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Background and purpose: Uncertainty and variability in manual contouring of PET-imaged tumor targets
are well recognized; however, the error patterns associated with it were little known and rarely investi-
gated. The present study is aimed to quantitatively assess the erring patterns inherent to manual delin-
eation of PET-imaged lung lesions in a setting with complete ground truth.
Materials and methods: Images being used for assessment consisted of 26 synthetic PET datasets created
by using the anthropomorphic Zubal phantom in conjunction with the Monte Carlo based SimSET com-
putational package. Each dataset included one PET-positive lesion differing in shape, dimension, uptake
heterogeneity, and anatomical location inside the lung. Target contours were provided by 10 raters and
the contour accuracy was evaluated using 12 metrics from five categories — spatial overlap, pair counting,
information theory, distance, and volume.
Results: In terms of spatial overlap, manual contouring results intersect substantially with the ground
truth whereas tend to oversegment the lesions. Shapes of the segmented tumor volumes are in general
geometrically consistent with the ground truth but lack sensitivity in characterizing topographical
details. No complete consensus could be achieved between manual contours and the ground truth for
any of the given lesions being examined when assessing using pair counting- and informatics-based met-
rics thus indicating an intrinsic stochastic component of manual contouring. Evaluation based on metrics
related to distance and volume demonstrated that it is at the borderline areas between the lesions and
the normal tissues where the majority part of manual delineation errors occurred and the extent of vol-
ume being identified false positively as cancerous by the raters is appreciable.
Conclusion: Quantification of segmentation errors associated with expert manual contouring of PET pos-
itive lesion in the lung reveals general patterns in what otherwise might be thought of as randomness.
Findings from the current study may allow for the formation of new hypotheses towards improving
the accuracy and precision of manual delineation of PET positive tumor targets in the lung.
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Worldwide, lung cancer is the most common malignant tumor,
accounting for 1.69 million new cases in 2015 [1], and remains the
leading cause of cancer-related mortality with a predicted 5-year
survival rate of 8-13% [2]. Histopathologically, lung cancer is
broadly categorized as small cell lung cancer (SCLC) and non-
small cell lung cancer (NSCLC) with the latter constituting
approximately 85% of the cases [3]. '®F-fluorodeoxyglucose posi-
tron emission tomography (FDG-PET) with demonstrated high sen-
sitivity and specificity for tumor detection has become the
standard of care in baseline staging and restaging for both SCLC
and NSCLC, and it has recently also been making inroads into a
number of other key essential components of the clinical

* Corresponding author at: University of Miami School of Medicine, Department
of Radiation Oncology, 1475 NW 12th Ave., Miami, FL 33136, USA.
E-mail address: fei@miami.edu (F. Yang).

https://doi.org/10.1016/j.radonc.2019.08.014
0167-8140/© 2019 Elsevier B.V. All rights reserved.

management of patients with lung cancer ranging from therapy
planning to response assessment and surveillance — and even to
prognosis and prediction of therapeutic outcomes where the
emerging concept of using radiological imaging traits as surrogates
for tumoral phenotypic spatial heterogeneity is advocated [4-7].
Exploiting FDG-PET to its full potentials in these areas of lung can-
cer management lies largely in the extraction or mining, especially
with high levels of fidelity and integrity, of quantitative informa-
tion in relevant to tumoral phenotypic characteristics from the
image data, a process that is clinically appealing yet filled with
many practical challenges.

Amongst the various challenges encountered by quantitative
analysis of PET imaging data, one of the most prominent and lar-
gely inevitable obstacles is the accurate and precise determination
of the tumor volume [8]. Despite numerous efforts being devoted
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towards the development of automatic or semi-automatic
approaches for the segmentation of tumor volume in PET images,
a convincing “solution” has not been reached so far [9,10]. Difficul-
ties posed to these efforts comprise a number of the intrinsic lim-
itations of PET imaging, including but not restricted to the low
signal-to-noise ratio, the poor spatial resolution, the partial volume
effect, the heterogeneous background, and the uneven uptake of
radiotracer within tumors [11,12]. As is in nowadays clinical prac-
tices, manual contouring, albeit known to be labor intensive and
vulnerable to inter-/intra-observer variability, still remains as the
mainstay and is oftentimes regarded to be the “gold standard” in
the vast majority, if not all, of the tumor delineation settings within
the context of quantitative PET imaging [ 13]. Manual contouring as
a tumor segmentation method for lung FDG-PET has been explored
by multiple studies with regard to its inter-/intra-observer vari-
ability and test-retest repeatability [14,15]; however, to the best
our knowledge little work has been done to date to validate its
accuracy as to be a reliable surrogate for volume assessment of
PET-imaged tumors.

