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Abstract
Introduction: The purpose of this study is to investigate the effects of automatic segmentation algorithms on the performance

of ultrasound (US) radiomics models in predicting the status of lymph node metastasis (LNM) for patients with early stage cervical

cancer preoperatively. Methods: US images of 148 cervical cancer patients were collected and manually contoured by two

senior radiologists. The four deep learning-based automatic segmentation models, namely U-net, context encoder network

(CE-net), Resnet, and attention U-net were constructed to segment the tumor volumes automatically. Radiomics features

were extracted and selected from manual and automatically segmented regions of interest (ROIs) to predict the LNM of

these cervical cancer patients preoperatively. The reliability and reproducibility of radiomics features and the performances of

prediction models were evaluated. Results: A total of 449 radiomics features were extracted from manual and automatic seg-

mented ROIs with Pyradiomics. Features with an intraclass coefficient (ICC) > 0.9 were all 257 (57.2%) from manual and auto-

matic segmented contours. The area under the curve (AUCs) of validation models with radiomics features extracted from

manual, attention U-net, CE-net, Resnet, and U-net were 0.692, 0.755, 0.696, 0.689, and 0.710, respectively. Attention U-net

showed best performance in the LNM prediction model with a lowest discrepancy between training and validation. The

AUCs of models with automatic segmentation features from attention U-net, CE-net, Resnet, and U-net were 9.11%, 0.58%,

−0.44%, and 2.61% higher than AUC of model with manual contoured features, respectively. Conclusion: The reliability and

reproducibility of radiomics features, as well as the performance of radiomics models, were affected by manual segmentation

and automatic segmentations.
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Introduction
Ultrasound (US) is one of the most used imaging modalities in
specialties of echocardiography, breast US, abdominal US,
transrectal US, intravascular US, prenatal diagnosis US, etc.,
because of its advantages of non-ionizing radiation, portability,
accessibility, and cost effectiveness.1,2 With the emergency of
radiomics, extracting qualitative and quantitative information
from medical images and modeling with clinical data have
become a hot translation field for precision medicine to
support evidence-based clinical decision making.3 Radiomics
features extracted from US images had been proved to be
strongly associated with breast biologic characteristics,4 gesta-
tional age,5 neonatal respiratory morbidity,6 etc. Studies also
reported that US-based radiomics was able to predict the
lymph node metastasis (LNM) for patients with papillary
thyroid carcinoma and cervical cancer.7, 8

One critical step of the radiomics process is to segment regions
of interest (ROIs) from which radiomics features are extracted for
further modeling. However, manual delineation is very
labor-intensive and tedious. It is also not always feasible since
radiomics usually requires very large data sets.9 On the other
hand, manual delineation of US images is a subjective and error
prone task highly dependent on the image quality and the exper-
tise of the observer. Studies demonstrated that the analysis and
modeling of radiomics could be significantly affected by the
inherent variability of manual segmentation.10, 11 Therefore, auto-
matic segmentation is preferred to address these problems.

Recently, there has been an extensive development of detec-
tion and segmentation algorithms for medical US images.1, 12

However, few studies concerned the effects of automatic seg-
mentations on the reproducibility and stability of quantitative
features, as well as on the models using these features obtained
from US in oncology.13 Previously, automatic segmentations
using deep learning algorithm on US and magnetic resonance
(MR) images were investigated and reported a generally high
accuracy for patients with ovarian cancer and cervical
cancer.14–16 The purpose of this study is to further investigate
the effects of these automatic segmentation algorithms on the
accuracy of radiomics modeling in predicting the status of
LNM for patients with early stage cervical cancer
preoperatively.

