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Table 1. Statistical Comparison of Kalman Filter and the Con-
ventional Method by t-test; h is the Decision Based on t-test, 0
Means that Zero Hypothesis is Not Rejected and 1 Means That
Alternative Hypothesis is Significant

t-test h  PValue
Kalman Filter vs. True values 0 0.2440
Conventional method vs. True values 1 1.8563e-48
Conventional method vs. Kalman filter 1 2.5404e-33
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Figure 2. Comparison of the results of Kalman-Filter and con-
ventional method to calculate D. As can be seen, D in the con-
ventional method has a bias.
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Abstract

Background: There are many conditions in medi-
cine that decision making has crucial importance
to differentiate between binary diagnoses, such as
preoperative discrimination of benign from ma-
lignant tumors, e.g. uterine neoplasms. Physicians
are not usually able to pool multiple parameters
affecting the diagnosis, while “machine learning”
techniques, especially “decision trees” with human-
readable results, can process such amounts of data.
Previous studies have shown that MRI could be help-
ful in the differentiation of uterine leiomyosarcoma
from leiomyoma.

Objectives: Hereby, for preoperative diagnosis of
these tumors and to reduce unnecessary costs and
surgeries, we applied a machine classifier using
multi-parametric MRI to construct practical diag-
nostic algorithms.

Methods: A total of 105 myometrial lesions were
included in two groups of benign and malig-
nant, according to postoperative tissue diagno-
sis. Multi-parametric MRI including T1-, T2-, and
diffusion-weighted images (DWI) with apparent
diffusion coefficient (ADC) map, contrast-en-
hanced images, as well as MR spectroscopy, were
performed for each lesion. Thirteen singular MRI
features were extracted from the mentioned se-
quences. Various combination sets of selective
features were fed into a machine classifier (coarse
decision-tree) to predict malignant or benign tu-
mors. The accuracy metrics of either singular or
combinational models were assessed (Figures 1
and 2). Eventually, two diagnostic algorithms, in-
cluding a simple decision-tree and a complex one,
were proposed using the most accurate models by
MATLAB 2017.

Results: Among all singular features, the visual as-
sessment of DWI-ADC restriction, followed by the
T2 map, achieved the best accuracies as 96.2% and
92.0%, respectively. Our final simple decision-tree
comprised three features including T2, central ne-
crosis (CN), and DWI-ADC restriction with accuracy
of 96.2%, sensitivity of 100%, and specificity of 95%.
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However, the complex tree made up of four fea-
tures including T2 map, CN, DWI-ADC restriction,
and Tumor to Myometrium Contrast-Enhanced
Ratio yielded accuracy, sensitivity, and specificity
values of 100%.

Conclusion: The complex diagnostic algorithm,
compared to the simple model, could differentiate
tumors, with equal sensitivity but higher specific-

ity. However, it needs more advanced calculations
and a high level of patient cooperation; moreover,
it might be a time-consuming method. Therefore,
physicians should wisely trade-off in different clini-
cal situations and request imaging modalities in
a way to reduce additional costs and most impor-
tantly, to prevent unnecessary surgeries, by helping
early accurate diagnosis.
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Figure 1. A, simple decision tree using three parameters of predominant T2 signal, DWI restriction, and central necrosis; B, confusion
matrix for the number of lesions on true and false predicted classes; C, scatter-plot for distribution of lesions based on the simple

model. B, Benign; M, malignant; Y, yes; N, no.
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Figure 2. A, complex decision tree using four parameters of DWI restriction, central necrosis, T2 map, and TMCE ratio; B, confusion
matrix for the number of lesions on true and false predicted classes; C, scatter-plot for distribution of lesions based on the complex

model. B, Benign; M, malignant; Y, yes; N, no.
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