In the current study, accuracy of manual delineation of PET pos-
itive targets in the lung was validated against complete ground
truth data for 260 manual drawn contours (10 raters x 26 data-
sets) in terms of five categories of evaluation metrics related,
respectively, to spatial overlap, pair counting, information theory,
distance, and volume to illustrate the various underlying aspects
of the behavior patterns of manual contouring. Erring patterns
associated with manual contouring were assessed individually
and collectively and the implications of the results are discussed
within the context of easing the deployment of quantitative PET
into those aforementioned rapidly advancing domains of the clin-
ical management of lung cancer patients.

Materials and methods

PET simulation

PET image data was generated by aid of an anthropomorphic
thoracic digital phantom. The motivation of using a digital phan-
tom over clinical PET data was that the digital phantom would pro-
vide image data with a known association to the ground truth and
therefore offering the true gold standard for the evaluation of man-
ual contours. Such information, however, would generally be
unobtainable for clinical data. The simulation was conducted by
using the Zubal anthropomorphic phantom [16] as the attenuation
map while employing the Monte Carlo (MC) based Simulation Sys-
tem for Emission Tomography software package (SimSET) [17] for
PET event detection process. This method was published previ-
ously [18,19] and has been utilized in a broad range of PET seg-
mentation studies [20,21,50]. In brief, for any given location
within the phantom an activity index was assigned to approximate
the '8F-FDG accumulation of the spatially corresponding anatomy,
which is either of metabolically active tumors or of normal tissues.
For a complete list of the major organs being incorporated in the
thoracic model along with their activity indices and tissue types
for attenuation please see Table S1 (Supplementary Material I).
The PET system modeled was a Siemens Biograph scanner featur-
ing a pixelated block BGO detector with ring radius of 42.1 cm.
With SimSET, positron range was modeled using the empirical
algorithm developed by Palmer et al. [22]| and photon deviations
from collinearity were modeled by a Gaussian random variable
with mean of 180 degrees and standard deviation of 0.5 degrees
[17]. Compton scatter was simulated by aid of the Klein-Nishina
equations [23], while for coherent scatter interaction probabilities
and scatter angular distributions were calculated based on the
Lawrence Livermore National Laboratories Evaluated Electron
Density Library (LLNL EPDL) database [17]. Random events for each

detector pair were computed based on separate singles simulation
[24]. The emission data produced from the simulations was re-
binned into 128 x 128 sinograms by single-slice re-binning, fol-
lowed with slice-by-slice reconstruction using an ordered subset
expectation maximization (OSEM) algorithm (8 iterations, 4 sub-
sets). Attenuation correction was carried out for each organ with
using a tissue index that corresponds to an attenuation coefficient
specified in the SimSET package. The resulting image slices were
further convolved with a 5mm full width at half maximum
(FWHM) 3D Gaussian filter for noise suppression. The various
aspects of simulation specifics with regard to detector property,
sonogram acquisition, reconstruction algorithm, and post-
processing were chosen to emulate those of the PET scanner and
the imaging protocol for lung cancer of the local facility. The valid-
ity of the described PET imaging simulation process was demon-
strated by comparison of the actually acquired and the simulated
image data in terms of gray-level intensity histogram, intensity
profile, and statistical textures (Supplementary Material I,
Fig. S1-2 and Table S2).

