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Abstract

Purpose. Different methods are available to identify haematopoietically active bone marrow (ActBM).
However, their use can be challenging for radiotherapy routine treatments, since they require specific
equipment and dedicated time. A machine learning (ML) approach, based on radiomic features as
inputs to three different classifiers, was applied to computed tomography (CT) images to identify

haematopoietically active bone marrow in anal cancer patients.

Methods. A total of 40 patients was assigned to the construction set (training set + test set). Fluorine-
18-Fluorodeoxyglucose Positron Emission Tomography (*¥FDG-PET) images were used to detect the
active part of the pelvic bone marrow (ActPBM) and stored as ground-truth for three subregions:
iliac, lower pelvis and lumbosacral bone marrow (ActIBM, ActLPBM, ActLSBM). Three parameters
were used for the correspondence analyses between 8FDG-PET and ML classifiers: DICE index,

Precision and Recall.


mailto:christian.fiandra@unito.it

Results. For the 40-patient cohort, median values [min; max] of the Dice index were 0.69 [0.20; 0.84],
0.76 [0.25; 0.89], and 0.36 [0.15; 0.67] for ActIBM, ActLSBM, and ActLPBM, respectively. The
Precision/Recall (P/R) ratio median value for the ActLPBM structure was 0.59 [0.20; 1.84] (over
segmentation), while for the other two subregions the P/R ratio median has values of 1.249 [0.43;

4.15] for ActIBM and 1.093 [0.24; 1.91] for ActLSBM (under segmentation).

Conclusion. A satisfactory degree of overlap compared to 8FDG-PET was found for 2 out of the 3
subregions within pelvic bones. Further optimization and generalization of the process is required

before clinical implementation.

Introduction

The standard of care for patients with squamous cell carcinoma of the anal canal is concurrent
chemo-radiation (RT-CHT), which is a combination of radiotherapy, usually delivered with intensity
modulation, and concurrent 5-fluorouracil and Mitomycin C [1,2]. The acute toxicity associated with
combined modality treatment is non-negligible and may cause unplanned treatment breaks and
reduced treatment intensity, potentially jeopardizing oncological outcomes [3,4]. Hematologic
toxicity (HT) increases the risk of asthenia, bleeding, or infections and may negatively affect patient’s
compliance to treatment [5,6]. Chemotherapy is one of the most important HT triggers as it induces
myelosuppression, but radiotherapy, delivered to circulating blood cells and precursors within bone
marrow (BM), also plays an important role. The observation that the radiation dose received by BM
comprised within the pelvic bones is a predictive factor for HT occurrence prompted researchers to
implement strategies to selectively spare pelvic BM through the accurate identification and
delineation of these areas [7]. This may decrease the probability of developing HT, since in the
average adult population, pelvic bones and lumbar vertebrae make up almost 60% of the total BM.

Although the use of the whole pelvic bones outlined as the outer contour of bony structures on
computed tomography (CT) is the most inclusive method to define BM, other methods have been
developed to identify haematopoietically active BM (ActBM). A widely accepted strategy for the
contouring of active BM volumes has yet to be defined, but several methods have been proposed:
single-photon emission computed tomography (SPECT), '8F-fluorodeoxyglucose-labeled positron-

emission tomography (**FDG-PET) and 3’-deoxy-3’-F-fluorothymidine-labeled positron-emission
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tomography (*®FLT-PET), having potential advantages and drawbacks [8-10]. A commonly used
method for identifying ActBM is *8FDG-PET, frequently prescribed to anal and cervical cancer patients
during diagnosis and staging work up. Nevertheless, it is considered an optional exam by international
guidelines in the diagnostic work-out of anal cancer patients and it is therefore not available for all
patients in daily clinical practice [1].

