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We present a novel segmentation algorithm for dynamic PET studies that groups pixels according to the similarity of

68 OTA peptides (DOTANOC, 

ed after manual delineation of 

Methods: Sixteen mice bearing a human tumor cell line xenograft (CH 157MN) were imaged with three different Ga D
DOTATATE, DOTATOC) using a small animal PET CT scanner. Regional activities (input function and tumor) were obtain
g; Open Source

regions of interest over the image. The algorithm was implemented under the jClustering framework and used to extract the same regional activities as in 
ar method. A Kruskal Wallis test was used to investigate 

 for the same tracer across different segmentation 
o tracers (DOTANOC DOTATATE, p¼0.020; DOTANOC 

 is pre sented and validated in rodent studies. It 
eliable substitute for this task and, potentially, for 
Keywords: Dynamic PET; Functional segmentation; Kinetic modeling; Clusterin

the manual approach. The volume of distribution in the tumor was computed using the Logan line
significant differences between the manually and automatically obtained volumes of distribution.
Results: The algorithm successfully segmented all the studies. No significant differences were found
methods. Manual delineation revealed significant differ ences between DOTANOC and the other tw
DOTATOC, p¼0.033). Similar differences were found using the leader follower algorithm.
Conclusion: An open implementation of a novel segmentation method for dynamic PET studies
successfully replicated the manual results obtained in small animal studies, thus making it a r
other dynamic segmentation procedures.
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the previously mentioned techniques is a fundamental step for the
adequate quantification of dynamic study results [14,40,44,8].

Typically, extraction of IDIF involves manual delineation of the
relevant structures over the image, which is a user dependent and
time consuming process [36,41]. During recent years, a number of
automatic or semi automatic segmentation approaches have been
proposed in the literature [11,13,17 19,22,23,3,6 8]. Several of
these methods require a priori knowledge of the number of
regions with homogeneous activity into which the image should
be partitioned; a classic example is the k means clustering algo
rithm [10].

However, in most cases, this knowledge does not exist. In the
case of PET, it is common to have several regions whose TACs are
not homogeneous owing to contamination from a mixture of the
activities of surrounding structures. Therefore, it makes sense to
design a clustering approach that divides the image into as many
regions with similar kinetic behavior as needed using a similarity
metric to establish the threshold for creating a new division. This
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from different spatial locations if they have similar kinetic
behavior.

In the particular case of dynamic PET studies, two different
tissues or organs may have similar TAC shapes but different
activity levels. It is therefore interesting to build clusters with
voxels that are not only similar in shape but also in amplitude. For
this reason, we modified the classic leader follower algorithm by
including additional steps to account for amplitude differences
without disregarding shape similarity, as follows:

1. Sort all the voxels in the image by comparing the amplitude.
The ones with the greatest maximum amplitude are
processed first.

2. Set a similarity metric and a threshold. In this case, the cosine
metric is used, which is defined as

simðv; cÞ ¼ cos θ¼ vUc
j jvj j U j j cj j ð1:1Þ
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o given vectors. Its values are
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2.2. Experimental protocol

Sixteen male nude NU/NU mic
animals were purchased from Cha
maintained at a constant tempera
light/dark cycle and permitted fre
laboratory chow and water. All ex
were conducted in conformity



Council Directive 2010/63/EU and approved by the Ethics Com
mittee for Animal Experimentation of our institution.

1.5 �106 CH 157MN human tumor cells was injected in both
mouse flanks. Imaging was performed 7 21 days after tumor cell
inoculation using a small animal PET CT scanner (ARGUS PET CT,
SEDECAL, Madrid). Scans were obtained under anesthesia with
isoflurane (3% induction and 1.5% maintenance in 100% O2). Three
different 68Ga DOTA peptides (referred to in this paper as DOTA
NOC, DOTATATE and DOTATOC) were injected into the tail vein
(mean activity 11.47 MBq, range 9.25 20.35 MBq). Selection of the
tracer, day and mouse was randomized. A total of 24 images were
acquired, since a mouse could be injected with more than one
tracer on more than one day.

2.3. Image acquisition and manual segmentation

Tracer injections were followed by a 90 min dynamic PET
study. Dynamic data were reformatted into 112 time frames
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2.5. Quantification

In order to contrast both methods (automatic and manual), we
directly compared the post processed volumes of distribution
after the kinetic analysis and not the TACs obtained, because TACs
that are apparently similar may yield very different volume of
distribution values. The volume of distribution was obtained for
both the manual and the computer assisted segmentations using
the Logan plot [20]. The model was resolved using the traceRki
netic modeling library ([24]). t* time was automatically chosen so
that a o10% error was obtained for the linear regression. This
criterion is the same as that applied in other kinetic analysis tools,
such as PMOD [4].

2.6. Statistical analysis

Paired Wilcoxon rank sum tests were used to determine whe
ther the segmentations provided by the algorithm yielded results
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tracers DOTANOC and DOTATOC, found manually and with the
leader follower algorithm, was not statistically significant. More
results from the k mean segmentation can be found in Supple
mentary Material File 2.