Target contouring

Raters participating in the study consisted of a total of 10 radi-
ation oncology physicians equipped with extensive clinical experi-
ence in contouring PET-imaged lung lesions as part of the radiation
therapy (RT) treatment planning process. Image data provide for
contouring included the simulated PET along with a co-registered
CT of the digital phantom. MIM Maestro® v6.7.11 (MIM Software,
Cleveland, OH) was used as the contouring platform. No specific
instructions were given with regard to the display settings such
as window/level (W/L), thresholding, and pixel representation,
amongst others. Note that only the basic contouring tools of the
MIM Maestro program such as 2D/3D brush, pen, interpolation,
and smoothing were allowed for use while advanced techniques
of the program such as segmentation based on atlas, region grow-
ing, and PET edge etc. were prohibited. Furthermore, the study was
carried out in a double-blind fashion to guard against potential
biases, i.e., the raters were not able to view the work from one
another and the rater identities were kept anonymous to the
investigators.

Quantitative evaluation

Manual contours delineated by the raters (M) were evaluated
by reference to their respective ground truth data (G) in terms of
12 accuracy metrics. These metrics were sub-divided into five
groups using spatial overlap, pair counting, information theory,
distance, and volume as categorical descriptors (Table 1). Starting
with spatial overlap, four metrics including Dice coefficient
(DICE), false negative Dice (FND), false positive Dice (FPD), and glo-
bal consistency error (GCOERR) were considered. DICE can be seen
as the percentage of spatial overlap between M and G [25]. FND
lays emphasis on under-segmentation while FPD highlights over-
segmentation of M with respect to G [26]. GCOERR measures the
extent to which M can be viewed as a refinement of G by quantify-
ing the consistency error at each voxel [27]. The second category
consisted of pair counting based metrics featuring the Rand index
(RNDIND) and the adjusted Rand index (ADJRIND). Both RNDIND
and ADJRIND measure the agreement between M and G by means
of counting corrected segmented pairs of voxels while the latter
being adjusted for chance [28,29]. RNDIND can have a value
between 0 to 1, with O indicating that M and G do not agree on
labeling any pair of voxels and 1 indicating that the two match
identically on all pairs of voxels. ADJIND has a range of [-1, 1], with
an expected value of 0 for random segmentation and 1 for perfect
agreement while negative values indicate worse than blindly
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Table 1
Quantitative metrics used for accuracy evaluation of manual contours along with
their values for ideal segmentation.

Category Metric Value for ideal
segmentation
Spatial Dice (DICE) 1
Overlap
False Negative Dice (FND) 0
False Positive Dice (FPD) 0
Global Consistency Error (GCOERR) 0
Pair Counting Rand Index (RNDIND) 1
Adjusted Rand Index (ADJRIND) 1
Information Normalized Mutual Information 1
Theory (NMUTINF)
Normalized Variation of Information 0
(NVARINFO)
Distance Symmetric Mean Absolute Surface 0
Distance (SMASD)
Average Hausdorff Distance (AHDST) 0
Mahalanobis Distance (MDST) 0
Volume Absolute volumetric difference (AVD) 0

guessing. Quantitative metrics of the third category were based on
information theory, including normalized mutual information
(NMUTINF) and normalized variation of information (NVARINFO).
NMUTINF quantifies the relative extent to which the uncertainty
of M is reduced given G is known while NVARINFO assesses the rel-
ative information alteration resulting from the geometric transi-
tion from M to G [30,31]. Together an NMUTINF of 1 and
NVARINFO of 0 indicate a complete agreement. Three metrics con-
taining symmetric mean absolute surface distance (SMASD) and
average Hausdorff distance (AHDST) together with Mahalanobis
distance (MDST) were employed to quantify spatial distance differ-
ence between M and G. SMASD estimates the average distance over
which the surfaces of M and G differ spatially; AHDST inspects the
average Hausdorff distance over all voxels and takes either the
mean Hausdorff distance from M to G or from G to M, whichever
is greater; and MDST gives consideration to the spatial correlation
between voxels in M and G [32,33]. The three distance metrics all
evaluate to O for perfect segmentation. The final category con-
cerned the extent to which M deviates from G in volumes through
using absolute volumetric difference (AVD) that evaluates the
absolute fractional volumetric difference between M and G [12].
For more detailed descriptions of these accuracy measuring met-
rics, please refer to Supplementary Material IL.

