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Objective: This study was designed to distinguish benign and malignant thyroid
nodules by using deep learning(DL) models based on ultrasound dynamic videos.

Methods: Ultrasound dynamic videos of 1018 thyroid nodules were
retrospectively collected from 657 patients in Zhejiang Cancer Hospital from
January 2020 to December 2020 for the tests with 5 DL models.

Results: In the internal test set, the area under the receiver operating characteristic
curve (AUROC) was 0.929(95% Cl: 0.888,0.970) for the best-performing model
LSTM Two radiologists interpreted the dynamic video with AUROC values of 0.760
(95% ClI: 0.653, 0.867) and 0.815 (95% Cl: 0.778, 0.853). In the external test set, the
best-performing DL model had AUROC values of 0.896(95% Cl: 0.847,0.945), and
two ultrasound radiologist had AUROC values of 0.754 (95% Cl: 0.649,0.850) and
0.833 (95% CI: 0.797,0.869).

Conclusion: This study demonstrates that the DL model based on ultrasound
dynamic videos performs better than the ultrasound radiologists in distinguishing

thyroid nodules.
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Introduction

Thyroid nodules are common diseases in humans, with an
incidence as high as 68% (1). These nodules are mostly benign with
a good prognosis, requiring only long-term follow-up and monitoring
in the absence of intervention. However, approximately 7-15% of
thyroid nodules are diagnosed as malignant, and some malignant
nodules may cause local invasion, vocal cord paralysis, distant
metastasis, postoperative recurrence, etc. (2) Therefore, the early
detection of thyroid nodules and distinguishing benign from
malignant thyroid nodules contributes to a reasonable treatment
regime for patients and effectively reduces their prognostic risks.

Non-invasive, simple, convenient, and repeatable ultrasonography
is currently the most commonly used imaging method for screening
thyroid nodules in clinical practice (3), and with the upgrading of this
method, the detection rate of thyroid nodules has also increased (4) The
2017 Thyroid Imaging Reporting and Data System (ACR TI-RADS) (5)
is a kind of ultrasound reporting system that enables a standardized
assessment for the grade of malignancy of thyroid nodules, which
effectively standardizes the ultrasound report description and optimizes
the treatment and management measures of thyroid nodules, thus
improving the accuracy in distinguishing benign from malignant
thyroid nodules. However, the clinical diagnosis of thyroid nodules
based on ACR TI-RADS classification is time consuming and often
affected by the subjective experience and interpretation of the
examining physician, providing unstable accuracy (6); hence, such a
diagnosis should be further confirmed by other examinations. The
American Thyroid Association (7) recommends ultrasound-guided
fine-needle aspiration cytology (US-FNA) as a qualitative diagnosis of
suspicious thyroid nodules. This approach is simple and repeatable
with fewer complications and is considered to be the gold standard for
the diagnosis of thyroid nodules. However, it has been pointed out (1,
8) that US-FNA has a misdiagnosis rate of 15-30% and does not fully
clarify the pathological nature of the examined nodules. To this end,
there is an urgent need for a more accurate and safe method to
distinguish benign from malignant thyroid nodules.

In recent years, artificial intelligence (AI) has been more widely
used in medicine with the rapid development of computer
technology, making many impossible tasks in medicine in the past
viable (9-13). As the core technique of Al research, deep learning is
primarily used for classification and prediction, which achieves the
purpose of diagnosis through classifiers by extracting ultrasound
image features, texture analysis, and image segmentation (14,
15).This approach can reveal various disease characteristics that are
not identified by humans in daily practice (16, 17). Some studies (18-
20) have demonstrated that deep learning(DL) models can help
ultrasound radiologists effectively judge suspicious thyroid nodules
at present and distinguish them more accurately. Li (8) used the DL
model to discriminate benign from malignant thyroid nodules. Sui (1)
developed the Thynet model, which helps ultrasound radiologists
distinguish benign and malignant thyroid nodules more effectively in
the absence of fine-needle aspiration. However, in existing studies, DL
models are all based on ultrasonic static images (21), which, although
they have high accuracy, cannot completely simulate the clinical
settings. In real clinical settings, ultrasound radiologists often need
to find nodules and judge their grade of malignancy during dynamic
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scanning of the thyroid gland, but a static image often does not
contain all information of the nodules. Therefore, this study will focus
on whether a deep learning model more in line with clinical settings
can be established based on dynamic videos to distinguish benign
from malignant thyroid nodules.