4. Discussion

In this paper, we present a novel segmentation algorithm based
on a leader follower approach that, instead of setting a final
number of clusters, creates as many clusters as needed depending
on a similarity threshold set by the user. In our tests, the algorithm
successfully extracted the TACs for the relevant tissues or regions
when the threshold was above a certain critical value, and the
results were comparable with those obtained in [37]. Images with
lower injected radioactivity, which tend to be more affected by
noise, were separated into more clusters for the same threshold
value. This approach ensures the basic assumption of kinetic
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provides a result that does not change for each run. It has to be
noted that the result might not be the optimal one, even in the
manual case. Our rationale is that the comparison against manual
segmentation helps to test the algorithm in a real world envir
onment. This validation approach shows that the algorithm is a
viable substitute for manual tasks. This finding is also supported
by the results of applying this algorithm to a set of simulated data
(see Supplementary material File 1), which shows excellent results
in recovering the original TACs at least as well as manual
segmentation.

We showed that the algorithm was stable with respect to the
TACs obtained after applying the algorithm, we confirmed that the
algorithm is stable: the variation of the threshold value does not
cause significant changes in the volume of distribution for each
tracer (Fig. 5), since the differences between the tracers and the
sign of those differences are maintained. As this threshold value is
increased, the variability of the volume of distribution decreases.
We hypothesize that this is due to the reduction in the region size

shold is increased (Fig. 2(b)).
eases owing to partial volume
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Fig. 1. Three frames from two different mice (left and right) acquired for this study.
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imposed by the algorithm. This same effect also applies to TACs
heavily affected by noise: in low activity studies, noise can distort
the activity signal to the point of making the algorithm create a
new cluster for the regions with the lowest activities.

While the manually segmented regions and the ones obtained
using the algorithm tended to overlap (Fig. 5), they are not iden
tical. Some of the segmented tumors show internal heterogeneity,
that is, they are often divided into high uptake and low uptake

regions, probably because of necrosis. As the tumor ROIs were
drawn manually over the CT image, where they appear homo
geneous, the functional differences observed were not taken into
account, and in some cases, necrotic tissue, which is usually pre
sent in the center of the tumor region, was included. This higher
sensitivity of the algorithm may account for the slightly higher
overall volume of distribution (Table 2), as the tumor TAC was
extracted using only the high uptake areas. This manual

Fig. 2. (a) Clustering results for one of the mouse studies analyzed here (threshold 0.6, three different views for the same plane: axial, coronal, sagittal). The regions
belonging to the input function and the tumor were selected and are the only ones shown here; the kidneys were also added to the final composition to show that the
algorithm is able to segment different organs. (b) Effects of increasing the threshold value in the definition of the input function region (same region as in Fig. 2(a)). As
expected, as the threshold is increased, the cluster tends to concentrate in the center of the region, while the edges, which are heavily affected by spillover, form their own
clusters; those clusters can be discarded. (c) Detail of the tumor region affected by spillover from surrounding tissues. The window/level settings of the image have been
adjusted to clearly visualize the tumor region; surrounding clusters are shown in white, although they do not necessarily form a single connected region.

Fig. 3. Example of TACs obtained with the automatic method and the manual method. The input function comparison figure (left) clearly shows that the automatic input
function presents smaller noise levels than the manually obtained one. Tumor TACs remain very similar, with virtually no differences between them.

Table 1
Total computation time (s) and number of clusters formed for each threshold. Values are shown as mean7standard deviation (median). Values are not rounded even though
fractional clusters are not possible; this is a purely numerical result. When a high number of clusters are formed, many contain a very small amount of voxels owing to noise;
given that the user interface presents the clusters by size (largest first), the relevant ones will always be among the first to be inspected by the user.

Threshold 0.6 Threshold 0.7 Threshold 0.8

Time (s) 18.174.8 (17.8) 26.3718.2 (22.2) 67.6792.9 (34.61)
# of clusters 149.57143.9 (102.5) 611.27820.8 (297) 2255.972476.1 (1375.5)
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segmentation error is shared among the different tracers, and its
overall effect can be disregarded if the final objective is to evaluate
which tracer has the greatest uptake in the tumor tissue. However,
it is important to consider when the quantification measurements
need a precise result that accounts faithfully for the volume of
distribution in the active tumor; in this respect, the same regions
of interest could have been drawn using the summed PET image.
Furthermore, it is common practice to obtain the IF from a very
small region to minimize the influence of spillover. In that respect,
when the segmentation process aims to extract the TAC for each
tissue, region overlap is not as useful for purposes of comparison
as the results of the kinetic analysis.

The comparison against k means showed that the present
algorithmwas more precise when separating the different regions,
even though the number of clusters chosen for this comparison
was reasonably high (150). Several factors may account for these
changes, although we hypothesize that this might be due to the
region growing approach (starting from high amplitude seed
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Our study has a number of limitations. The algorithm does not
include any partial volume or spillover correction logic, such as the
geometric transfer matrix algorithm (Olivier G [33]); however, this
is not the primary purpose of the algorithm, which is intended to
replicate the results obtained from manual segmentation. Since
our small animal studies did not use blood sampling, the volume
of distribution values are potentially biased. However, the valida
tion process has been used to show that both the manual and the
computer assisted segmentation approaches yield TACs that lead
to equivalent results. In addition, although for this particular
application we found no differences in the threshold values used
to segment the image, a successful segmentation may not have
held true for other applications or for other quantification
analyses.

The similarity threshold may take arbitrary values and, even if
its mathematical significance is clear, the practical result is subject
to a process of trial and error, as the final number of clusters
depends on several factors, including image noise. In any case, as
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