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ABSTRACT

Objective: To determine the degree of tumor aggressiveness by means of artificial intelligence techniques using magnetic reso-
nance images of sarcomas with proven histological grade. Materials and Methods: Two independent cohorts of patients with soft
tissue sarcomas (STS) were retrospectively collected. For each patient in the two cohorts, three types of imaging sequences were
acquired as indicated by the clinical protocols: T1-weighted (T1), fat-suppressed T2-weighted (FST2) and STIR. For the develop-
ment of the artificial intelligence model, 134 images were used, both high-grade and low-grade T1 and T2 images, taking the most
representative image of the tumor at any slice. This translated into more than 36 million pixels that were analyzed by the Landing Al
program. Results: To determine the degree of tumor aggressiveness by means of artificial intelligence techniques using magnetic
resonance The model’s average accuracy was 84.3%, and its sensitivity was 73.3%, with a confidence threshold of 0.66, indicating
that a good quality model was generated for predicting the grade of aggressiveness of an STS prior to biopsy using MRI scans.
Conclusions: A novel approach is presented to address a rare pathology using artificial intelligence techniques to determine the
tumor grade based on nuclear magnetic resonance images. Based on the results of our model, it can be considered as a second
expert opinion when performing imaging studies prior to biopsy.

Keywords: Soft tissue sarcoma; artificial intelligence; histological grade; deep learning; automated machine learning; machine
vision.
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Determinacion del grado de agresividad tumoral mediante técnicas de inteligencia artificial aplicadas
a imagenes de resonancia magnética

RESUMEN

Objetivo: Determinar el grado de agresividad tumoral mediante técnicas de inteligencia artificial utilizando imagenes de reso-
nancia magnética de sarcomas con grado histolégico comprobado. Materiales y Métodos: Dos cohortes retrospectivas inde-
pendientes de pacientes con sarcomas de partes blandas. Para cada paciente de las dos cohortes se adquirieron tres tipos de
secuencias de imagenes como indican los protocolos clinicos: potenciadas en T1, en T2 con supresion grasa (T2FS) y STIR. A fin
de desarrollar el modelo de inteligencia artificial, se utilizaron 134 imagenes, tanto las de alto grado como las de bajo grado, en
T1y T2 tomando la imagen mas representativa del tumor en cualquier corte. Esto se traduce en 36 millones de pixeles que seran
analizados por el programa Landing Al. Resultados: La precision promedio del modelo fue del 84,3% y la sensibilidad, del 73,3%,
con un umbral de confianza de 0,66, lo que demuestra inicialmente que se obtuvo un modelo de buena calidad para predecir con
imagenes de resonancia magnética el grado de agresividad de un sarcoma de partes blandas antes de la biopsia. Conclusiones:
Se presenta un enfoque novedoso para abordar un tipo de enfermedad infrecuente usando técnicas de inteligencia artificial para
determinar el grado tumoral en imagenes de resonancia magnética. Segun los resultados de nuestro modelo, se lo puede consi-
derar como una segunda opinidn experta al realizar los estudios por imagenes antes de la biopsia.
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INTRODUCTION

60 years ago, John McCarthy originally defined artificial intelligence (AI) as “the science and engineering to
make intelligent machines”, and he predicted that these machines would one day be capable of performing feats
that were previously thought to be the exclusive domain of human intelligence, such as advanced problem solv-
ing.! Jerrold S. Maxmen, professor of psychiatry at Columbia University, predicted that AI would bring with it
the “post-medical era” for the 21 century, describing change as “possible, inevitable and desirable.””

Computer vision is a function of Al through which machine learning techniques and complex neural networks
can be applied to allow computers to capture, analyze and interpret information from clinical images, using
algorithms that are trained to make classifications and predictions based on patterns provided by the data.’ In
the field of Orthopedics and Traumatology, the use of these techniques is expanding rapidly. Computer vision
has made significant progress in the analysis of medical images in a variety of modalities commonly used in
orthopedics, including radiography, computed tomography and magnetic resonance imaging (MRI). Automated
machine learning (AutoML) is of great help to do this. In this case, we refer to the process of automating an ac-
tion by applying common machine learning to solve real problems.* The high degree of automation in AutoML
allows those who are not experts in Al to make use of machine learning models without the need for advanced
experience in that field.’

