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Abstract
Purpose: To determine the heterogeneity of glucose uptake applying fractal analysis on positron
emission tomography/computed tomography (PET/CT) with 2-deoxy-2-[18F]fluoro-D-glucose
([18F]FDG) images in patients with non-small cell lung carcinoma (NSCLC) before surgery, and
to assess whether this heterogeneity was associated with disease-free survival (DFS).
Procedures: [18F]FDG PET/CT scans of 113 patients’ prior surgery were retrospectively revised.
PET DICOM images were analyzed for fractal geometry using a ad hoc software to automatically
determine the following indexes: (a) mean intensity value (MIV), (b) standard deviation (SD), (c)
relative dispersion (RD), (d) three-dimensional (3D) histogram of the fractal dimension (3D HIST
FR DIM), and (e) fractal dimension in 3D (3D-FD). All the fractal indexes were subsequently
compared with metabolic parameters and disease-free survival (DFS).
Results: We found a significant correlation between 3D-FD and SUVmax, SUVmean, MTV, and
TLG. Additionally, positive correlations between MIV, SD, and all metabolic parameters were
also detected. Patients with high 3D-FD tumor (≥ 1.62) showed significantly higher values of
SUVmax, SUVmean, MTV, and TLG than those with lower 3D-FD. In univariate analysis,
median 3D-FD and median TLG were significantly associated with DFS (p = 0.04 and p = 0.03,
respectively). These findings were confirmed on log-rank test. On multivariate analysis, among
age, stage disease, histotype, 3D-FD, and metabolic parameters, only 3D-FD was identified as
independent prognostic factor for DFS (p = 0.032; HR 0.418, 95 % CI 0.189–0.926). 3D-FD was
different between adenocarcinoma and squamous cell carcinoma (1.60 versus 1.88, p = 0.014),
and 3D-FD value was found higher in advanced stage disease.
Conclusions: Metabolic heterogeneity determined applying fractal principles on PET images can
be considered as a novel imaging biomarker for survival in patients with NSCLC.
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Introduction
Lung cancer represents the first cause of cancer-related
death, despite continuous progresses in diagnosis and

therapy. Non-small cell lung carcinoma (NSCLC) accounts
for 80–85 % of all cases of lung cancer [1]. One of the main
issues with lung cancer is related to the absence of pain or
symptoms complained by patients, so that early diagnosis
appears tough. This explains why almost half of the patients
present with locally advanced or metastatic disease atCorrespondence to: Egesta Lopci; e-mail: egesta.lopci@humanitas.it;
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diagnosis, having an estimated overall 5-year survival rate of
18 % [1, 2]. Therefore, the development of more-effective
diagnostic, therapeutic, and surveillance tools is needed and
should represent the goal for the future lung cancer research.

In the last years, positron emission tomography/x-ray
computed tomography (PET/CT) with 2-deoxy-2-
[18F]fluoro-D-glucose ([18F]FDG) has gained a primary role
in the lung cancer management. Combining anatomical
localization and morphological information with metabolic
data, [18F]FDG PET/CT can detect pulmonary lesions with a
high sensitivity (94 %) and specificity (83 %) [3–5].
Maximum standardized uptake value (SUVmax) is a
metabolic parameter that reflects the highest degree of
FDG uptake. However, its distribution within the tumor is
not homogenous due to the presence of necrosis, angiogen-
esis, hypoxia, and proliferative phenomena [6]. Recent
studies have demonstrated that heterogeneous glucose
metabolism measured on [18F]FDG PET/CT images is
associated with the clinical outcome of various types of
cancer. As a consequence, the assessment of tumor
heterogeneity by imaging could help characterize structural
heterogeneity and provide prognostic information [7–9].

In biology, as well as in oncology, we are often presented
with the complexity of cellular systems, which classical
Euclidean geometry cannot explain [10]. Fractal analysis is a
non-compartment model that can be applied to digital
images in order to estimate their heterogeneity and com-
plexity, expressed by a non-integer number, named fractal
dimension (FD) [11, 12]. In other papers, it has been
demonstrated that mean FD varies according to differentia-
tion grade (i.e., G1-G3) of endometriod endometrial adeno-
carcinoma [13], whereas bone metastases from renal, breast
and lung tumors had multifractal parameters significantly
different for all three considered groups, providing an aid for
clinicians in case of primitive occult tumors [14]. To date,
few investigators have examined the association between FD
applied on PET/CT images and lung tumors [15–17].
Therefore, it is reasonable to explore FD along with
Btraditional^ [18F]FDG PET/CT parameters in order to
obtain additional information that might improve the clinical
decision process.