Based on the above discussion, five deep learning(DL) models
were adopted in this study to distinguish benign and malignant
thyroid nodules based on ultrasound dynamic videos, and their
clinical application value was explored.

Methods
Data source

With informed consent exempted in this study, patient data were
analyzed anonymously, and all personal information was removed from
the final results. The study was approved by the ethics committee of the
hospital and conducted in accordance with the Declaration of Helsinki. In
this study, we retrospectively collected the thyroid nodule cases receiving
surgery from January 2020 to December 2020 from the ultrasound
database of Zhejiang Cancer Hospital. All patients underwent routine
ultrasonography in the Ultrasound Department of the hospital, with
complete dynamic ultrasound video data available. The ultrasonography
was performed using Philips iU 22 and GE E 9 color Doppler ultrasound
diagnostic instruments equipped with 9L-4 linear array probe with a
frequency of 10-12 MHz. All patients were examined in the supine
position with the neck straight. Both sides of the neck were fully exposed,
and the thyroid gland was scanned in the transverse and longitudinal axes.
The acquisition of ultrasound dynamic videos was completed by two
ultrasound radiologists with more than 5 years” experience.

Inclusion and exclusion criteria

The criteria for nodule cases included in this study were as follows: ®
patients aged > 18 years; @ underwent total or unilateral thyroidectomy
in our hospital; ® clear pathological results within 1 month after surgery;
@ clear ultrasound dynamic video images retained. The exclusion criteria
were as follows: @ nodule diameter < 3 mm; @ pathological results were
not available or were unclear; ® video images did not show nodules
clearly or showed them in poor quality; @ ultrasonography findings
showed inconsistent site or size of the lesion; ® received chemotherapy
and/or radiotherapy such as iodine 131 before ultrasonography. Criteria
for dynamic video saving: @ the entire process from the appearance to the
disappearance of the nodule was completely acquired; @ the shape and
surroundings of the nodule were fully exposed during the acquisition; @
the length of videos acquired was not less than 10 s. All video data were
stored in DICOM format on the hard disk of the machine.

All cases enrolled had clear postoperative pathology.
Postoperative pathological data were provided by the Department
of Pathology, Zhejiang Cancer Hospital. All pathological assessments
were performed based on HE-stained whole-slide images by using
The Bethesda System For Reporting Thyroid Cytopathology
(TBSRTC) (9). Only the nodules with clear pathological types of
Bethesda Class I, II, or VI were included for training.
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Data classification and processing

In this study, thyroid ultrasound dynamic videos of 657 patients
were collected. With some unsatisfactory excluded against the
exclusion criteria, we obtained ultrasound dynamic videos of a total
of 1018 nodules. According to the pathological results, we divided
these videos into benign or malignant nodule groups. In this study,
the total videos were randomly divided into either training or test sets
in a ratio of 7:3, and the test set was subdivided into internal or
external test sets in a ratio of 1:1. A total of 713 videos were used for
model training—153 videos for internal and 152 videos for external
tests (Figure 1). Two attending ultrasound radiologists with more
than 5 years’ working experience read the included nodule videos
separately. In case of any doubt regarding the results, the chief
(associate chief) ultrasound radiologist was available for assistance,
and the comments from this ultrasound radiologist should prevail.

For the processing of thyroid ultrasound videos, we utilized
Python language-based Pydicom and OpenCV packages to read the
raw data in Digital Imaging and Communications in Medicine
(DICOM). After original video data were available, the nodule

10.3389/fonc.2022.1066508

region was extracted first. The extraction of the nodule region in
the video is difficult because there are varying thyroid nodule images
from 300 to 3600 frames in the videos in this data set calculated based
on the varying length of the video from 10 to 120 seconds and a frame
rate of 30 frames per second (Figure 2). It would be both time and
labor consuming for clinicians to mark each frame of the video.
Therefore, the clinician herein selected 1-10 frames with clear nodule
features for each video to mark the nodule region in a rectangle box.
Using this approach has two advantages: first, the clinician does not
need to spend a lot of time marking the nodule region in the video
because only 1-10 frames need to be marked; second, after the nodule
region is marked on a specific frame, the sequence containing a total
of adjacent 60 frames of the marked frame is selected and stitched on
the channel dimension as a video clip.