Soft tissue sarcomas (STS) represent a rare and heterogeneous disease that comprises 1% of all malignant
tumors in adults. In 2019, about 13,500 people were diagnosed with STS in the United States.® They encompass
at least 100 different histological and molecular subtypes, and each subtype shows a variable clinical behavior.’
Rare cases, together with the heterogeneity of the disease and its complex treatment, highlight the importance
of the interdisciplinary management of these injuries, involving teams specialized in diagnostic imaging, patho-
logical anatomy, radiation therapy, oncologists and orthopedic surgeons with experience in the management of
STS.

When faced with a patient with STS, decision-making regarding the optimal treatment of the tumor depends,
to a large extent, on the size and location of the STS, and on the outcome of the pathological anatomy study that
evaluates the aggressiveness of the tumor.

Currently, the system we use to classify the histological grade of STS is the one proposed by the French Fé-
dération Nationale des Centres de Lutte Contre le Cancer (FNCLCC) of France. The FNCLCC system evaluates
only three parameters: tumor differentiation, mitotic index and amount of tumor necrosis (Table 1).8

The grade of the tumor is the most important factor in making the best therapeutic decision. The biopsy of the
lesion is essential to determine the degree and establish the diagnosis with certainty. By analyzing MRI images
and using Al techniques based on deep learning, it is possible to propose an alternative way of determining the
degree of aggressiveness of STSs.

The objective of this study was to classify STSs, in a non-invasive way, into: low-grade (G1) and high-grade
(G2/G3) using MRI images of sarcomas with histological grade proven by AutoML.

MATERIALS AND METHODS

Two independent retrospective cohorts of patients were formed. The inclusion criteria were: STS with proven
histological grade with available information on the classification of tumors from the FNCLCC. The exclusion
criteria were: MRI artifacts, previous radiation therapy, primary bone sarcoma or Ewing sarcoma.

The first cohort consisted of the publicly available The Cancer Image Archive (TCIA) dataset. This dataset
contains computed/positron emission tomography images with fluorine-18-fluorodeoxyglucose and MRI (T1-
weighted, T2-weighted with fat suppression [T2FS]) of 51 patients with histologically proven soft-tissue sarco-
mas in the extremities. All had undergone computed tomography/positron emission explorations with fluorine-
18-fluorodeoxyglucose and MRI before treatment, between November 2004 and November 2011. In addition,
the dataset contains the demographic data of all the patients analyzed.

The second cohort included images from the Private Center for Safe Orthopedics and Traumatology database.
In this case, images were taken of 22 patients with STS with a proven histological grade, operated between 2020
and 2022.
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Table 1. Degree of malignancy of soft tissue sarcomas

Parameter Criterion

Tumor differentiation

1 point The sarcoma closely resembles normal adult mesenchymal tissue

2 points The histological type of sarcoma is defined

3 points Embryonic or dedifferentiated sarcomas, synovial sarcoma and sarcoma of the uncertain type
Mitotic Index

1 point 0-9 by 10 high-power fields

2 points 10-19 by 10 high-power fields

3 points >20 by 10 high-power fields

Tumor necrosis

1 point No necrosis
2 points <50%
3 points >50%

Tumor grade

Grade 1: Low Total points 2,3
Grade 2: Intermediate Total points 4,5
Grade 3: High Total points 6,7, 8

Score from 1 to 3 depending on the degree of tumor differentiation, the mitotic index and the percentage of tumor necrosis. A total minimum value <3 indicates
low grade; between 3 and 6, intermediate grade; and >6, high grade.

In each patient of the two cohorts, three types of image sequences used as indicated by clinical protocols were
acquired: T1-weighted, T2FS and STIR, which allows the signal of certain elements or tissues to be suppressed in
a specific way (fat, water). The T1 sequences were acquired in the axial plane, while the T2FS and STIR sequences
were taken in different orientations (axial, sagittal and coronal). In addition, the slice thickness was 5.5 mm for
the T1-weighted sequence and 5 mm for the T2FS sequence. The in-plane resolution was 0.63 mm?; 0.74 mm? and
0.86 mm? for the T2FS, T1 and STIR sequences, respectively.” From each complete MRI study of the patient, the
most representative image was extracted in T1 and T2, this was the image where the largest diameter of the tumor
was observed.