In this study, we aimed to determine the heterogeneity of
glucose uptake applying fractal analysis on [18F]FDG PET/
CT images in patients with non-small cell lung carcinoma
(NSCLC) before surgery, and to assess whether this feature
was associated with disease-free survival (DFS).

Materials and Methods
Patient Population

This retrospective study was conducted with the approval of
the local Ethics Committee of our Institution and according
to the Helsinki Declaration, and informed consent was
obtained from all patients. We designed a retrospective
analysis of all patients referred to our institution for surgical

resection of NSCLC. From October 2010 to March 2017,
113 patients (77 male, 36 female; median age 70 years,
range 44–90 years) were revised. Inclusion criteria com-
prised age older than 18 years, histopathological proven
NSCLC, and staging [18F]FDG PET/CT performed at our
institution before surgery. The baseline epidemiologic and
clinical characteristics of the study population are shown in
Table 1.

[18F]FDG PET/CT

PET/CT scans were performed according to standard
procedures [18]. All patients fasted for at least 6 h before
intravenous injection of [18F]FDG (250–500 MBq), and
scanning began 60 min later. [18F]FDG PET/CT images
were acquired with two hybrid scanners: Siemens Biograph
LSO (Siemens Erlangen; Munich, Germany) and Discovery
690 (General Electric Healthcare; Waukesha, Wisconsin,
USA). The scanners used in this study are accredited by the
EANM Research Ltd. (EARL) program, and the image
analysis was carried out using standardized acquisitions
[18]. All PET images were attenuation corrected (CT
120 kV, 30 mA). Iterative image reconstruction was based
on the ordered subsets expectation maximization (OSEM)
algorithm with 6 iterations and 12 subsets. Reconstructed
images were then displayed on a GE ADW4.6 workstation
(GE Healthcare, Waukesha, Wisconsin, USA) and
interpreted by experienced nuclear medicine physicians.

Table 1. Main patients’ characteristics

No (%)

Age median [range] 70 [44–90]
Gender
Male 77 (68.1)
Female 36 (31.9)
Smoking history

Yes 46 (40.7)
No 21 (18.6)
Former 46 (40.7)

TNM (8th edition)
pT stage
1 31 (27.4)
2 49 (43.4)
3 27 (23.9)
4 6 (5.3)
pN negative 71 (62.8)
pN positive 42 (37.2)

Cancer stage
IA-IB 47 (41.6)
IIA-IIB 38 (33.6)
IIIA-IIIB 28 (24.8)

Histology
ADC 79 (69.9)
SCC 34 (30.1)

Surgery 75 (66.4)
Surgery + chemotherapy 23 (20.4)
Surgery + radiation therapy 5 (4.4)
Surgery + chemo- and radiation therapy 10 (8.8)

ADC, adenocarcinoma; SCC, squamous cell carcinoma
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Tumor masses were identified as areas of increased
[18F]FDG uptake in relation to normal lung parenchyma or
other mediastinal structures. Tumor burden was calculated
with three-dimensional volumes of interest (VOIs) drawn on
the tumor-related activity volume by applying a percentage
threshold of 42 %: maximum standardized uptake value
(SUVmax) and SUVmean were defined as the highest pixel
value and the mean uptake, respectively. Volumetric
parameters included metabolic tumor volume (MTV),
estimated from VOI SUV isoactivity contours automatically
drawn using a fixed threshold (42 % SUVmax), and total
lesion glycolysis (TLG), calculated as SUVmean× MTV.

Fractal Analysis

DICOM data retrieved from PET/CT scans were analyzed
using a ad hoc computer-aided image analysis system
(SWI Analyzer, Rozzano, Milan, Italy). The software
(Fig. 1) automatically evaluates the following parameters:
(a) mean intensity value (MIV), which defines the average
gray values within the ROI. This is the sum of the gray
values of all the pixels in the selection divided by the
number of pixels, (b) standard deviation (SD), as a
measure of the amount of variation or dispersion of the
set of gray-levels within the ROI, (c) relative dispersion
obtained by the ratio between the SD and the MIV of the
gray-levels within the ROI, (d) 3D histogram fractal
dimension (3D HIST FR DIM) as an estimate of the FD
(i.e. grade of irregularity) of the histogram that identifies
the gray-levels distribution within the ROI. The software
generates the histogram using the quantity of pixels of
specific gray-level as previously shown by Lopci, et al. [9],
and (e) 3D fractal dimension (3D-FD), which defines the
FD of the ROI 3D surface.