Because the nodule position changed little within 2 seconds, the
nodule region marking on a specific frame was applicable to its
adjacent frames, thus substantially reducing the physician’s marking
time. One to ten video clips can be obtained by marking one video. To
cover more important tissues and make the model more robust, the
rectangle box of the marked nodule region was expanded herein by

( All cases with postoperative pathology ’
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‘ 1018 ultrasound dynamic videos from 653 patients ]
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FIGURE 1
Flow chart for inclusion and exclusion criteria.
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Overall flow chart for DL models deployment.

1.5 times along the four directions (i.e., up, down, left, right) so that
the marked region can cover more nodules and important features
(22, 23) (Figure 3). Data augmentation, including random translation
(if the bounding box exceeded the frame boundary, it will be
discarded), random cropping, and adding Gaussian noise with a
mean value of 0 and a variance of 1, was used to increase the
diversity of data and avoid the risk of overfitting.

For the selection of static images in the comparative experiment,
the frames with marked nodule regions were trained and tested as
static images herein. All data were standardized by subtracting the
overall mean and dividing by the variance, and they were structured
into TFRecord format to improve the utilization of graphics
processing units and accelerate training.

Expand
rectangle
box & 1

Apply to
adjacent |
60 frames |

FIGURE 3

Nodule position on one of the frames was only marked for each video clip, and the marking box for the marking on all frames in the video clip was

appropriately expanded.
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We utilized five DL models—DenseNet121 (24), ResNet50 (25),
InceptionV3 (26), long short-term memory (LSTM) (27) and a self-
built small network named Conv4—to model the extracted videos by
category by analyzing and comparing the parameters and structures
of these networks. DL can construct the correct mapping from nodule
video data to classification of benign and malignant nodules based on
a large amount of data by simulating the feature-extraction method of
clinicians. The five networks used herein have their own advantages.
DenseNetl121 contains dense connections and has the ability to
efficiently extract features based on fewer parameters; InceptionV3
can extract more complex features due to its network width; ResNet50
can prevent exploding or vanishing gradients via its unique skip-
connection; LSTM is a recurrent neural network that excels at
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classifying, processing, and predicting long sequence data.; to prevent ~ performed with Python language-based matplotlib and
network overfitting due to a too-small dataset, a small network  sklearn packages.

containing only four convolutional layers was constructed herein, Moreover, the kappa coefficient was calculated using the criteria
named Conv4. All video clips were resized to 224 x 224 x 60 to meet ~ of Landis (28) to evaluate the agreement between the result
the network’s requirement for the same input size before they are  predicted by the network and the pathological gold standard. All
input into the network. The five networks were first iteratively trained  calculated P values for 95% CIs were less than 0.05 and were
and back-propagated to adjust the parameters based on the training  statistically significant.

set, and the parameters were fixed after the network converged and

tested on the internal and external test sets. In the network training,

the video clips from various videos were mixed and randomly input ~ Regylts

into the networks; in contrast, in the test stage, to avoid the video clips
from the same nodule video present in both training and test sets, we

In this study, thyroid ultrasound dynamic videos of 653 patients

utilized the networks to test the video clips from the same video  ore collected. The training test set included 90 males and 347

separately and determined the final classification of this video through o o106 with a mean age of 46.59 + 11.56 years and a mean lump
soft voting, size of 12.85 + 11.54 mm. The internal test set included 25 males and

To compare the effects of different networks and training  gg females, with a mean age of 47.80 + 12.31 years and a mean lump
mechanisms on the identification more effectively, the hyper- ;e of14.25 + 10.56 mm. The external test set included 29 males and

parameters of all experimental groups were unified herein using an 79 ferales with a mean age of 47.30 + 11.89 years and a mean lump
optimized algorithm Adam, with the momentum value set to 0.9, the size of 14.66 + 11.13 mm (Table 1).

initial learning rate set to 0.001, 100 epochs run in each experiment, Tables 2-4 and Figure 4 show the comparative performance of the

the Batchsize set to 128, and the Dropout value set to 0.5. All o0 CNN models (Conv4, DenseNet121, ResNet50, InceptionV3 and
experiments herein were implemented by the Keras 2.1.5 and