Materials and Methods

Patients and Images
By retrieving electronic medical records, cervical cancer
patients who underwent radical hysterectomy and pelvic lym-
phadenectomy in the authors’ hospital from January 2014 to
September 2018 were retrospectively reviewed. All patients
met the following inclusion criteria: (1) patients who underwent
radical hysterectomy and systematic pelvic lymph node dissec-
tion; (2) cervical cancer and pelvic LNM status were confirmed
by histopathology; (3) patients should have standard ultrasonic
examination for 2 weeks before the hysterectomy; and (4) clin-
ical characteristics were available. Patients were excluded from
this study for the following reasons: (1) without complete clin-
ical data; (2) with other malignancies or combined malignan-
cies; (3) had preoperative chemotherapy or radiotherapy; and
(4) tumor’s size and shape were incomplete in US images
were excluded. Clinicopathologic features of all patients were
obtained from medical records including age, histological
subtype, International Federation of Gynecology and
Obstetrics (FIGO) stage, etc. To reduce the effects of different
US machines, only patients with US images acquired using
Philips IU22 (Philips Medical Systems, Best, The
Netherlands) with 5 to 14 MHz linear probes were included
in this study. This retrospective study was conducted following
the Declaration of Helsinki and approved by the Ethics
Committee in Clinical Research (ECCR) of Wenzhou
Medical University First Affiliated Hospital (ECCR No.
2019059). The requirement of written informed consent was
waived by the ECCR due to the retrospective nature of this
study with confirmation of patient data confidentiality.

Manual and Automatic Segmentation
There were 8 to 15 standard US images collected for each patient.
Manual segmentation on US images was conducted and con-
firmed by two senior radiologists with several years of experi-
ence in gynecological imaging using the LIFEx package (http://
www.lifexsoft.org).17 Manual contours were regarded as the
ground truth for automatic segmentation models’ training and
validation. Automatic segmentation was performed with the
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U-net scheme and its multiple variations, U-net with Resnet,
context encoder network (CE-net), and attention U-net.

As shown in Figure 1a, U-net is a symmetrical U-shaped
model consisting of an encoder—decoder architecture. The
left side encoder is a down-sampling used to get feature map,
similar to a compression operation, while the right side
decoder is an up-sampling used to restore the encoded features
to the original image size and to output the results. Skip connec-
tion was added to encoder–decoder networks to concatenate the
features of high- and low levels together.18 Compared with
U-net, attention U-net adds an attention gate (AG) which
filters the features propagated through the skip connections.
Feature selectivity in AG is achieved using contextual informa-
tion (gating) extracted in coarser scales,19 as shown in
Figure 1a. U-net with Resnet uses Resnet as a fixed feature
backbone encoder to deepen the layers of the network and to
solve the vanishing gradient,20 a new technique called skip con-
nections has been used to skip training from a few layers and
connects directly to the output. CE-net adds a context extractor
consisting of dense atrous convolution (DAC) block and resid-
ual multi-kernel pooling (RMP) block into U-net with Resnet,21

which consists of three major parts: a feature encoder, a feature
decoder module, and a context extractor, as shown in Figure 1b.
Image clipping was performed for all US images before
network training which make sure the robustness of the training
model. The clipping box should not exceed the image edge and
covers the tumor. In the training phase, Adam algorithm was
used as a optimizer with its learning rate setting to 2e-4
because of its straightforward implementation and computa-
tional efficiency. The input image was four batch sizes and
the number of epoch was 120. The loss function is

Loss = λBCE + (1− λ) ∗ LossDSC (1)

where BCE is the Binary Cross Entropy, LossDSC is the loss of
dice similarity coefficient (DSC) and λ was set to 0.8 in this
study. A typical segmentation results from manual delineation,

U-net, attention-net, CE-net, and Resnet models were shown in
Figure 2. The construction and accuracy of these automatic seg-
mentation models for US images had been reported in previous
studies.14, 15

Feature Extraction and Model Building
Intensity normalization was performed in US images before
feature extraction to transform arbitrary gray intensity values
into a standardized intensity range. A total of 449 radiomics fea-
tures were extracted using Pyradiomics (version 3.0.1; https://
pypi.org/project/pyradiomics).22 Intraclass correlation coefficients
(ICC) (two-way random effects, absolute agreement, and single
rater/measurement) were calculated to select the reliable radiomics
features (ICC > 0.9) that resulted from automatic segmentations by
comparing them with those resulted from manual segmentation.23

The dimension of radiomics features extracted from manual
and automatic segmentations were further reduced by Mann–
Whitney U tests with P< .05 as potentially informative features
to classify positive and negative LNM. Then, the least absolute
shrinkage and selection operator (LASSO) and the ridge regres-
sion were applied to select the optimal features in the training
cohort using a 10-fold cross-validation.24 The coefficient λ of
the elastic net was tuned to achieve minimum SD and
maximum area under the curve (AUC) of receiver operating
characteristic (ROC) curves during feature selection.

