this manuscript.

Informed Consent  Written informed consent was obtained by the origi-
nal investigators of the openly available dataset as described in Armato 
et al. 2018, Journal of Medical Imaging, and Litjens et al. 2014, IEEE 
Trans Med Imaging.

Ethical Approval  Institutional Review Board approval was obtained by 
the original investigators of the openly available dataset as described 
in Armato et al. 2018, Journal of Medical Imaging, and Litjens et al. 
2014, IEEE Trans Med Imaging.

Methodology   
• retrospective 
• experimental 
• data from one center, analysis at two centers

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

References

	 1.	 Hanahan D, Weinberg RA (2011) Hallmarks of cancer: the next 
generation. Cell 144:646–674

3245European Radiology  (2022) 32:3236–3247

1 3

https://doi.org/10.1007/s00330-021-08394-8
http://www.ct-kurs.de
http://creativecommons.org/licenses/by/4.0/


	 2.	 Ruoslahti E (2002) Specialization of tumour vasculature. Nat Rev 
Cancer 2:83–90

	 3.	 Weis SM, Cheresh DA (2011) Tumor angiogenesis: molecular 
pathways and therapeutic targets. Nat Med 17:1359–1370

	 4.	 Opacic T, Dencks S, Theek B et al (2018) Motion model ultra-
sound localization microscopy for preclinical and clinical mul-
tiparametric tumor characterization. Nat Commun 9:1527

	 5.	 Bassingthwaighte JB, King RB, Roger SA (1989) Fractal nature 
of regional myocardial blood flow heterogeneity. Circ Res 
65:578–590

	 6.	 Bassingthwaighte JB, Beard DA, Li Z (2001) The mechanical and 
metabolic basis of myocardial blood flow heterogeneity. Basic Res 
Cardiol 96:582–594

	 7.	 Michallek F, Dewey M (2014) Fractal analysis in radiological 
and nuclear medicine perfusion imaging: a systematic review. Eur 
Radiol 24:60–69

	 8.	 Michallek F, Dewey M (2017) Fractal analysis of the ischemic 
transition region in chronic ischemic heart disease using magnetic 
resonance imaging. Eur Radiol 27:1537–1546

	 9.	 Hrouda D, Nicol DL, Gardiner RA (2003) The role of angio-
genesis in prostate development and the pathogenesis of prostate 
cancer. Urol Res 30:347–355

	10.	 Melegh Z, Oltean S (2019) Targeting angiogenesis in prostate 
cancer. Int J Mol Sci 20(11):2676

	11.	 Miyata Y, Sakai H (2015) Reconsideration of the clinical and 
histopathological significance of angiogenesis in prostate cancer: 
usefulness and limitations of microvessel density measurement. 
Int J Urol 22:806–815

	12.	 Litwin MS, Tan HJ (2017) The diagnosis and treatment of prostate 
cancer: a review. JAMA 317:2532–2542

	13.	 Epstein JI, Egevad L, Amin MB et al (2016) The 2014 Interna-
tional Society of Urological Pathology (ISUP) Consensus Con-
ference on Gleason grading of prostatic carcinoma: definition of 
grading patterns and proposal for a new grading system. Am J 
Surg Pathol 40:244–252

	14.	 Epstein JI, Zelefsky MJ, Sjoberg DD et al (2016) A contempo-
rary prostate cancer grading system: a validated alternative to the 
Gleason score. Eur Urol 69:428–435

	15.	 Humphrey PA, Moch H, Cubilla AL, Ulbright TM, Reuter VE 
(2016) The 2016 WHO classification of tumours of the urinary 
system and male genital organs-part B: prostate and bladder 
tumours. Eur Urol 70:106–119

	16.	 Morash C, Tey R, Agbassi C et al (2015) Active surveillance for 
the management of localized prostate cancer: guideline recom-
mendations. Can Urol Assoc J 9:171–178

	17.	 Fütterer JJ, Briganti A, De Visschere P et al (2015) Can clinically 
significant prostate cancer be detected with multiparametric mag-
netic resonance imaging? A systematic review of the literature. 
Eur Urol 68:1045–1053

	18.	 Drost FH, Osses DF, Nieboer D et al (2019) Prostate MRI, with or 
without MRI-targeted biopsy, and systematic biopsy for detecting 
prostate cancer. Cochrane Database Syst Rev 4:CD012663

	19.	 Thai JN, Narayanan HA, George AK et al (2018) Validation of 
PI-RADS Version 2 in transition zone lesions for the detection of 
prostate cancer. Radiology 288:485–491

	20.	 Park SY, Jung DC, Oh YT et al (2016) Prostate cancer: PI-RADS 
Version 2 helps preoperatively predict clinically significant can-
cers. Radiology 280:108–116