Two-dimensional (2D) and 3D-FDs were automatically
estimated applying the box-counting algorithm, which uses
the following equation:

D ¼ lim
ε→0

logN εð Þ
log

1

ε

� �

where D is the box-counting FD of the object, ε is the side
length of the 2D-box or 3D-box, and N(ε) is the smallest
number of boxes of side ε required to cover the surface or
the outline of the object completely. Fractal dimensions
were estimated as D = d, where d is the gradient of the
graph of log [N(ε)] against log 1/ε. The diagrams were
then plotted and the linear correlation lines were identified
using least squares regression method; their slopes were
quantified using an Biterative resistant line method^ [19]
(Fig. 2).

Statistical Analysis

All variables were correlated with each other and to
disease outcome expressed in terms of disease-free survival
(DFS) over a median follow-up of 25.8 months. DFS was
defined as the time from surgery until relapse, death, or the
last visit where the patient was alive without recurrence.
For survival analysis, we used the median values of
metabolic and fractal parameters as the cut-off values.
Relationships between FD and metabolic parameters were
evaluated using Spearman’s correlation analysis. For the
univariate and multivariate analyses of survival, Cox’s
proportional hazard model was employed and the log-rank
test with Kaplan–Meier analysis. The independent t test
and Kruskal-Wallis test were used when appropriate.

Fig. 1. a The computer-aided and fractal-based image analysis system automatically recognizes each ROI of the tumor lesion
defined on the PET consecutive image level and b reconstructs the intra-tumoral heterogeneity as the sum of the gray-levels of
all sequential image levels. c Subsequently, the software estimates three-dimensional fractal surface dimension, represented as
a mesh, by applying the three-dimensional box-counting algorithm. The final obtained result is a fractional number, comprising
between the Euclidean dimensions of two and three based on the spatial surface complexity.
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Differences between groups were compared by analysis of
variance (ANOVA), when appropriate. All statistical
analyses were carried out using the Statistical Package for
Social Sciences, version 22.0, for Windows (SPSS,
Chicago, IL), and p values G 0.05 were considered to be
statistically significant.

Results
Histopathological examination diagnosed 79 lung adenocar-
cinomas (ADCs) and 34 squamous cell carcinomas (SCCs).
Eighty-five patients were early stage (I and II), while 28
were locally advanced stage (III). Twenty-three patients
underwent to adjuvant chemotherapy, five to radiation
therapy after surgery, while 10 patients performed both
chemotherapy and radiation therapy. The remnant patients
(75/113) underwent directly to surgery and without further
treatments. All evaluated tumor lesions were positive at
[18F]FDG PET/CT. The values of metabolic and fractal
parameters derived from lung malignancies on DICOM
images are depicted in Table 2.

Fractal Geometry-Based Analysis and [18F]FDG
PET/CT

Spearman’s rank correlation analysis was performed with
[18F]FDG PET/CT metabolic parameters. Significantly
positive correlations were found between 3D-FD and
SUVmax (rho = 0.708, p G 0.001), SUVmean (rho = 0.671,

Fig. 2. a Dimension is a numerical attribute of an object that does not depend on its process of generation, and has been
defined in two ways. The first is the topological or Euclidean dimension, which assigns an integer to every point or set of
points in Euclidean space (E): 0 to a point (defined as that which has no part); 1 to a straight line (defined as a length without
thickness), 2 to a plane surface (defined as having length and thickness, but no depth); and 3 to three-dimensional figures (a
volume defined by length, thickness and depth). The second who attributed a real number to every natural object in E lying
between the topological dimensions 0 and 3. b Fractal dimension has been estimated using the box-counting algorithm.
Briefly, the method counts the number of boxes of length ε required to cover the surface or the outline of an irregularly-
shaped object being measured, indicated as N(ε). c Prototypical curve is obtained that highlights the so-called Bfractal
windows^ ranged by box size ε1 and ε2, and represents the appropriate region in which to estimate the dimension. Box
sizes of more than ε2 approach the size of the image until one box covers it completely, at which point N(ε) = 1 and the
slope = 0. Box sizes smaller than ε1 approach the resolution of the image: in this region, box counting simply gives the area
of the image.