Radiomics signature was built for each patient by combining
the selected features linearly using the logistic regression model
to predict the lymph node status. AUC was quantified to further
assess the performance of radiomics signature that resulted from
different segmentations in both the training and validation cohorts.

Statistical Analysis
General statistical analyses were performed in SPSS Statistics
(version 20.0.0, SPSS Inc.) and R analysis platform (version

Figure 1. (a) The architecture of attention U-net: U-net with added attention gate (AG); (b) U-net with Resnet: the backbone of U-net is replaced
by Resnet; context encoder network (CE-net): context extractor consisted of dense atrous convolution (DAC) and residual multi-kernel pooling
(RMP) block was added into U-net with Resnet.
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3.6.0, MathSoft, Auckland, New Zealand). Key features selec-
tion and logistic regression model building were performed
with the “glmnet” package. For continuous clinical variables,
a two-sample t-test was used to assess the equality of variances
between positive and negative LNM groups. For categorical
variables, Fisher’s exact test and chi-square test were used to
test the difference between groups. For all tests, p < .05 was
considered as statically significant.

Results
A total of 148 patients with early stage cervical cancer was
enrolled in this study with a median age of 51 years (range
from 30 to 78 years). Most of the patients were squamous
cell carcinoma (90.5%). Patients were randomly divided into
training (111) and testing set (37) at a ratio of 3:1. The patients
with positive and negative LNM in the training and testing
cohorts were 18 versus 93, and 11 versus 26, respectively.
Detailed characteristics of enrolled patients was shown in

Table 1. The DSC of U-net, atention U-net, CE-net, and
U-net with Resnet were 0.88, 0.89, 0.88, and 0.90, respectively.

A total of 449 radiomics features were extracted from
manual and automatic segmented ROIs with Pyradiomics.
Features with an ICC > 0.9 were all 257 (57.2%) from
manual contours and automatic segmented contours with four
deep learning models. Detailed radiomics features selected
after ICC were shown in Supplementary Excel S1. The
number of radiomics features selected by Mann–Whitney U
test is 86, 85, 90, 92, 87, and after LASSO is 7, 7, 8, 9, and 7
for manual, attention U-net、CE-Net、Resnet、and U-net
ROIs, respectively. Figure 3 shows the selection of
LNM-associated radiomics features using the elastic net
method for manual, U-net, CE-Net, Resnet, and attention
U-net segmentations, respectively. Detailed radiomics features
selected after each analysis were shown in Supplementary
Excel S2 and S3.

The AUCs of training models with radiomics features
extracted from manual, attention U-net, CE-net, Resnet, and
U-net were 0.763, 0.782, 0.761, 0.774, and 0.794, respectively,
as shown in Figure 4a. The AUCs of validation models with
radiomics features extracted from manual, attention U-net,
CE-net, Resnet, and U-net were 0.692, 0.755, 0.696, 0.689,
and 0.710, respectively, as shown in Figure 4b. The AUC
numbers of models with automatic segmentation features
were 9.10%, 0.58%, −0.43%, and 2.60% higher compared
with models with manual contoured features for attention
U-net, CE-net, Resnet, and U-net, respectively.

Discussion
The effects of different deep learning-based automatic segmen-
tations on the radiomics models for the prediction of LNM for
patients with early stage cervical cancer were investigated in
this study. An AUC number of 9.10% differences was observed
for models with automatic segmentation features in comparison
with models with manual segmentation features.

In radiomics analysis, tumor segmentation is a fundamental
step as it determines which region will be analyzed. However,
since there is no gold standard for tumor segmentation, tumor
segmentation is challenging, no matter whether manual, semi-
automatic, or automatic segmentation methods are applied.9

Especially, studies reported that radiomics features can be
changed by different delineation. van Velden et al demonstrated
that some features were sensitive to the change of delineation

Figure 2. A typical segmentation results from manual delineation, U-net, attention-net, context encoder network (CE-net), and Resnet models

Table 1. The Characteristics of Enrolled Patients in the Training and
Validation Data Sets.