	21.	 Turkbey B, Rosenkrantz AB, Haider MA et al (2019) Prostate 
Imaging Reporting and Data System Version 2.1: 2019 update of 
Prostate Imaging Reporting and Data System Version 2. Eur Urol 
76:340–351

	22.	 Girometti R, Cereser L, Bonato F, Zuiani C (2019) Evolution of 
prostate MRI: from multiparametric standard to less-is-better and 
different-is better strategies. Eur Radiol Exp 3:5

	23.	 Vos EK, Litjens GJ, Kobus T et al (2013) Assessment of prostate 
cancer aggressiveness using dynamic contrast-enhanced magnetic 
resonance imaging at 3 T. Eur Urol 64:448–455

	24.	 Hambrock T, Somford DM, Huisman HJ et al (2011) Relation-
ship between apparent diffusion coefficients at 3.0-T MR imaging 
and Gleason grade in peripheral zone prostate cancer. Radiology 
259:453–461

	25.	 De Cobelli F, Ravelli S, Esposito A et al (2015) Apparent diffusion 
coefficient value and ratio as noninvasive potential biomarkers to 
predict prostate cancer grading: comparison with prostate biopsy 
and radical prostatectomy specimen. AJR Am J Roentgenol 
204:550–557

	26.	 Bassingthwaighte JB (1992) Fractal vascular growth patterns Acta 
Stereol 11:305–319

	27.	 Tilki D, Seitz M, Singer BB et  al (2009) Molecular imag-
ing of tumor blood vessels in prostate cancer. Anticancer Res 
29:1823–1829

	28.	 Schreiner W (2001) Concepts and features of arterial tree models 
generated by constrained constructive optimization. Comments 
Theor Biol 6:103–136

	29.	 Litjens G, Debats O, Barentsz J, Karssemeijer N, Huisman H 
(2014) Computer-aided detection of prostate cancer in MRI. IEEE 
Trans Med Imaging 33:1083–1092

	30.	 Litjens G, Debats O, Barentsz J, Karssemeijer N, Huisman H 
(2017) ProstateX Challenge data(ed)^(eds),

	31.	 Barentsz JO, Richenberg J, Clements R et al (2012) ESUR pros-
tate MR guidelines 2012. Eur Radiol 22:746–757

	32.	 Clark K, Vendt B, Smith K et al (2013) The Cancer Imaging 
Archive (TCIA): maintaining and operating a public information 
repository. J Digit Imaging 26:1045–1057

	33.	 Novianto S, Suzuki Y, Maeda J (2003) Near optimum estimation 
of local fractal dimension for image segmentation. Pattern Recogn 
Lett 24:365–374

	34.	 Hoang Dinh A, Melodelima C, Souchon R et al (2016) Quantita-
tive analysis of prostate multiparametric MR images for detection 
of aggressive prostate cancer in the peripheral zone: a multiple 
imager study. Radiology 280:117–127

	35.	 Vos EK, Kobus T, Litjens GJ et al (2015) Multiparametric mag-
netic resonance imaging for discriminating low-grade from high-
grade prostate cancer. Invest Radiol 50:490–497

	36.	 Donati OF, Mazaheri Y, Afaq A et al (2014) Prostate cancer 
aggressiveness: assessment with whole-lesion histogram analysis 
of the apparent diffusion coefficient. Radiology 271:143–152

	37.	 Hand DJ, Till RJ (2001) A simple generalisation of the area under 
the ROC curve for multiple class classification problems. Mach 
Learn 45:171–186

	38.	 López-Ratón M, Rodríguez-Álvarez MX, Cadarso-Suárez C, Gude-
Sampedro F (2014) OptimalCutpoints: an R Package for selecting 
optimal cutpoints in diagnostic tests. J Stat Softw 61:1–36

	39.	 Stamey TA, McNeal JE, Yemoto CM, Sigal BM, Johnstone IM 
(1999) Biological determinants of cancer progression in men with 
prostate cancer. JAMA 281:1395–1400

	40.	 Cheng L, Davidson DD, Lin H, Koch MO (2007) Percentage of 
Gleason pattern 4 and 5 predicts survival after radical prostatec-
tomy. Cancer 110:1967–1972

	41.	 Sauter G, Steurer S, Clauditz TS et al (2016) Clinical utility of 
quantitative Gleason grading in prostate biopsies and prostatec-
tomy specimens. Eur Urol 69:592–598

	42.	 Chatterjee A, Bourne RM, Wang S et al (2018) Diagnosis of pros-
tate cancer with noninvasive estimation of prostate tissue compo-
sition by using hybrid multidimensional MR imaging: a feasibility 
study. Radiology 287:864–873