Besides assessing the delineation performance of each rater
with respect to the ground truth data, contour results for a given
lesion from the different raters were pooled together via voxel-
wise majority voting to establish consensus contour in the interest
of assessing if a consensus among the raters would be more accu-
rate. Furthermore, variability in contouring accuracy among the
raters was examined for dependency on the shape and heterogene-
ity of the lesions. Variability in segmentation accuracy metrics
among the raters for a given lesion was quantified by coefficient
of variation (CV). Shape irregularity of the lesions was depicted
by the shape complexity index while radiologically revealed
heterogeneity of the lesions was characterized with the use of
three categories of radiomics parameters related to gray-level
intensity histograms (GLIH), gray-level size zone matrices
(GLSZM), and gray-level co-occurrence matrices (GLCM) with spa-
tial scale emphasis of each being on global, regional, and local,
respectively. A detailed description of the shape complexity index
and radiomics parameters being employed is provided in Supple-
mentary Material I1I. Additionally, manual contours were also mea-
sured for agreement in terms of various accuracy metrics through

using the Williams’ index (WI) [34]. For each measuring metric,
three agreement scenarios are possible and would result in the
value of WI: (i) greater than 1 when manual contours are more
similar to the ground truth than to each other; (ii) equal or close
to 1 when manual contours are as similar to each other as they
are to the ground truth; (iii) less than 1 when manual contours
are more similar to each other than each is to the ground truth.

Statistical analysis

Statistical analysis was performed using JMP Pro® Version 12
(SAS Institute Inc., Cary, NC) statistical software. Associations,
including those between the segmentation accuracy metrics and
those between the segmentation accuracy metrics and the lesion
volume along with those between the variability in contouring
accuracy among the raters and the shape or heterogeneity of the
lesion, were examined through the use of Kendall's rank correla-
tion coefficient tau (7) [35]. Correlations were considered weak if
[t] <0.40, moderate if 0.40 <|t|<0.60, relatively strong if
0.60 < |t] < 0.80, and strong if 0.80 < |t| [19]. P-values were deter-
mined for each correlation coefficient to assess the statistical sig-
nificance with the null hypothesis being that the correlation
coefficients did not differ significantly from zero. Differences in
segmentation accuracy metrics between raters and between
lesions were examined by the Kruskal-Wallis H omnibus test —
the null hypothesis being that the distribution of the accuracy met-
ric was the same in all raters or for all lesions — and significant
results were further subjected to post hoc rank tested using the
Dunn’s pairwise test with Bonferroni adjustment for multiple com-
parisons [36,37]. For all statistical analyses, p-values of 0.05 or
lower were considered statistically significant.

Fig. 1. Synthetic PET images showing simulated lesions and the variability in
contouring among raters.
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Results
A total of 26 synthetic PET dataset were generated. Each dataset
contained a different PET-positive lesion which was situated either

within the lungs or adjacent to the mediastinum or to the chest
wall. These lesions featured irregular shapes and heterogeneous
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Fig. 2. Boxplots comparing segmentation accuracy metrics between raters for the simulated PET lesions. On each box, the central mark indicates the median, and the top and
bottom edges of the box indicate the 25th and 75th percentiles, respectively. The whiskers are 1.5x the inter-quartile range, and values outside these are plotted individually.
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Fig. 1 with the manual contours from the raters overlaid. The sim-
ulated image data were appraised by nuclear medicine and radia-
tion oncology professionals that read and interpret lung PET
images on routine basis as being visually indistinguishable from
clinical PET data.