In total, 37 images of high-grade sarcomas were obtained in the T1 sequence and 37 images in the T2 sequence.
For intermediate-grade sarcomas, 15 images were obtained in the T1 sequence and 15 images in the T2 sequence.
The images of low-grade sarcomas were 20 for both the T1 sequence and the T2 sequence.

Grade 2 injuries have an uncertain prognosis and are therefore not useful for decision-making.'® Taking into ac-
count that both high-grade and intermediate-grade sarcomas have similar pre-surgical and post-surgical develop-
ment, prognosis, and treatment, for the purposes of this project, high-grade and intermediate-grade sarcomas were
unified in the same dataset, leaving low-grade sarcomas separately.!!

The analysis of the evaluated patients was performed using Google Colab using the Python language with
the Numpy, Pandas, Matplotlib and Seaborn libraries to graph the results obtained. The implementation of the
project’s predictive model was carried out with the Landing Lens tool, an Al platform on the Landing.ai website.
Before the data training stage, data augmentation techniques were used to increase the number of images to be
analyzed. In this case, the image size was changed to a height of 1000 and a width of 1000 pixels. As an augmenta-
tion technique, a horizontal and vertical flip was performed with a 0.5 probability of being applied to each image.
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The lesions in the MRI images were manually classified as high or low grade, with red indicating high-grade
lesions and light blue indicating low-grade lesions.

Assessment

We discuss the most significant metrics to consider when evaluating the performance of a machine learning
model in the context of a binary classification.'?

Confusion matrix: it is used to have a more complete view when evaluating the performance of a model. It is a
tool that allows the visualization of the performance of an algorithm, in this case, the analysis of millions of pixels
that the model uses to learn.

Precision: The ratio of correct predictions with a test dataset. It is the ratio between the number of correct predic-
tions and the total number of input examples. Practically speaking, it is the percentage of positive cases detected.

Recall: It is the proportion of positive cases that were correctly identified by the algorithm. It is represented as
the fraction of true positives. It is also known as the true positive rate.

Precision and recall by confidence threshold: the model will decide whether the classification is high-grade or
low-grade if the value returned by the model exceeds a decision threshold. If we increase this value, we will be
increasing precision and, conversely, if we decrease it, we increase recall.

RESULTS

The first analysis was carried out on the distribution of the population and the disease. The average age in both
groups was 54.82 years (+ 16.98) (range 16-83). The distribution of the population by sex was similar (female
gender 52.9%, male gender 47.1% [Z-statistic: 0.594, p 0.552]).

Figure 1 details the cases analyzed according to the pathological analysis result.

| 11

B Undifferentiated pleomorphic sarcoma
I Liposarcoma
I Leiomyosarcoma
Sarcoma sinovial
B Extraskeletal osteosarcoma
B Other
B Fibrosarcoma

Figure 1. Distribution of cases according to the results of the pathology study.
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Figures 2 and 3 show the distribution of the degree of aggressiveness of each type of tumor, as well as the distri-
bution of the grade according to its location.

A .

Undifferentiated pleomorphic sarcoma
Liposarcoma D
Leiomyosarcoma
Synovial sarcoma
Extraskeletal osteosarcoma
Other
Fibrosarcoma
0 5 9 14

BHigh grade ™ Intermediate grade ™ Low grade

B
High grade
Intermediate grade
Low grade
0 8 15 23 30

Figure 2. Distribution of soft-tissue sarcomas according to the degree of aggressiveness and their location.

Left thigh '
Right glute
Left leg
Right hip
Left knee
Right parascapular region
Left glute
Left forearm
Left popliteal fossa
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Figure 3. Distribution of lesions according to their location.

18

Rev Asoc Argent Ortop Traumatol 2023; 88 (6): 653-661 * ISSN 1852-7434 (online)



F. Segura et al.

In a second analysis, to develop the Al model, 134 images available in the dataset were used, both high-grade
and low-grade, and in T1 and T2 sequences according to the image study performed, taking the most representative
image of the tumor in any section (Figure 4).