Tensorflow 1.6.0 frameworks under the Ubuntul6.04 system, using
a host equipped with Intel (R) Core (TM) i7-8700@3.2G and NVIDIA 1o ejyer operating characteristic curve (AUROC) was 0.929(95% CI:
TITAN V 12GB GPU. 0.888,0.970)for the best-performing model LSTM, 0.927(95% CIL:
0.885,0.969)for Conv4,0.876(95% CI: 0.823,0.928)for DenseNet121,

0.896(95% CI: 0.848,0.945) for ResNet50, and0.917(95% CI:

Statistical analysis 0.873,0.961)for InceptionV3. Two radiologists interpreted the small
video with AUROC values of 0.760 (95% CI: 0.653,0.867) and 0.815

The area under the receiver operating characteristic curve  (95% CI: 0.778,0.853), respectively. The five DLs all performed better
(AUROC) was used herein to demonstrate the ability of each DL than the ultrasound radiologists in identifying thyroid nodules. In
model to distinguish benign from malignant thyroid nodules based on  terms of accuracy, sensitivity, and specificity, the best-performing DL

LSTM) vs. the ultrasound radiologists in distinguishing benign from
malignant thyroid nodules. In the internal test set, the area under the

videos. In addition, the comprehensive performance of networks was  had an accuracy of 91.3%(95% CI: 0.868,0.958), and both radiologists
evaluated based on the sensitivity, specificity, positive predictive value  had an accuracy of 79.3% (95% CI: 0.717,0.863). The sensitivity of the
(PPV), negative predictive value (NPV), and accuracy, and the 95%  best-performing DL model was94.5%(95% CI: 0.902,0.988), and the
CI of each index was calculated using the DeLong method.  sensitivity of the radiologists * readings was 82.4% (95% CI: 0.737,
Calculation of all indexes and plotting of ROC curves were both ~ 0.911) and 85.1% (95% CI: 0.770,0.932), respectively. For specificity,

TABLE 1 Baseline characteristics.

Training dataset Internal dataset External dataset
n=437 n=113 n=108
Age (mean + SD) 4659 + 11.56(23,83) 47.80 + 12.31 (23, 74) 47.30 + 11.89 (18, 75)
18-30 46(11%) 12 (11%) 10 (9%)
31-50 216(49%) 51 (45%) 51 (47%)
> 50 175(40%) 50 (44%) 47 (44%)
Sex
Male 90(21%) 25 (22%) 29 (27%)
Female 347(79%) 88 (78%) 79 (73%)
Lump size (mm) 12.85 + 11.54(3,83) 1425 + 10.56 (4,47) 14.66 + 11.13 (4,58)
3-10 269(62%) 64 (57%) 57 (53%)
11-20 92(21%) 24 (21%) 28 (26%)
>20 76(17%) 25 (22%) 23 (21%)
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TABLE 2 Diagnostic performance of DL model in internal test set.

Accuracy
(95% CI)

Conv4

0.913 (0.868,0.958)

ResNet50

0.853 (0.797,0.910)

InceptionV3

0.873 (0.820,0.927)

DenseNet121

0.880 (0.828,0.932)

10.3389/fonc.2022.1066508

LSTM

0.913 (0.868,0.958)

Picture

0.770
(0.729, 0.810)

Sensitivity
(95% CI)

0.936 (0.890,0.982)

0.881 (0.820,0.942)

0.899 (0.843,0.956)

0.908 (0.854,0.962)

0.945 (0.902,0.988)

0.776
(0.731, 0.820)

Specificity
(95% CI)

PPV (95% CI)

NPV (95% CI)

AUROC (95% CI)

0.854 (0.745,0.962

0.944 (0.901,0.988)

0.833 (0.721,0.946)

0.927 (0.885,0.969)

0.780 (0.654,0.907)

0.914 (0.861,0.968)

0.711 (0.579,0.844)

0.896 (0.848,0.945)

0.805 (0.684,0.926)

0.925 (0.874,0.975)

0.750 (0.622,0.878)

0.917 (0.873,0.961)

0.805 (0.684,0.926)

0.925 (0.875,0.975)

0.767 (0.641,0.894)

0.876 (0.823,0.928)

0.829 (0.714,0.944)