Boxplots illustrating contouring performance of the raters as
measured by the accuracy metrics are shown in Fig. 2, from which
it can be readily observed that the distribution patterns of the
examined accuracy metrics differed greatly between the raters in
terms of central tendency, spread, skewness, and tail length among
other distribution statistics. DICE between M and G of the 10 raters
had means ranging from 0.828 to 0.895, indicating partial while
substantial overlap between contours by the raters and the ground
truth data for the lesions being examined. Mean values of FND
between M and G ranged from 0.014 to 0.055, showing that there
was only very limited amount of lesion volume being missed out
by manual contouring. The range of mean FPD between M and G
of the raters spanned from 0.156 to 0.328, demonstrating there
existed nonnegligible amounts of abutting normal tissues were
perceived by manual contouring as cancerous and revealing the
tendency of the raters’ inclination towards oversegmentation of
the targets. With maximum GCOERR of all raters being less than
0.006, it would be rational to say that M and G are overall geomet-
rically consistent except that the latter features finer levels of topo-
graphical details. Considering minimum RNDIND of the raters
being no less than 0.993 while mean ADJIND of all raters ranging
from 0.826 to 0.894 for the examined lesions, it would be reason-
able to infer that, although manual contours agreed in general with
the ground truth, no complete consensus could be achieved
between the two for any of the given lesions being investigated
and also suggesting that the manual contouring process is some-
what stochastic in nature. With NMUTINF of the raters averaging
from 0.830 to 0.881 and NVARINFO averaging from 0.368 to 0.593
for the examined lesions, there appeared to be an evident gap
between M and G in terms of information measures. This echoes
what pair counting based metrics implied, which is the presence
of a certain amount of randomness being involved in the manual
contouring. Given SMASD of the raters averaging from 0.342 to
0.570 voxel while worst case scenario approaching as much as
3.177 voxels for the examined lesions, it would be fair to say that
the spatial extent to which manually defined tumoral surfaces dif-
fered from their corresponding ground truth surfaces are on aver-
age less than one voxel size whereas could reach multi-voxel
extent in certain cases. AHDST exhibited results highly similar to
those of SMASD, with averages between 0.129 to 0.260 voxel and
worst case scenario as large as 2.001 voxel. MDST of the raters
had means ranging from 0.102 to 0.162 and maxima ranging from
0.305 to 0.734 for the examined lesions, showing that the distance
difference between M and G was mitigated with spatial correlation
of the two being taken into consideration. Volume differences
between M and G as measured by AVD were associated with means
ranging from 0.148 to 0.392 among the raters whereas could be as
great as 0.930 in some cases, resonating with what the results of
FPD metric demonstrated, i.e., the amounts of abutting normal tis-
sues being false positively identified as cancerous is non-trivial.

Boxplots comparing segmentation accuracy between consensus
and individual contours of the raters as a function of the lesions are
shown in Fig. S3 (Supplementary Material [V), from which it can be
readily appreciated that consensus contour in overall outper-
formed the majority of the individual contours, even though to
varying degrees dependent on the lesions and accuracy metrics.
Fig. 3 presents a heatmap that indicates the degree of correspon-
dence between the segmentation accuracy metrics along with their
association with the lesion volume as being examined by the
Kendall’s rank correlation coefficients (t). Across all the accuracy
metric pairs, strong correlations (7 > 0.80) emerged within 9 pairs

while 7 pairs born relatively strong correlations (0.60 < T < 0.80).
As to the association with lesion volume, all accuracy metrics
showed weak correlations (|t| < 0.40) except for GCOERR and
RNDIND that demonstrated moderate correlation with the lesion
volume with 7 of 0.58 and —0.55, respectively. Kendall’s rank cor-
relation coefficients (7) between CV of the accuracy metrics among
the raters and image features depicting shape irregularity and
activity heterogeneity of the lesions are summarized in Table S3
(Supplementary Material V), from which it can be observed that
variability of the accuracy metrics, in general, depended only
weakly (|t] <0.40) on image features except for the CVs of
RNDIND and END that correlated moderately to 8 and 2 of the fea-
tures (0.40 < |7| < 0.60), respectively.

Kruskal-Wallis H omnibus test demonstrated that 9 out of the
12 investigated segmentation accuracy metrics distributed differ-
ently across the raters while all of them distributed differently
across the lesions. Rater pairs and lesion pairs revealed by the
Dunn'’s pairwise test as being significantly different in their distri-
bution of segmentation accuracy metrics are illustrated in Fig. 4
and Fig. S4 (Supplementary Material VI), respectively. As can be
seen from these figures, either the rater pair or the lesion pairs
that exhibited significant difference in contouring accuracy is lar-
gely measuring metric dependent and may vary greatly from one
metric to another. Whether manual contours of the raters are
more similar to each other or more similar to the ground truth
was examined in terms of the investigated accuracy metrics by
aid of WI. Estimated distribution of WI with respect to the ground
truth for each of the metrics is presented in Fig. 5, from which it
can be appreciated that manual contours of the raters are as sim-
ilar to each other as they are to the ground truth across all the
examined metrics except for FPD and AVD (WI > 1) as regards
which manual contours are more similar to the ground truth
and for FND (WI < 1) as to which they are more similar to each
other.