Magnetic resonance (MR) has also been used for the semi-automatic or fully automatic segmentation
of the active BM based on water-fat MR imaging in gynaecologic cancer patients or on patients who
received spine MRI [11,12]. Although interesting, these methods could be difficult to be introduced
in the routine of radiotherapy treatment as the process of registering images acquired in different
times and positions could be both challenging and time consuming.

Conversely, all anal cancer patients planned to receive radiotherapy undergo a CT scan; hence the
aim of this work is developing a fast and fully automated system based solely on CT images without
the aid of extra imaging.

Because of the exploratory intent of the study and the limited dimension of the data set [13], we
chose a supervised machine learning (ML) approach. Machine learning has been widely used to
automate segmentation at multiple stages of cancer-related medical workflows. With many available
contoured images, ML approaches can aid in segmentation by learning appropriate priors for
structures and organs or image context and tissue appearance for voxel classification [14,15] and
some experiences were also reported on the use of ML algorithms for auto-segmentation starting
from CT images [16,17] and applicable on a broader scale than the segmentation strategy based on

18EDG-PET.

Materials and methods

2.1 Patients’ selection
A total of 40 patients affected with locally advanced squamous cell carcinoma of the anal canal was

enrolled in the present study. All patients underwent radiotherapy treatment at our department.

2.2 Active bone marrow identification
During the staging work-up, ®FDG-PET/CT on a Philips Gemini tomography (Philips Medical System,

Eindhoven, NL) was performed. Data acquisition started 90 min after intravenous injection of



approximately 30 MBqg/kg body weight of '8F-glucose. After a full-body CT scan, PET scans were
acquired for 2.5 min/bed position. 8FDG-PET images pixel spacing was 4 x 4 x 4 mm?3. A dedicated
fusion workstation (Extended Brilliance Workspace 2.0, Philips Medical System, Eindhoven, NL) was
used for PET clinical interpretation. For radiotherapy planning use, all patients undergone a non-
contrast-enhanced CT of the pelvic region, acquired in the supine position with both an indexed
shaped knee rest and ankle support (CIVCO Medical Solutions, Kalona, IA, USA) on a Philips “BigBore”
CT scanner (Philips Medical System, Eindhoven, NL). CT pixel spacing was 0.93 x 0.93 x 3 mm?3. Using
VELOCITY platform (Varian Medical Systems, Palo Alto, CA), planning CT was co-registered with
BEDG-PET images on a rigid registration and the co-registered PET images were then resampled to
match the voxel dimensions of the planning CT to up-sample the lower digital resolution image to the
higher resolution one [18]. Pelvic bone marrow (PBM) was delineated on planning CT as a whole and
then divided in 3 subregions: iliac bone marrow (IBM), lower pelvis bone marrow (LPBM) and
lumbosacral bone marrow (LSBM) [19]. The FDG-PET standardized uptake values (SUVs) within the
PBM volume of all patients were corrected for body weight and considered. ActBM was obtained by
segmenting areas within PBM with SUV values higher than the mean SUV within the pelvic bones and
then dividing them into 3 subregions: ActIBM, ActLPBM, ActLSBM [20]. The remaining PBM was
defined as inactive BM (InActBM).

2.3 Extraction of radiomic features and training set construction

To divide the spongy bone, in which bone marrow is present, from compact bone, a k-means
clustering algorithm with k=2 was used in the planning CT images; then, all the spongy bone was
divided into 5-by-5 regions of interest (ROls) centred in each pixel (one ROI for each pixel of the
spongy bone) and labelled according to the portion of PBM they belonged to (ActBM or InActBM).
Thirty-six radiomic features were extracted for each ROl with home-made code in Matlab software
(version R2021a), importing all RT objects from the standard RT-Dicom format. Four first order
statistical features (mean, standard deviation, skewness, and kurtosis) and 32 statistical features of
the second order (22 regarding the Gray Level Co-occurrence Matrix (GLCM), 5 the Gray Level
Dependence Matrix (GLDM) and the last 5 deriving from the Gray Level Run Length Matrix (GLRLM))
were calculated. All the features were implemented according to Image Biomarker Standardisation
Initiative (IBSI) [21] guidelines.