0.936 (0.891,0.982)

0.850 (0.739,0.961)

0.929 (0.888,0.970)

0.739
(0.636, 0.843)

0.936
(0.907, 0.965)

0.402
(0.316, 0.487)

0.833 (0.797, 0.869)

K (Kappa) 0.783 0.642 0.688 0.702 0.780 0.386
F1 0.940 0.897 0.912 0917 0.941 0.848
P-value All <0.05

the best-performing DL model was 85.4%(95% CI: 0.745,0.962, and
the specificity of the radiologists was 73.0% (95% CI: 0.587,0.873) and
67.5% (95% CI: 0.524,0.826), respectively. It can be seen that in terms
of accuracy, sensitivity, and specificity, the DL model performed
better than the radiologists. All five models were highly stable, with a
kappa value exceeding 0.05 and a P value less than 0.5. In the external
test set, the best-performing DL model had AUROC values of 0.896
(95% CI: 0.847,0.945), and two ultrasound radiologist had AUROC
values of 0.754 (95% CI: 0.649,0.850) and 0.833 (95% CI: 0.797,0.869).
In terms of accuracy, sensitivity, and specificity, the best-performing
DL algorithm had an accuracy of 91.9%(95% CI: 0.875,0.963), and the
two ultrasound radiologist had an accuracy of 80.4% (95% CI:
0.728,0.879) and 82.2% (95% CI: 0.750,0.895). The sensitivity of the
best-performing DL algorithm was 97.4%(95% CI: 0.945,1.003), and
the sensitivity of the ultrasound radiologists ‘ readings was 82.7%
(95% CI: 0.745, 0.910) and 80.2% (95% CI: 0.716,0.889), respectively.
For specificity, the best-performing DL algorithm was 87.9% (95% CI:

TABLE 3 Diagnostic performance of DL model in external test set.

0.767, 0.990), and the specificity of the ultrasound radiologists was
73.1% (95% CI: 0.560,0.910) and 88.7% (95% CI: 0.762,1.007),
respectively, demonstrating that the DL models trained based on
dynamic videos performed better than the ultrasound radiologists. In
addition, we compared an image screenshot that showed the nodule
position and morphology most clearly in each video with the dynamic
video. In the external test set, the AUROC of the static image was
0.815 (95% CI: 0.778, 0.853), the accuracy was 74.8% (95% CI: 0.705,
0.790), the sensitivity was 74.0% (95% CI: 0.694, 0.787), and the
specificity was 78.2% (95% CI: 0.689, 0.880). In the internal test set,
the AUROC of the static image was 0.833 (95% CI: 0.797, 0.869), the
accuracy was 77.0% (95% CI: 0.729, 0.810), the sensitivity was 77.6%
(95% CI: 0.731, 0.820), and the specificity was 73.9% (95% CI: 0.636,
0.843). It can be concluded that the diagnostic performance of the
static image is not as good as that of the dynamic video in both the
internal and external test sets. This finding indicates that the DL
model trained based on the dynamic video has prominent advantages

Conv4 ResNet50 InceptionV3 DenseNet121 LSTM Picture
Accuracy 0.919 (0.875,0.963) 0.905 (0.858,0.953) 0.905 (0.858,0.953) 0.863 (0.807,0.919) 0.912 (0.867,0.958) 0748
(95% CI) ’ e ’ R ' R ’ e ’ R (0.705, 0.790)
Sensitivi 0.740
ensitivity 0.974 (0.945,1.003) 0.930 (0.884,0.977) 0.913 (0.862,0.965) 0.870 (0.808,0.931) 0.939 (0.895,0.983)
(95% CI) (0.694, 0.787)
Specificity 0.782
0.727 (0.575,0.879) 0.818 (0.687,0.950) 0.879 (0.767,0.990) 0.839 (0.709,0.968) 0.818 (0.687,0.950)
(95% CI) (0.685, 0.880)

PPV (95% CI) 0.926 (0.879,0.972) 0.947 (0.906,0.988)

0.963 (0.928,0.999)

0.943

0.952 (0.912,0.993) (0,916, 0.971)

0.947 (0.906,0.988)

0.380

NPV (95% CI)

AUROC (95% CI)

0.889 (0.770,1.007)

0.836 (0.776,0.896)

0.771 (0.632,0.911)

0.895 (0.846,0.945)

0.744 (0.607,0.881)

0.888 (0.837,0.939)

0.634 (0.487,0.782)

0.860 (0.804,0.916)

0.794 (0.658,0.930)

0.896 (0.847,0.945)

(0.300, 0.460)

0.815 (0.778,0.853)

K (Kappa) 0.750 0.733 0.744 0.634 0.749 0.368
F1 0.949 0.939 0.938 0.909 0.943 0.830
P-value Al 1<0.05
Frontiers in Oncology 06 frontiersin.org
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TABLE 4 Performance of radiologists in reading videos.