Discussion

Accurate tumor target identification is of essential significance
for quantitative analysis of oncological FDG-PET imaging data for
lung cancer. It influences multifarious key aspects of RT clinical
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Fig. 4. Rater pairs with significant (in red) or nonsignificant (in teal) difference per Bonferroni adjusted Dunn’s multiple comparison test for segmentation accuracy metrics

rendering statistically significant results in regard to Kruskal-Wallis H omnibus test.

management of lung cancer. As to treatment planning, accurate
and precise treatment target volume definition is of paramount
importance in achieving dose escalation to viable malignant
tumors while sparing a maximum amount of surrounding health
tissue from undesirable radiation [38-40]. With respect to treat-
ment response assessment and surveillance, metabolic tumor bur-
den quantification using total lesion glycolysis makes it imperative
for accurate and reliable delineation of FDG-PET imaged tumor
lesions [41-43]. Furthermore, accurate knowledge on tumor
boundaries is also of crucial relevance and cannot be overstated
enough for quantitative PET imaging and radiomics analysis in
lung cancer, wherein image content within tumor lesions is con-
verted to a mineable high-dimensional form that aims at charac-
terizing intratumoral heterogeneity and may potentially hold
promise in the development of prognostic and predictive models
seeking to relate radiological imaging ques to tumoral phenotypic

or even to genotypic signatures thus allowing personalized and
adaptive care of lung cancer in RT [44-46].

The present study aimed to validate the accuracy of manual
contouring for PET positive tumor targets in the lung within the
context of complete known ground truth. Although different raters
demonstrated distinct conceptions of the ideal boundaries separat-
ing cancerous lesions from adjacent normal tissues during manu-
ally contouring of PET positive target volumes, there are several
clear and consistent trends that emerged from the accuracy evalu-
ation of manual contouring results with respect to the ground
truth data: firstly, the extent to which manual contours overlap
with their respective ground truth is substantial on average
whereas not sufficient enough to ensure manual contouring a reli-
able and accurate surrogate for the volume determination of PET-
imaged tumor targets. Secondly, manual contouring in general
tends to inadvertently identify an appreciable amount of adjacent
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all raters.

normal tissue to be cancerous and this oftentimes dominates over
the magnitude of the false negatives it brings about, i.e., regions
where diseases do exist are erroneously ignored, hence resulting
in overestimated tumor volumes as compared to the actual ones.
Thirdly, though being capable of retaining the gross dimensions
and overall geometrical shapes of the actual tumor lesions manual
contouring is evidently associated with the incompetence of cap-
turing fine morphological details of the actual tumors. Further-
more, alongside clinical judgement and reasoning there is also a
certain amount of “guesswork” being involved in the manual con-
touring process, as is evidenced by the pair counting and informat-
ics measures, and this occurs most likely primarily over weighing
up the belongings of obscured borderline areas between the nor-
mal tissues and the cancerous lesions.

Quantitative metrics used for segmentation accuracy assess-
ment in the current study consisted of a total of 12 well-
established agreement measures, with categories related respec-
tively to spatial overlap, pair counting, information theory, dis-
tance, and volume. Pairwise Kendall’s rank correlation analysis
shows that out of the 66 pairs of accuracy metrics 9 pairs were
associated with strong correlation at statistically significant levels
while the rest 57 pairs were correlated with varying degrees in the
strength ranging from relatively strong through moderate to weak
(Fig. 3 first to second-to-last rows from the top). Metrics such as
GCOERR and RNDIND considering true negatives as part of their
agreement evaluation are biased against the ratio between the seg-
mented volume and the complement volume used for evaluation,
thus giving rise to segmentation with large volume being penalized
whereas those with small volume being rewarded. This is evident
from the bottom portion of the heatmap as shown in Fig. 3, where
it can be seen that moderate correlation existed between these
metrics and the tumor volume. With regards measuring accuracy,
although the majority of the metrics indicated manual contours are
as similar to each other as they are to the ground truth, there do
exist exceptions, such as FND in terms of which manual contouring
results are more similar to each other together with FPD and AVD
in terms of which manual results are more similar to the ground
truth than to each other. These observations demonstrate that dif-
ferent measuring metrics may well lead to different impressions
about the accuracy of the exact same delineation results.