Characteristics

Training set Validation set

LNM+
(n= 18)

LNM
−(n=
93) P

LNM+
(n= 11)

LNM
−(n=
26) P

Age
Average 48.72 51.59 .39 49.45 53.23 .40
Median 50.5 51 50 52
Range 33 to 60 33 to 75 30 to 65 34 to 78
SD 8.14 10.52 11.69 11.18

Histological type
Squamous cell
carcinoma

14 86 .08 8 26 .02

Adenocarcinoma 3 4 2 0
Adenosquamous cell
carcinoma

1 2 1 0

Tumor stage
I 8 43 .89 2 13 .15
II 10 50 9 13

Note: (1) P-value is calculated from the univariate association test between
subgroups. (2) Fisher’s exact test and chi-square test were used for categorized
variables. (3) Two-sample t-test was used for continuous variables. LNM=
lymph node metastasis; − = negative; + = positive.
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with two baseline whole-body PET/CT scans from 11 patients
with non-small cell lung cancer (NSCLC).25 Leijenaar et al
reported that the percent stable radiomics features using semiau-
tomatic and manual segmentation were 71% and 91% in a test–

retest cohort of 11 NSCLC patients and in an inter-observer
cohort of 23 NSCLC patients, respectively.26 However, only
57.2% of radiomics features were reproducible (ICC > 0.9) in
this study from manual and automatic segmentations. This

Figure 3. Selection of lymph node metastasis (LNM)-associated radiomics features using the elastic net method: (a, c, e, h, j) Tuning parameter
(λ) in the elastic net used 10-fold cross-validation via maximum area under the curve (AUC); (b, d, f, i, k) The coefficient profiles of radiomics
features against the L1 norm (inverse proportional to log λ) for manual, U-net, CE-Net, Resnet, and attention U-net segmentations, respectively.

Figure 4. The area under the curve (AUCs) of models with radiomics features extracted from manual, attention U-net, CE-net, Resnet, and U-net
in (a) training cohort and in (b) validation cohort.
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may be due to the low quality of US image data. There are many
characteristic artifacts in the US images, such as attenuation,
speckle, shadows, signal dropout that make the segmentation
in US images complicated. The advances in transducer
design, spatial/temporal resolution, digital systems, etc., will
certainly improve the quality of US image data and improve
the outcome radiomics features.

One of the main motivations for using automatic segmenta-
tion is to reduce the labor intensity of physician and to increase
the reproducibility and reliability of segmentation by decreasing
the intra-reader and inter-reader variability. Previous studies
using python and Pyradiomics for automatic segmentation
and feature extraction demonstrated that U-net models are
able to achieve a DSC around 0.88 to 0.90 in US images for cer-
vical cancer with an average ICC around 0.99.15

In this study, radiomics features from the attention U-net
showed best performance in the LNM prediction model with
a lowest discrepancy between training and validation AUCs.
The reported AUC of 0.755 was close to the result of 0.77 in
a previous study for preoperative LNM prediction for patients
with early stage cervical cancer.8 However, the AUCs of
models among manual and different automatic segmentations
were different with a largest difference of 9.11% (ranges from
0.689 to 0.755). This indicated that automatic segmentation is
an important source of variability for radiomics modeling.

This study demonstrated that the variability of radiomics fea-
tures and models could be caused by manual segmentation,
automatic segmentation, as well as by different feature extract-
ing methods. Similar, studies reported that human-derived
radiomics methods introduced human bias into radiomics
process.27 Variation in imaging and preprocessing techniques
for feature extraction also affected the reproducibility.28 With
the advent of deep learning methods, more and more effects
had been focused on using deep learning methods to increase
the generalizability and accuracy while reducing potential
bias for radiomics models. The full tumor segmentation was
replaced with approximate localization with the change of
ROI definition based on a single point within the tumor
volume in deep learning radiomics applications so as to mini-
mize the need for human input,29, 30 Additionally, relevant
radiographic features could be learned automatically using
deep learning methods without the need of previous definition
by researchers.31

There are a few limitations to our study. First, we found that
the repeatability and reproducibility of US images radiomics
features extracted from different machines were unsatisfactory
so only one kind of US machine was analyzed in this work.
In addition, external validation studies that use a multi-
institutional data are necessary to confirm our findings.

Conclusions
The performance of LNM prediction models with US radiomics
features extracted from manual segmentation, and deep
learning-based automatic segmentations were invested in this
study. The reliability and reproducibility of radiomics features,

as well as the performance of radiomics models, were affected
by manual segmentation and automatic segmentations.
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