Table 2. Descriptive statistics of [18F]FDG PET/CT parameters

Parameters Median Minimum Maximum

SUVmax 11.1 2.2 39.4
SUVmean 6.2 1.5 13
MTV (ml) 8.3 1 365.4
TLG 56.6 1.6 3152.4
3D-FD 1.62 1.03 2.31
3D HIST FR DIM 0.2 0.03 2.38
MIV 155.1 10 209.8
SD 35 0 80.2
RD 0.3 0 0.96

SUV, standardized uptake value; MTV, metabolic tumor volume; TLG, total
lesion glycolysis; MIV, mean intensity value; SD, standard deviation; RD,
relative dispersion; 3D HIST FR DIM, 3D histogram of the fractal
dimension; 3D-FD fractal dimension in 3D
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p G 0.001), MTV (rho = 0.928, p G 0.001), and TLG (rho =
0.934, p G 0.001). Positive correlations between MIV, SD,
and all metabolic parameters were also found (Table 3).
Patients with high median 3D-FD (≥ 1.62) tumors showed
higher values of SUVmax (16.9 versus 7.9, p G 0.001),
SUVmean (8.5 versus 4.7, p G 0.001), MTV (53.6 versus
4.4, p G 0.001), and TLG (491.9 versus 21.6, p G 0.001).
Furthermore, tumors with high median MIV (≥ 155.1) were
associated with higher values of SUVmean, as well those
with high median SD (≥ 35) with both SUVmax and
SUVmean. No significant differences were found for RD
and 3D HIST FR DIM parameters.

Univariate and Multivariate Analysis for DFS

On univariate analysis, median 3D-FD and median TLG
resulted significantly associated with DFS (p = 0.04 and
0.03, respectively), while the median fractal geometry-
based of other parameters and metabolic parameters
including SUVmax, SUVmean, and MTV did not. These
results were also confirmed by Kaplan–Meier analysis,
where patients with low median 3D-FD (G 1.62) showed
better DFS than those with higher median 3D-FD (DFS
50.1 versus 34.1 months, p = 0.036) (Fig. 3). Patients with
low median TLG had a better DFS than those with greater
TLG (DFS 58.3 versus 39.3 months, p = 0.041), while
other parameters did not show a significant association
with DFS. On multivariate analysis, only the median 3D-
FD was found as independent prognostic factor for DFS
(p = 0.032; HR 0.179, 95 % CI 0.038–0.834). Univariate
and multivariate analyses for DFS are summarized in
Table 4.

Two representative cases of patients with different 3D-FD
values and outcomes are shown in Fig. 4.

Fractal Geometry-Based Analysis and Clinical
Parameters

We found a significant difference (p = 0.014) between
median 3D-FD values in ADCs and SSCs [1.44 (1.03–
1.61) versus 1.94 (1.62–2.31)], respectively. While Kaplan-

Meier curves show a trend for ADC patients to have a better
DFS compared to SCC patients, the log-rank test revealed no
statistical significance between the survival rates (p = 0.116)
(Fig. 5). All other considered parameters (MIV, SD, RD, and
3D HIS FR DIM) showed no statistically significant
difference between the two histotypes. Furthermore, accord-
ing to disease stage, we found a statistically significant
difference of 3D-FD, with higher 3D-FD values in the
advanced stages (p = 0.011). On the other hand, no signif-
icant results were found for the remnant fractal parameters.

Discussion
Every biologic system, from macroscopic to sub-cellular
objects, is characterized by irregularity in shape. While
classical Euclidean geometry are not able to quantity such
irregularity, fractal geometry has found a large application in
numerous scientific sectors [19]. In general terms, four
properties characterize a fractal object, as follows: (a) the
irregularity of its shape; (b) the self-similarity of its
structure; (c) its non-integer value or FD; and (d) scaling,
which means that the measurement of its proprieties depends
on the scale adopted. The most evident properties of any
anatomical form are the irregularity of their shapes or the
distribution patterns of a set of forms, which are substan-
tially different from smooth Euclidean figures. Self-
similarity can be geometrical or statistical. The first is
defined when even the smaller piece of the object is an exact
representation of the whole object, exemplified by the
‘snowflake’ of Niels Fabian Helge von Koch [19]. In
contrast, statistical self-similarity also called Bself-affinity^
concerns biological, including anatomical entities. In fact,
the components are rarely identical copies of the entire
system [12, 19]. Taking advantages by this knowledge, we
have developed a computer-aided fractal-based method
capable to automatically estimate the tumor heterogeneity
of [18F]FDG PET/CT DICOM images taken from a series of
NSCLC patients.