External Test Set

Internal Test Set

Radiologist 1 Radiologist 2 Radiologist 1 Radiologist 2
Accuracy 0.793 0.793 0.804 0.822
(95% CI) (0.717,0.868) (0.717,0.868) (0.728,0.879) (0.750,0.895)
Sensitivity 0.824 0.851 0.827 0.802
(95% CI) (0.737,0.911) (0.770,0.932) (0.745,0.910) (0.716,0.889)
Specificity 0.730 0.675 0.731 0.886
(95% CI) (0.587,0.873) (0.524,826) (0.560,0.901) (0.762,1.007)
0.859 0.840 0.905 0.956
PPV(95% CI)
(0.778,0.940) (0.757,0.923) (0.839,0.972) (0.907,1.004)
0.675 0.694 0.576 0.590
NPV (95% CI)
(0.530,0.820) (0.543,0.845) (0.407,0.744) (0.435,0.744)
0.760 0.815 0.754 0.833
AUROC (95% CI)
(0.653,0.867) (0.778,0.853) (0.649,0.858) (0.797,0.869)
K(Kappa) 0.543 0.531 0.511 0.587
F1 0.841 0.846 0.865 0.872
P-value All < 0.05
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FIGURE 4
ROC curves for different models and ultrasound radiologists’ interpretations: (A) ROC curve for 5 DL learning models trained on video clips using internal
test set; (B) ROC curve for models trained on video clips and static images using internal test set; (C) ROC curve for 5 DL models trained on video clips
using external test set; (D) ROC curve for models trained on video clips and static images using external test set.
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over the static image in distinguishing benign and malignant thyroid
nodules in terms of accuracy, sensitivity, and specificity.

In addition, we performed a DeLong test to check the significance
of the differences between the video-based DL model, the static image-
based DL, and the video-based interpretation by the ultrasound
radiologists using the external test set. As shown in Table 4, there
was a significant difference (p < 0.0001) between the five video-based
DL models and the static image-based model, as well as between the
five video-based DL models and the ultrasound radiologists, further
demonstrating that the video-based DL model has specific advantages
over the ultrasound radiologists and the static image-based model in
distinguishing benign from malignant thyroid nodules. For clinical
use, we calculated the model weight, resident memory occupied by the
model while running, and the inference speed of the CPU and GPU
for each model. We calculated the total time required for each model
to perform inference on all test and validation sets and took the
average value. The results are shown in Tables 5 and 6.

Discussion

In this study, DL models were established based on ultrasound
dynamic videos to distinguish between benign and malignant thyroid
nodules more comprehensively. According to the results, the DL
models used herein exhibited high accuracy, sensitivity, and
specificity in distinguishing benign and malignant thyroid nodules
in both the internal and external test sets, which outperformed the
manual interpretation by the ultrasound radiologists.

In recent years, with higher health awareness among people and
more advanced medical devices, the detection rate of thyroid nodules is
increasing, making it one of the most prevalent diseases in humans (29).
Ultrasonography is currently the preferred imaging modality for

10.3389/fonc.2022.1066508

screening thyroid nodules in clinical practice, and the subsequent
treatment plan is based on the ultrasonography result, either
continued follow-up or surgery (30). Thyroid nodules are
characterized by homogeneous echogenicity, indistinct borders, and
varying morphology on different ultrasound instruments, so that
ultrasound radiologists cannot accurately identify them and give
results without differences (31). The manual interpretation herein was
made independently by an ultrasound radiologist, following the advice
of a senior physician if necessary. In the daily work environment,
ultrasound radiologists are often required to independently interpret the
found nodules. Therefore, the interpretation results are frequently
different due to subjective factors and the work experience of the
radiologists, and seeking advice from a senior physician represents a
major expenditure of manpower and effort. DL models have advantages
in addressing heterogeneity because they can extract engineering
features of different nodules and are not limited by the benign and
malignant nodule criteria adopted by physicians in identifying nodule
features, thereby ensuring consistent results. Another advantage of DL
models is that they can interpret the input nodules immediately, which
saves a substantial amount of time and improves clinical work efficiency.