There are several immediate implications from the current
study for the RT clinical management of patients with lung cancer
that are worthy of mention. Firstly, the observed general trend of
raters toward overestimation of tumor extent in PET when added

on top of various margins applied during RT treatment planning
would lead to further increase in treatment volume and thereby
potentially posing an undue risk of augmented toxicity to the adja-
cent normal tissues. Reduction of the treatment margins to account
for this biased tendency of manual contouring would therefore be
advisable when formulating treatment plans for lung cancer from
PET-based target volumes. Additionally, the current study calls
for prudence with respect to using manual contouring results, even
consensus of multiple experts, as the surrogate gold standards for
volume determination of PET positive lesions in the lung at least.
Automatic segmentation of PET imaged lesions has been of contin-
uous interest since the deployment of PET scanners for clinical use
especially along with recent advances in image processing tech-
nics. To date there has been a wide array of algorithms being pro-
posed toward this end. In regard to performance evaluation and
result validation, a certain amount of them referred to manual con-
touring data as “gold standard” [9,10,13,47,48]. Caution is there-
fore advised when adopting any of these methods towards
clinical use. Furthermore, the current study showed that different
accuracy measuring metrics evaluate the goodness of the segmen-
tation from different perspectives and may likely lead to different
conclusions regarding how well manual derived contours are rela-
tive to their ground truth. The correct use of measuring metrics for
segmentation accuracy evaluation have been recognized previ-
ously and led to several studies investigating how to choose appro-
priate accuracy assessment metrics for a given segmentation task
[49]. The current study, besides in line with previous studies on
the selection of evaluating metrics for general segmentation tasks,
further unveils what is peculiar to accuracy assessment of PET-
based target delineation, namely, the imperative of considering
measuring metrics capable of characterizing the distinct bias pat-
terns of manual contouring as is identified by the study. Finally,
but probably most importantly, it is the consideration of whether
there is scope to improve the accuracy of manual contouring of
PET positive targets. One possibility would be to utilize the syn-
thetic PET datasets to construct error-compensating models with
taking into consideration the erring patterns of manual contouring
as is highlighted in the study. Specifically on how to develop and
implement models of such types warrants further investigation.
One limitation of the current study is that the co-registered CT data
provided to the raters during contouring corresponded to the dig-
ital phantom being used for PET simulation and hence was radio-
graphic lesion-free. This, though offering the functionality of
anatomical visualization and localization, differed to some extent
from the actual clinical contouring settings as in which presenta-
tion and characteristics of the lesions on CT are available and
accessible to the raters. The lack of furnishing this information to
the raters for contouring of the current study may affect the clini-
cal translation of the presented findings. To determine specifically
in what way and exactly to what extent this limitation of the study
plays out for the various erring patterns being identified warrants
further investigation. However, for a considerable number of clin-
ical scenarios in lung cancer management wherein PET plays a
direct role in determining disease extent such as those with lesions
adjacent to the mediastinum, atelectasis, etc. or like cases with
free-breathing CT the results of the current study are clinically rel-
evant and immediately applicable.

Conclusion

Quantification of segmentation errors associated with manual
contouring of PET positive tumor targets in the lung reveals gen-
eral patterns in what otherwise might be thought of as random-
ness. It calls for caution in assuming expert manual contouring a
reliable surrogate for volumetric assessment of PET-imaged tumor
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lesions. Findings from the current study may allow for the forma-
tion of new hypotheses towards improving the accuracy and preci-
sion of manual delineation of PET positive tumor targets in the
lung.
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