The 36 radiomic features were extracted for the first ROl and assigned to its central pixel; then the

ROl is moved of one pixel and the next ROl is characterized with the same set of features.
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A dataset was built in the form of a matrix containing in the rows the ROls, and in the columns the 36
features, the three coordinates of the central pixel, the label (ActBM or InActBM), and the patient
identification code.

Three training sets were then constructed, one for each subregion, by randomly extracting, for each
patient, 5 slices belonging to that anatomical region. From each slice, 25 pixels of both ActBM and
InActBM were randomly selected to obtain a balanced training set containing the same number of
ActBM and InActBM ROls; a total of 5000 ROIs from ActBM and 5000 from InActBM were collected
for each training set. With such a process, there was a large amount of available data for each patient
for each subregion also for validation (about 95% of ROIs are not used for training), so it was decided
to evaluate the performance working on the entire dataset, including both training and validation

sets, considering performance evaluation sufficiently unbiased.

2.4 Genetic algorithm and classifiers optimization

Three different ML classifiers were compared in this study: the Decision Tree (DT), the K-Nearest
Neighbours (KNN) and the feedforward artificial Neural Networks (NN).

For each classifier, three different Genetic Algorithms (GAs), one for each anatomical subregion, were
used to simultaneously select the input features and define the classifier parameters [22,23].
Consequently, each solution of the GA was defined as a binary vector made of two subparts: the first
subpart allows the selection of the input features (36 bits, one for each feature; a “1” in a given
position identified a selected feature), while the second subpart selects the classifier parameters (the
number of bits was set according to the number of parameters to be explored for each classifier).
The optimization process was based on a function, called fitness, that quantified the goodness of

each solution and defined as:

fitness =1 —acc + 0.3 * |sens — spec]|

where acc, sens and spec are the values of accuracy, sensitivity, and specificity, respectively, obtained
using a classifier with parameters defined by the second subpart of the solution and fed with the
features selected by the first subpart. Half of the training set (i.e. ROls from the first 20 patients) is
used for the learning phase, while the other half of the training set was used to calculate the

performance. Lower fitness values corresponded to better solutions. The fitness function was



designed so that the selected solutions had high accuracy, but also similar values of sensitivity and
specificity. This prevents to obtain classifiers tending to under-segment or over-segment.

Each GA started from a population of 500 randomly generated solutions, iteratively evolved using a
sequence of selection, crossover, and mutation. During selection, 350 solutions were extracted from
the actual population to be the “parents” of new solutions. The probability of each solution to be
chosen was inversely proportional to its fitness value. The selected solutions were randomly paired,
and each couple was combined to produce two new solutions (crossover with probability (pc) equal
to 1). Finally, a mutation (a O bit was transformed into 1 and vice versa) occurred in the new solutions
with a probability (pm) equal to 0.5. Parents and children were pooled together and a new population
of 500 solutions was randomly selected for the next iteration. This procedure was repeated for 100
iterations, with an additional stop condition to account for performance saturation, stopping the GA
in case of no improvement of the best solution (i.e., the solution with best fitness) after 30
consecutive iterations.

Each classifier was optimized separately for each subregion and 9 best solutions were obtained (3
classifiers x 3 subregions). Figure 1 illustrates the flowchart how the method is designed.

Finally, the information encoded in each best solution, in terms of feature subset and classifier
parameters, were used to construct a classifier able to assign each ROI to InActBM or actBM. Since
the final aim of the system was to classify voxels and each voxel fell in more than one ROI, the majority

voting was used to label each CT voxel as InActBM or actBM.
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Figure 1. Visual representation of the steps in which the method has been divided: a) extraction of thirty-six radiomic
features for each ROI; b) construction of the dataset where the rows are the ROIs, and the columns are the 36 features,
the three coordinates of the central pixel, the label (ActBM or InActBM), and last column the patient identification code.