Previous studies have demonstrated the automated identification
capability of DL models. Ko (32) designed three DL models to track and
test 589 thyroid nodules, and the AUROC of the three DL models was
0.845, 0.835, and 0.850, respectively, which was not significantly different
from the AUROC of 0.805-0.860 of the ultrasound radiologists,
demonstrating that the DL models have a comparable diagnostic
capability to ultrasound radiologists. In a multicenter study by Koh
(12), 15375 thyroid nodule ultrasound images were trained with two DL
models in order to compare the performance between the DL models and
ultrasound radiologists in distinguishing benign and malignant thyroid
nodules, and results showed that the DL models had similar sensitivity
and higher specificity in identifying thyroid cancer patients compared

TABLE 5 The p-values of the DeLong test for different methods in the external test set.

Methods DenseNet121 ResNet50 InceptionV3 Conv4 LSTM Static Radiologists
DenseNet121 1.0000 0.1238 0.4995 0.2503 0.2034 <0.0001 <0.0001
ResNet50 0.1238 1.0000 0.3831 0.2099 0.3532 <0.0001 <0.0001
InceptionV3 0.4995 0.3831 1.0000 0.5802 0.2964 <0.0001 <0.0001
Conv4 0.2503 0.2099 0.5802 1.0000 0.4925 <0.0001 <0.0001
LSTM 0.2034 0.3532 0.2964 0.4925 1.0000 <0.0001 <0.0001
Static <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 1.0000 0.3559
Radiologists <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 0.3559 1.0000
TABLE 6 Model weight, model memory and inference time.
Methods DenseNet121 ResNet50 InceptionV3 Conv4 LSTM
Model Weight (GB) 0.0296 0.0954 0.0878 0.0113 0.0248
Resident Memory Usage (GB) 1.1800 1.1622 1.1237 1.1388 3.7143
Inference Time (s)/Clip on CPU 0.1176 0.1075 0.0989 0.0769 0.2100
Inference Time (s)/Clip on GPU 0.0761 0.0521 0.0644 0.0431 0.0667
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with a group of skilled ultrasound radiologists. The DL models were also
used herein for training based on dynamic videos and static images,
respectively. From our findings, it can be seen that all DL models had a
better capability in distinguishing benign and malignant nodules than the
ultrasound radiologists, whether based on static images or dynamic
videos, demonstrating the automated identification capability of DL
models. Sui (1) simulated real clinical settings and distinguished benign
and malignant thyroid nodules with 500 dynamic videos after the first
round of static image reading. The AUROC increased from 0.862 to
0.873, and then increased to 0.877 after DL models were adopted to
support the interpretation. In this study, dynamic videos were only
included in the manual interpretation stage so as to improve the
ultrasound radiologists” accuracy by providing more information about
nodules. The models were trained based on dynamic videos to identify
thyroid nodules herein, and the results showed that DL models
performed better than the ultrasound radiologists.

The models selected in the above studies (11, 13) were all trained
based on static ultrasound images. However, in actual clinical practice,
static images cannot completely simulate the clinical setting because
they often do not cover the suspicious features of all nodules (33-35),
potentially leading to some suspicious nodule features being missed,
thus affecting the accuracy of the results. To display more complete
feature information in static images as much as possible, ultrasound
radiologists will spend more time and energy. Therefore, we plan to
eliminate the above disadvantages by training DL models based on
dynamic ultrasound videos (Figure 5). From our findings, it can be seen
that models demonstrated better specificity, sensitivity, and accuracy in
nodule identification in dynamic videos than in static images. DL