To the best of our knowledge, this is the first study aimed
to evaluate spatial fractal analysis on [18F]FDG PET/CT
images to predict the prognosis of patients with NSCLC
prior to surgery.

Table 3. Spearman’s rho values obtained during the rank correlation analysis between semi-quantitative metabolic and fractal parameters

SUVmax SUVmean MTV TLG 3D FD MIV SD

SUVmax
SUVmean 0.963*
MTV 0.684* 0.621*
TLG 0.819* 0.776* 0.973*
3D FD 0.708* 0.671* 0.928* 0.934*
MIV 0.342* 0.386* 0.236* 0.301* 0.354*
SD 0.407* 0.399* 0.395* 0.430* 0.304* − 0.140 (ns)

SUV, standardized uptake value; MTV, metabolic tumor volume; TLG, total lesion glycolysis; MIV, mean intensity value; SD, standard deviation; RD, relative
dispersion; 3D HIST FR DIM, 3D histogram of the fractal dimension; 3D-FD fractal dimension in 3D; ns, non-significant
*Significant correlation (p G 0.05)
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Besides metabolic parameters extracted by [18F]FDG
PET/CT images, we adopted in addition a non-
compartmental method to extrapolate fractal indices that
represent tissue heterogeneity. FD has been estimated
applying the box-counting algorithm [20]. It is known that
whole-body PET/CT indices, including SUVmax,
SUVmean, TLG, and MTV, might partially represent the
total tumor heterogeneity. For example, SUVmax expresses
the most biologically aggressive area, but it does not indicate
its distribution within the tumor; moreover, malignant
lesions with comparable metabolic values but different
outcomes (Fig. 2) can be observed, highlighting the
complexity and heterogeneity of tumoral lesions, which

cannot be assessed when the Bclassical^ PET/CT parameters
are applied [21].

Tumor heterogeneity, however, can be a novel independent
biomarker for cancer patients. It represents an estimate of the
[18F]FDG uptake and distribution pattern. Several researchers
have reported the tumor structural heterogeneity as an
important factor for the prediction of cancer progression. It is
hypothesized that various factors, including vascularization,
hypoxia, cancer microenvironment, or necrosis determine the
tumor heterogeneity, progression, development of distant
metastases or resistance to therapies [22–29].

In our study, 3D-FD was found statistically correlated with
[18F]FDG PET/CT parameters, i.e. SUVmax (r = 0.708),
SUVmean (r = 0.671), MTV (r = 0.928) and TLG (r = 0.934).
Additionally, MIV and SD were correlated with the same
metabolic parameters (Table 3). These high correlations values
between fractal indices and metabolic parameters agree with
previous studies in NSCLC and multiple myeloma patients,
although in these studies FD was calculated for the time-
activity data and not for spatial data [16, 30]. Dimitrakopoulou-
Strauss, et al. [16] performed a double-tracer PET/CT study
with [18F]FDG and fluorine-18-fluoromisonidazole in patients
with advanced NSCLC scheduled for radiation therapy and
found a high correlation between FD and various SUV
parameters, for both radiotracers. The same group demon-
strated a statistically significant correlation with SUVaverage
both in [18F]FDG as well as in sodium [18F]fluoride PET/CT
examinations. Since both FD of the time-activity data and
SUVs were enhanced in malignancies, they suggested that the
application of non-compartment derived parameters could aid
in evaluating complicated oncological differential diagnoses
[30]. Additionally, by applying compartmental and non-
compartmental analysis the shape of the tracer time activity
curve (i.e. a set of continuous dynamical points) can be
estimated by its fractal dimension and, therefore, additional
valuable information concerning the influx and efflux of
[18F]FDG, as well as phosphorylation and dephosphorylation
rate can be obtained [31].

In the prediction of prognosis, we found that at the
multivariate analysis 3D-FD is an independent predictive
factor for DFS in resectable NSCLC patients. This result is
consistent with other studies, which demonstrated that
Bstructural complexity^ is associated with a poor prognosis
in lung, sarcoma and esophageal cancer [32–34]. High 3D-
FD on [18F]FDG PET/CT images might reflect an aggressive
biology of the tumor, since malignant tumors include a
mixture of functionally distinct cell populations with
completely different behaviors.

