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Introduction

Malignancy is a huge social and health burden for human 
beings [1,2]. Malignancy has an feature of insidious onset in the 
early stage, develops rapidly in the middle period, and is likely 
to metastasize and relapse in the late period. Besides, cancer is 
insensitive to radiotherapy and chemotherapy. Once molecu-
lar targeted agents resistance occurs, there are no molecular 
agents available, which causing irreparable losses such as pa-
tient death [3-6]. Thus, it is especially important to diagnose 
malignant tumors at an early stage, and there are limitations in 
the diagnostic accuracy of ultrasonography, Computed Tomog-
raphy (CT) and Magnetic Resonance Imaging (MRI) [7-9]. More-
over, some tumor markers such as AFP, DKK-1, OPN, etc., which 
are currently used in the clinic are still limited in their diagnostic 
efficacy in distinguishing tumors [10,11]. Therefore, we need 
to find an effective way to enhance the sensitivity of existing 
cancer diagnosis, such as Machine Learning (ML) to enhance 
imaging examination.

ML-based approaches provide clinical application in the ac-
cumulation extraction of key imaging characteristics and mea-

sures, including image classification and lesion segmentation, 
which show that ML is used in cancer detection to stratify high 
risk individuals for cancer prediction. This is due to the fact that 
ML-based approaches provide a wide range of automated tools 
for performing radiomics for the purpose of detecting and quan-
tifying tissue properties [12-14]. The implementation method is 
though highly complex Artificial Intelligence (AI) models, which 
are based on a series of interconnected mathematical equa-
tions, have been proposed for the analysis of complicated, high 
dimensional health data, such as Deep Learning (DL) include 
Convolutional Neural Networks (CNNs) and Recurrent Neural 
Networks (RNNs) [15-18]. In recent years, significant progress 
has been made in applying ML to interpreting medical imaging, 
mainly because of DL algorithms utilizing CNN. However, there 
is no systematic review on whether ML can increase the diag-
nostic efficacy of imaging examinations.

ML approach for malignancy diagnosis using ultrasound 

Ultrasound is one of the most popular imaging methods in 
clinic due to its low cost and easy operation, which can offer real 
time images [19]. The aim of Wu T is to assess the potential of 
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ML in diagnosing Triple Negative (TN) breast cancer by means of 
quantitative ultrasound. A retrospective analysis was made on 
the ultrasound and clinical features of 140 patients with surgical 
confirmation of breast cancer in order to diagnose TN and Non 
TN (NTN) subtypes. Among 12 gray scale and Doppler charac-
teristics, 8 showed significant differences between TN and NTN 
subtypes (p < 0.05). The Area below ROC (AUC) was 0.85 and 
0.65 for Gray Scale (GS) and Color Doppler (CD). The AUC was 
raised to 0.88 when combined with GS and CD characteristics. 
The sensitivity was 86.96%, and the specificity was 82.91%. Fi-
nally, we conclude that the TN and NTN sub-types can be distin-
guished from each other by means of ML, which is superior to 
the diagnosis by means of standard visual evaluation [20]. 

Moreover, the aim of this research is to detect the presence 
of cervical cancer by means of a cervicogram. They employed a 
deep learning framework, ResNet-50, to classify 4,119 cervico-
gram images as positive or negative for cervical carcinoma, with 
a rectangle with a section of the vaginal wall removed. ML mod-
els were used to extract the data from more than 300 images. 
The ResNet-50 model improved by 0.15 (p < 0.05) compared 
with the mean (0.82) of the three approaches. Our results show 
that the Res Net-50 method is superior to existing ML methods 
in the detection of cervical cancer based on cervicography [21]. 
In addition, Mao Ba’s conducted a study to explore the use of 
ML-based radioomics in preoperatively classifying patients with 
primary and metastatic hepatic carcinoma. A total of 1409 ra-
diomics features were extracted from the original images and/or 
derived images for each patient. Five types of machine learning 
(KNN), Logistic Regression (LR), Multilayered Perceptron (MLP), 
Random Forest (RF), and Support Vector Machine (SVM) have 
been used to distinguish the primary hepatic carcinoma from 
the metastatic one. The precision of LR was 0.843 ± 0.078 (AUC, 
0.816 ± 0.88, sensitivity, 0.768 ± 0.232; specificity, 0.880 ± 0. 
117). Furthermore, we conclude that the MMR radioomics can 
discriminate between primary and metastatic hepatic tumours 
in a non invasive manner [22]. The above evidence shows that 
ML can not only improve the early diagnosis value in ultrasound 
diagnosis, but also distinguish primary tumors from metastatic 
tumors, which is beneficial to the prognosis and treatment of 
patients.