ERE=nET

C

Figure 4. A. Labeling of images of high-grade (red) and low-grade (light blue) soft-tissue sarcomas. B. Labeling of high-
grade injuries (red). This process must be done meticulously without marking the image outside of the tumor, as it can alter
the final results. C. The same procedure for low-grade injuries (light blue).
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The lesions were properly and meticulously labeled by ‘coloring’ them within the edges, because neural net-
works assess images based on the pixels assigned. Therefore, an incorrect marking of injuries can alter the final
results.

Of the total, 95 were used as training samples (70.9%); 26 (19.4%), as validation images and 13, as test images
(9.7%) for both groups of patients (Figure 5).

Labels Media Split Distribution

95 70.9%

High grade Low grade

Dev 26 19.4%

 Test 13 9.7%

Figure 5. Labeling of the images and division into training group, validation group, and testing group. It is important to note
that the precision and recall values are performed on the testing group.

The total number of pixels that will be used by the model for the 134 images is 36 million. The confusion matrix
allows us to initially evaluate the performance of our model. The results are detailed in Table 2. In segmentation
projects, the objective is to minimize the number of false positives and false negatives, and to maximize the number
of true positives and true negatives.

The average precision of the model was 84.3% and the recall was 73.3%, with a confidence threshold of 0.66,
which initially shows that a good-quality model was obtained with MRI images (Figure 6).

Table 2. Confusion matrix with the analysis of the 36 million pixels that the neural network analyzed

1,096,183 175,493
315,394 34,830,034

The confusion matrix allows us to initially evaluate the performance of our model. In image segmentation projects, the objective is to minimize the number of
false positives and false negatives, and to maximize the number of true positives and true negatives.

Rev Asoc Argent Ortop Traumatol 2023; 88 (6): 653-661 * ISSN 1852-7434 (online) m



F. Segura et al.

Figure 6. With a precision of 84.3% and a recall of 73.3% on images never seen by the program previously, the model can
correctly classify: A. High-grade sarcoma (red). B and C. Low-grade sarcomas (light blue).

DISCUSSION

Due to the heterogeneity of this disease, the initial degree of aggressiveness of the biopsy may be underes-
timating the final degree of aggressiveness identified in the pathology analysis. This may lead to the need to
search for accurate preoperative diagnostic tools to classify STS."

STS is a rare type of cancer. For this reason, its treatment requires specialized interdisciplinary centers with
professionals who are experts in the field, since a wrong diagnosis or a delay can have catastrophic consequenc-
es for the patient. In this case, the help of AutoML can be essential when imaging studies are being performed,
as they allow the treating team to have a second qualified opinion on the degree of tumor malignancy in a short
time, before the biopsy and the pathology analysis result.

The best AutoML model using Landing AI Landing Lens achieved a precision of 84.3% and a recall of 73.3%,
based on MRI images in axial slices over the larger diameter of the lesion in T1 and T2 sequences.

Image analysis programs (e.g., Landing Lens from Landing AI; Vertex Al from Google Cloud Platform) allow
professionals who are just starting out in data science and who still have flaws in implementing programming
code, greater ease of use when implementing machine learning models, in addition to saving time on basic tasks.
In our specialty, this is fundamental.

The study has its limitations. This is a retrospective study by a single center, which could have led to selec-
tion bias. However, the epidemiological characteristics of the series are comparable to those of other published
articles.'* In addition, as this is a rare disease, the number of images used by the model is still low. Although
augmentation techniques can help to have a more robust data set, the contribution and collaboration of centers
specialized in the treatment of sarcomas would be essential in order to increase the number of images for the
study, trying to improve the results of the models (data sharing).

CONCLUSIONS

This study presents a novel approach to address a rare type of disease using automated deep learning tech-
niques for the purpose of determining tumor grade based on MRI images. Although the true impact of Al in
Orthopedics and Traumatology has yet to be demonstrated, there is much evidence to support the use of these
technologies to generate value in healthcare. To the extent that these tools are easier to use, there will be more
and more machine learning models built and implemented, allowing for new research and new results, with
the aim of improving the early diagnosis of patients with this disease and others. These technologies should be
seen as helping professionals, becoming a tool that can increase the capabilities of a doctor instead of replacing
their responsibilities. In this case, with the results obtained, we could consider our Al model as a second expert
opinion when performing imaging studies on patients with STS before the biopsy.
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