One training set for each anatomical subregion was created by randomly extracting 5 slices for each patient and 25 pixels
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from each slice, for both ActBM and InActBM. This allows to obtain a balanced training set containing the same number
of ActBM and InActBM ROls, for a total of 5000 ROIs from ActBM and from InActBM; c) for each classifier, three different
Genetic Algorithms (GAs), one for each anatomical subregion, were used to simultaneously select the input features and

to define the classifier parameters.

2.5 Overlapping parameters
Three parameters were used to evaluate the overlap between the ActBM regions identified by the
BEDG-PET (PETActBM) and those detected on CT sequences (CTActBM): Dice index (DSC), recall (R)

and precision (P). They were defined as follow:

PETActBM N CTActBM
PETActBM U CTActBM

PETActBM N CTActBM

DICE index = 2 x

(1)

Recall = (2)
PETACtBM
.. PETACtBM N CTActBM
Precision = (3)
CTACctBM

These parameters range from 0, in case of no overlap between the two masks, to 1 in case of perfect
match between them. Different studies have recommended a DSC of 0.7-0.8 to be considered a good
overlap [24]. The ratio between P and R (P/R) may be used to highlight over-segmentation (P/R<1) or
under-segmentation (P/R>1) tendency. Kruskal-Wallis non-parametric test was used for detecting

differences among the three classifiers in terms of DSC and P/R ratio.

Results

Our cohort (40 patients) included 14 male (35%; average age 64+17 years) and 26 female (65%;
average age 63+10 years) patients.

Figure 2 shows an example of automatic segmentation obtained with DT for ActIBM, ActLSBM and
ActLPBM, respectively, for a patient with a good agreement with ¥FDG-PET contours and for a

different one with lower concordance.
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Figure 2. An example of a comparison between ¥FDG-PET active bone marrow ROI (yellow) and the segmentation of DT

classifier (red) for iliac bone marrow (IBM), lumbosacral bone marrow (LSBM) and lower pelvis bone marrow (LPBM).
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Figure 3. Box plot of the Dice Index and of the ratio Precision/Recall for the three considered classifiers for the 40 patients
of the construction set for the tree subregions; a significant difference was found for the classifier NN compared with

both DT and KNN for the ActLSBM region for DSC as well as P/R ratio.

Figure 3 shows the boxplots of DSC and P/R for the three classifiers for the three pelvis subregions.
The median values of the DSC for ActLPBM for the three classifiers were 0.359 [0.17;067] (DT), 0.383
[0.15;0.65] (KNN) and 0.348 [0.15;0.67] (NN); they are lower than those obtained for the other two
subregions (IBM: 0.7 [0.24;0.83], 0.69 [0.23; 0.84] and 0.68 [0.21;0.83]; LSBM: 0.77 [0.27,0.88], 0.75
[0.27;0.89] and 0.719 [0.25;0.86]). If we take as reference values those of the DT classifier, we can
observe how the P/R median value for the LPBM structure was 0.56 [0.25;1.31] (over segmentation),
while for the others two subregions the P/R median has values of 1.25 [ 0.49; 2.05] for IBM and 1.093
for LSBM [0.27;1.53] (under segmentation).

No significant difference was found among the three classifiers DT, KNN, and NN in terms of DSC
values as well as in terms of P/R ratio values for the two regions ActIBM and ActLPBM; for the region
ActLSBM, however, a significant difference was found for the NN compared with both DT and KNN

(Kruskal-Wallis test p-value<0.05).

Discussion

The dose received by BM within the pelvic bones is a predictive factor for acute HT occurrence during
RT-CHT for squamous cell carcinoma of the anus [7]. Therefore, an accurate identification and
delineation of these regions is required to implement targeted approaches during both treatment
planning and delivery, to effectively spare these structures and potentially reduce the risk of
developing HT [7,8].