ML approach for malignancy diagnosis using CT

CT is also a common use diagnostic method in malignancy 
patients, but its accuracy in early diagnosis of tumor is still lim-
ited. The purpose of Yu KH’s research was the different soft-
ware dependencies of the reported methods, the methods de-
veloped are rarely compared or replicated. And they found that 
most of the solutions implemented distinct pre-processing, seg-
mentation, and classification modules. Moreover, the residual 
net is often adopted for node segmentation, while the majority 
of them are based on transfer learning. Significant performance 
differences have been noted in both the open and the final se-
ries of tests. Their conclusion is that they compared the award-
winning methods for detecting lung cancer and produced re-
producible Docker images for the best solutions. Although CNNs 
are fairly accurate, there is still considerable scope to improve 
the generalizability of models [23]. Besides, Park EK’s research 
investigated the value of ML approaches to radiogenomics us-
ing low-dose perfusion CT to predict prognostic biomarkers and 
molecular subtypes of invasive breast cancer. A total of 723 

cases were enrolled in this prospective study, including 241 pa-
tients with invasive breast cancer. Using 5 ML models, 18 tumor 
CT parameters were analysed to estimate lymph node state, tu-
mor grade, tumor size, hormone receptor, HER2, Ki67, and its 
subtype. Random forest model has better precision and AUC. 
Compared with logistic regression, the precision of random 
forest model was 13% higher and AUC was 0.17. The main CT 
parameters of the stochastic forest model were the peak en-
hancement strength (Hounsfield unit), the time to the peak (s), 
the flow rate (ml/100 g), and the tumor perfusion (ml/min/100 
ml). In conclusion, ML approaches to radiogenomics with low 
dose perfusion of breast CT may be a useful noninvasive tool for 
prediction of prognosis markers and subpopulations of invasive 
breast cancer [24].

Furthermore, Yin RH’s team has developed and tested an op-
timized ML model for preoperative prediction of ccRCC (SCCC). 
Their results demonstrated that the precision and AUC obtained 
by the RVM with the Radial Base Function Kernel (svmRadial), 
the stochastic forest and the naive Bayesian model were 0.860 
± 0.158, 0.919 ± 0.118, 0.840 ± 0.160 and 0.915 ± 0.138, 0.839 
± 0.147 and 0.921 ± 0.133, respectively. In addition, the lowest 
RSD (RSD, AUC 0.13, precision 0.17) was observed with svmRa-
dial, suggesting a higher stability. Their conclusion is that svm-
Radial performs best in predicting the ccRCC pathology grade 
by means of radioomics calculations based on CT images be-
fore operation [25]. Furthermore, the aim of this review is to 
assess the ability of CT radiograph analysis to distinguish high 
risk thyroid carcinoma (TETs) from low risk WHO TETs. The study 
enrolled 155 patients with TET at high risk (n = 72) and low risk 
TET (n = 83) with non-enhancement CT (UECT) or CECT. And The 
combination of radiologic characteristics of UECT and CECT has 
shown that the most effective means of distinguishing high risk 
TETs from low risk TETs has been achieved in all four classifiers. 
The AUC of RF was 0.87, next was GLM (AUC = 0.86), KNN (AUC 
= 0.86) and SVM (AUC = 0.84). It is concluded that MCT radio-
graphic analysis enables high risk TETs to be distinguished from 
low risk TETs with superior performance, which is a promising 
tool to aid clinical decision-making in TETs [26]. To sum up, CT 
examination with ML-based elevation can not only be used for 
early diagnosis of tumors, but also play a role in tumor risk clas-
sification.