Moreover, our study shows that 3D-FD may be used to
differentiate between ADCs and SCCs, as ADCs have a
lower 3D-FD. Lee et al. [35] has shown that FD was helpful
in differentiating those two most common lung cancer
histotypes on digitally imaged samples of resected NSCLC
tumors but not on [18F]FDG PET/CT images.

Based on our results, we can hypothesize that 3D-FD
depends on the histopathological features. Tumor

Fig. 3. In Kaplan–Meier analysis, low median 3D-FD was
associated with favorable DFS.

Table 4. Univariate and multivariate analyses of tumor parameters for DFS

Variable Hazard ratio 95 % IC p value

Univariate
Age 1.003 0.962–1.046 0.88
T stage 1.210 0.843–1.736 0.30
N stage negative vs positive 0.942 0.508–1.746 0.85
Cancer stage 1.083 0.871–1.346 0.47
ADC vs SCC 1.603 0.842–3.054 0.15
Median SUVmax G 11.1 vs ≥ 11.1 1.868 0.978–3.569 0.06
Median SUVmean G 6.2 vs ≥ 6.2 0.626 0.328–1.195 0.16
Median MTV G 8.3 vs ≥ 8.3 0.636 0.342–1.185 0.15
Median TLG G 56.6 vs ≥ 56.6 0.439 0.214–0.903 0.03*
Median 3D FD G 1.62 vs ≥ 1.62 0.513 0.272–0.967 0.04*
Median MIV G 155.1 vs ≥ 155.1 0.718 0.384–1.342 0.29
Median SD G 35 vs ≥ 35 0.807 0.436–1.493 0.49
Median RD G 0.3 vs ≥ 0.3 1.211 0.648–2.261 0.55
Median 3D HIS FR DIM
G 0.2 vs ≥ 0.2

0.952 0.510–1.777 0.88

Multivariate
3D FD G 1.62 vs ≥ 1.62 0.179 0.038–0.834 0.03*

ADC, adenocarcinoma; SCC, squamous cell carcinoma; SUV, standardized
uptake value; MTV, metabolic tumor volume; TLG, total lesion glycolysis;
MIV, mean intensity value; SD, standard deviation; RD, relative dispersion;
3D HIST FR DIM, 3D histogram of the fractal dimension; 3D-FD, fractal
dimension in 3D. *p G 0.05
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heterogeneity, expressed by 3D-FD of NSCLC PET images,
can be a potential biomarker capable to categorize NSCLCs
in ADCs and SCCs subtypes. This aspect may be of primary
importance in the patient’s management, as 3D-FD is
obtained using a computer-aided image analysis system
totally independent by the operator. 3D-FD might also be
useful in the development of new and more sophisticate
algorithms for the digital assessment of cancer morphology.
We also found higher 3D-FD values in advanced disease
stages, which may be correlated with more aggressive
behavior, worse response to treatment, and definitively,
worse prognosis as demonstrated in other solid and non-

solid tumors [32, 36–39]. This feature might find its utility
in patients with stage IV disease where lung surgery cannot
be performed. Previously, fractal geometry was applied to
differentiate malignant from benign pulmonary nodules [15].
Apparently, in contrast to our results, Miwa et al. found that
FD was lower for malignant lesions compared to benign
pulmonary nodules, although they did not take into account
histological types or inflammatory conditions.

This study has, however, two limitations. First, it is a
retrospective analysis based on a single center dataset.
Secondly, we evaluated the heterogeneity of the primary
tumor, but not in the involved lymph nodes.

Conclusions
In this study, the intra-tumoral heterogeneity of [18F]FDG
PET/CT images as represented by 3D-FD can be a useful
prognostic biomarker for DFS in patients with NSCLC,
independently by clinical markers. By combining metabolic
parameters and fractal geometry from [18F]FDG PET/CT
images, we might provide clinically relevant information and
important insights for patient’s management.
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Fig. 4. Two patients with lung cancer, both pT2 N0 M0. SUVmax were almost the same (about 17) for both patients, but 3D-
FD was 1.60 (a) and 1.88 (b), respectively. Patient (a) had a disease-free survival of 48 months. Patient (b) a disease-free
survival of 12 months.

Fig. 5. Kaplan–Meier curves show a longer DFS for patients
with ADCs, although log-rank test was not significant.
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