	43.	 Johnston EW, Bonet-Carne E, Ferizi U et al (2019) VERDICT 
MRI for prostate cancer: intracellular volume fraction versus 
apparent diffusion coefficient. Radiology 291:391–397

3246 European Radiology  (2022) 32:3236–3247

1 3



	44.	 Kuhl CK, Bruhn R, Kramer N, Nebelung S, Heidenreich A, 
Schrading S (2017) Abbreviated biparametric prostate MR imag-
ing in men with elevated prostate-specific antigen. Radiology 
285:493–505

	45.	 Waliszewski P, Wagenlehner F, Gattenlohner S, Weidner W 
(2015) On the relationship between tumor structure and com-
plexity of the spatial distribution of cancer cell nuclei: a fractal 
geometrical model of prostate carcinoma. Prostate 75:399–414

	46.	 Waliszewski P (2016) Computer-aided image analysis and fractal 
synthesis in the quantitative evaluation of tumor aggressiveness 
in prostate carcinomas. Front Oncol 6:110

	47.	 Taverna G, Colombo P, Grizzi F et al (2009) Fractal analysis of 
two-dimensional vascularity in primary prostate cancer and sur-
rounding non-tumoral parenchyma. Pathol Res Pract 205:438–444

	48.	 Saidov T, Heneweer C, Kuenen M et al (2016) Fractal dimen-
sion of tumor microvasculature by DCE-US: preliminary study 
in mice. Ultrasound Med Biol 42:2852–2863

	49.	 Lv D, Guo X, Wang X, Zhang J, Fang J (2009) Computerized 
characterization of prostate cancer by fractal analysis in MR 
images. J Magn Reson Imaging 30:161–168

	50.	 Lopes R, Ayache A, Makni N et al (2011) Prostate cancer char-
acterization on MR images using fractal features. Med Phys 
38:83–95

	51.	 Yang M, Zu K, Mucci LA et al (2016) Vascular morphology dif-
ferentiates prostate cancer mortality risk among men with higher 
Gleason grade. Cancer Causes Control 27:1043–1047

	52.	 Furusato M, Wakui S, Sasaki H, Ito K, Ushigome S (1994) 
Tumour angiogenesis in latent prostatic carcinoma. Br J Cancer 
70:1244–1246

	53.	 Michallek F, Huisman H, Hamm B, Elezkurtaj S, Maxeiner 
A, Dewey M (2021) Accuracy of fractal analysis and PIRADS 
assessment of prostate magnetic resonance imaging for prediction 
of cancer grade groups: a clinical validation study. Eur Radiol 
https://doi.org/10.1007/s00330-021-08358-y

	54.	 Barbieri S, Bronnimann M, Boxler S, Vermathen P, Thoeny HC (2017) 
Differentiation of prostate cancer lesions with high and with low Glea-
son score by diffusion-weighted MRI. Eur Radiol 27:1547–1555

	55.	 Boschheidgen M, Schimmoller L, Kasprowski L et al (2021) Arte-
rial spin labelling as a gadolinium-free alternative in the detection 
of prostate cancer. Magn Reson Imaging 80:33–38

	56.	 Kassab GS (2006) Scaling laws of vascular trees: of form and 
function. Am J Physiol Heart Circ Physiol 290:H894-903

	57.	 Langer DL, van der Kwast TH, Evans AJ et al (2008) Intermixed 
normal tissue within prostate cancer: effect on MR imaging meas-
urements of apparent diffusion coefficient and T2–sparse versus 
dense cancers. Radiology 249:900–908

	58.	 Hambrock T, Hoeks C, Hulsbergen-van de Kaa C et al (2012) Pro-
spective assessment of prostate cancer aggressiveness using 3-T 
diffusion-weighted magnetic resonance imaging-guided biopsies 
versus a systematic 10-core transrectal ultrasound prostate biopsy 
cohort. Eur Urol 61:177–184

	59.	 Venderink W, Bomers JG, Overduin CG et al (2020) Multipara-
metric magnetic resonance imaging for the detection of clinically 
significant prostate cancer: what urologists need to know. Part 3: 
targeted biopsy. Eur Urol 77:481–490

Publisher’s note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

3247European Radiology  (2022) 32:3236–3247

1 3


	Prediction of prostate cancer grade using fractal analysis of perfusion MRI: retrospective proof-of-principle study
	Abstract
	Objectives 
	Methods 
	Results 
	Conclusion 
	Key Points 

	Introduction
	Materials and methods
	Investigative steps
	Significance of fractal dimension
	Pathophysiological hypothesis
	Mathematical formulation of perfusion territories
	In silico experiments
	Patients and imaging dataset
	In vivo image processing and fractal analysis
	In vivo ADC measurements
	Statistical analysis

	Results
	Mathematical formulation
	In silico experiments
	In vivo experiments

	Discussion
	Acknowledgements 
	References