ML approach for malignancy diagnosis using MRI

Currently, MRI is the standards for imaging diagnosis of 
many solid tumors. A retrospective multicentre study by Yu Y fo-
cused on the development of a highly effective MRI assessment 
method for Axillary Lymph Node (ALN), and to investigate the 
relationship between radioomics and tumor microenvironment 
in early stage invasive breast cancer. Furthermore, a multivari-
ate signature including tumour and lymph node radioomics, 
clinical and pathological features, as well as molecular sub-
types, showed a superior performance in predicting ALN sta-
tus with AUCs of 0.90, 0.91, and 0.93 in the training group, the 
external validation cohort, and the prospective retrospective 
validation cohort. Interpreting this study, we propose a multi-
omic feature that can be applied to the identification of ALN 
metastatic lesions in early stage breast cancer [27]. The purpose 
of Tahmassebia-A’s research was to evaluate the potential of 
ML by using mpMRI (MMR) to predict the prognosis of Patho-
logic Complete Response (pCR) to Neoadjuvant Chemotherapy 
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(NAC), as well as survival outcomes. The funding is that ML with 
mpMRI in the breast allows for an early prediction of pCR to 
NAC, as well as for survival in breast cancer patients, and can 
therefore be used as a useful predictor for decision-making [28].

Furthermore, the aim of Hectors SJ was to build and cross-
validate a ML Model with T2 Weighted Imaging (T2 WI) of PI-
RADS 3 lesions in order to identify the Clinical Significance of 
Prostate Cancer (csPCa), i.e., Pathologic Grade Group ≥ 2. Based 
on the T2 WI radiomics, the trained random forest classifier has 
a good and statistically significant AUCs of 0.76 (P = 0.022) to 
predict csPCa in a dataset. Prostatic volume and PSA density 
were moderately and statistically insignificant (AUC 0.62, p = 
0.275, and 0.61, p = 0.348) for the CSPCA forecast. It is conclud-
ed that the ML classifier with T2 WI has proven to be effective 
in predicting csPCa in PI-RADS 3 lesions [29]. In addition, the 
purpose of Kandemirli SG’s study was to build MRI ML-based 
radiomic model for the prediction of the H3K27M mutation 
in midline gliomas. Paediatric patients made up a higher per-
centage of the study cohort (60 children [55%] versus 49 adults 
[45%]). The XGBoost with the added feature choice had a region 
below the receiver operation profile of 0.791 and 0.737, respec-
tively. The accuracy, accuracy (positive prediction), recall (sen-
sitivity), and F1 (harmonic mean of accuracy and recall) were 
reached in the test group, which were 72.7%, 76.5%, 72.2% and 
74.3%, respectively. Their results indicate that the MMRS based 
multi-parameter MRI may be a promising noninvasive method 
for the prediction of H3K27M mutations in midline gliomas [30]. 
In summary, MRI can not only diagnose and predict disease ear-
ly, but also predict the pathological grade and enzyme mutation 
status of malignancy, which can be used to predict early survival 
and guide clinical decision-making.

Figure 1: Summary of application of ML-based approach diagnosis 
for malignancy. 

Conclusion

In this mini-review, we provide an overview of the diagnosis 
and management of malignant tumor using MI-based imaging 
examinations. Integration of clinical data with imaging features 
using an ML-based approve has been applied for personal-
ized and predictive medicine in the field of cancer diagnosis. 
First, ML-based ultrasound, CT and MRI could evaluated early 
diagnosis value of small size tumor. Second, ultrasound could 
distinguish primary tumors from metastatic tumors, CT could 
also play a role in tumor risk classification, and MRI could also 
predict the pathological grade and enzyme mutation status of 
malignancy, which can be used to predict early survival and 
guide clinical decision-making (Figure 1). Third, in the future, 

it will be possible to implement a predictive model with an ML 
method and to provide automated decision-making support for 
the improvement of the patient’s prognosis and the reduction 
of erroneous clinical diagnosis in routine clinical practice. 
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