Our method attempts to identify and delineate ActBM relying exclusively on CT images implementing
a segmentation tool which uses radiomic features as inputs of ML classifiers [25, 26]. The proposed
experimental approach was then compared with an established segmentation method based on
BEDG-PET images considered as ground truth. The use of CT imaging in studies employing Al-based
approaches is increasing, as reported in Avanzo et al [27], where 12% of survey studies employed CT

images (16% focused on segmentation).

Among the three considered classifiers, the only significant difference was reported for ActLSBM
region with NN underperforming in terms of DSC respect to DT and KNN. Both ActLSBM and ActIBM
9



have an acceptable correspondence between the areas identified by PET and those recognized by
the ML approaches. This is confirmed by the mean DSC values that are around 0.7 for these 2
subregions.

The component of under-segmentation (P/R>1) observed for the ML when compared to *FDG-PET,
can be partially explained by the PET partial-volume effect, that cause a blurring effect, and the
difference in voxel size between CT and PET scans. The average voxel size for our CT dataset was
approximately 1 mm on axial images and 3 mm in the inf-sup direction, while the average voxel
dimension for PET images was 4 mm. This difference may be responsible for the reduction in
correspondence of the BM volumes, and this is particularly evident for the edges of the volumes, in
which PET-based delineation would consistently overestimate the edges of BM, since it relied on a
larger-sized voxel, leading to the under-segmentation emerging for the ML approaches. This voxel
size difference also plays a role for the geometric uncertainties during the rigid co-registration
process.

Conversely, if the percentage of ActBM was below 50% (and this is precisely the case with the LPBM
structure), we can observe a tendency of ML approaches to over-segment (P/R<1) compared to the
ground truth. As previously mentioned, the classification of the CT sequences was achieved using
classifiers capable of identifying ActBM and InactBM voxels for each specific subregion; each classifier
was constructed using a training set of 5000 voxels extracted from all the voxels belonging to that
specific subregion, using the 40 patients enrolled in the study. If there were small active areas in the
considered subregion it could happen that the corresponding actBM voxels were not used for
constructing the training set, since a threshold of 25 pixel of both ActBM and InactBM was set to
include the corresponding slice. This could reduce the ability of the classifier to correctly identify a
specific area in the image and could be particularly cogent for patients that present low percentage
of actBM. At the same time also the spatial resolution of PET may represent a limit when the area of
actBM is smaller.

We have already discussed on how the ActBM can be identified by additional imaging and elaborated
of the fact that this approach is hardly applicable on a large scale; however, Li et al. [28] have
developed a method based on atlases precisely to overcome this problem and more recently,
Yusufaly et al. [29] subsequently gave greater robustness to this method by applying it in a
multicentric context. However, this approach assumes that ActBM distributions follow relatively

predictable, canonical patterns within the whole pelvic bone marrow space. For these reasons, we
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think it can be reasonably useful to develop an alternative method, although still investigational, to
improve accuracy as observed in other districts [30,31].

Further studies on various pixel extraction strategies are recommended before a possible clinical
implementation of such method, including the effects of different segmentation strategies on the
final treatment planning optimization process. Also, to understand the sub-optimal correspondence
of the LPBM district studies are currently underway with both the use of deep learning algorithms for
CT segmentation [32] and the addition of a different imaging technique, such as MR, as reference.
Finally, for a further generalization of the process, it will be necessary to test the robustness of this

approach with a sufficiently large test set completely independent from training.

Conclusion

We investigated the reliability of a ML-based approach to identify active BM within pelvic bones in
anal cancer patients submitted to RT-CHT, by comparing the performance with an established
method based on ®FDG-PET. A better correspondence was found for 2 out of the 3 subregions
evaluated. Both could potentially be identified with ML-based approaches with acceptable

performance, while the discrimination ability of these models was suboptimal for ActLPBM.
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