FIGURE 5

10.3389/fonc.2022.1066508

increased data diversity. The thyroid nodules included herein were
not limited to pathological type; this approach improved the clinical
application value to some extent. There are also significant
limitations in this study. First, the total sample size is small. Only
the ultrasound video data within one year in one hospital are
included, and most of the patients in the cohort are from the same
or similar regions and cannot represent the entire population,
causing errors in the study’s results. Therefore, multicenter studies
with more data are required in the future. Second, the malignant
cases in the data source center account for a high proportion, and the
ratio of benign to malignant cases is not, therefore, as close as 1:1; this
issue could lead to differences in the diagnostic performance of DL
models for benign and malignant nodules. Therefore, more benign
cases will be included in future studies. This study has potential
clinical value. On the one hand, the DL models used herein can help
ultrasound radiologists judge benign and malignant thyroid nodules
in a close-to-real clinical setting, contributing to the development of a
subsequent treatment plan and provision of accurate and timely
medical services for patients. On the other hand, the accurate
identification of benign and malignant thyroid nodules may avoid
unnecessary fine-needle aspiration and surgery, reducing excessive
medical treatment and waste of medical resources. Finally, medical
resources are unbalanced between urban and rural areas in China and
around the world, and the DL models adopted herein are helpful in
solving this situation. In summary, the differential diagnosis of
benign and malignant thyroid nodules by DL models based on
ultrasound dynamic videos is worthy of further investigation and
validation in prospective clinical trials.

Frame 60

Ultrasound video showing more about the nature of the nodule than the static image: Frames 1 and 36 show the different morphology of the calcification in
the nodule; frame 36 shows only a small part of punctate calcification in the periphery; frame 1 illustrates clear annular calcification in the periphery of the
nodule; frame 48 shows aspect ratio imbalance of the nodule (i.e., greater height than length); frame 60 illustrates the solid composition of the nodule. This
video completely shows three different malignancy features of the nodule: calcification, aspect ratio imbalance, and solid composition.

models trained based on videos and images both performed better than
the ultrasound radiologists in diagnosing nodules.

The thyroid ultrasound videos used in this study were produced
by several different types of ultrasound instruments, contributing to

Frontiers in Oncology

09

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

frontiersin.org


https://doi.org/10.3389/fonc.2022.1066508
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Ni et al.

Ethics statement

The need for written informed consent was waived by the Ethics
Committee of Zhejiang Cancer Hospital due to the retrospective nature of
the study. The study was conducted in accordance with the principles of
the Declaration of Helsinki, and the study protocol was approved by the
ethics committee of Zhejiang Cancer Hospital Because of the retrospective
nature of the study, patient consent for inclusion was waived.

Author contributions

DX contributed to the conception of the study. CN contributed to
the data collection, organization and wrote the full article. BJF
contributed to the construction of the deep learning model, revision
of the manuscript, and the production of some figures in the
manuscript. JCY contributed constructive suggestions on the
construction of the depth model. XQZ contributed to the
translation of the manuscript language. JES, DO, CJP contributed to
the collation of some of the data. All authors contributed to the article
and approved the submitted version.

References

1. Peng S, Liu Y, Lv W, Liu L, Zhou Q, Yang H, et al. Deep learning-based artificial
intelligence model to assist thyroid nodule diagnosis and management: a multicentre
diagnostic study. Lancet Digit Health (2021) 3(4):e250-¢€9. doi: 10.1016/52589-7500(21)
00041-8

2. Gambardella C, Tartaglia E, Nunziata A, Izzo G, Siciliano G, Cavallo F, et al. Clinical
significance of prophylactic central compartment neck dissection in the treatment of
clinically node-negative papillary thyroid cancer patients. World J Surg Oncol (2016) 14
(1):247. doi: 10.1186/s12957-016-1003-5

3. Gharib H, Papini E, Paschke R, Duick DS, Valcavi R, Hegedus L, et al. American
association of clinical endocrinologists, associazione medici endocrinologi, and european
thyroid association medical guidelines for clinical practice for the diagnosis and
management of thyroid nodules: executive summary of recommendations. Endocr
Pract (2010) 16(3):468-75. doi: 10.4158/EP.16.3.468

4. Wu GG, Lv WZ, Yin R, Xu JW, Yan Y], Chen RX, et al. Deep learning based on acr
ti-rads can improve the differential diagnosis of thyroid nodules. Front Oncol (2021)
11:575166. doi: 10.3389/fonc.2021.575166

5. Tessler FN, Middleton WD, Grant EG, Hoang JK, Berland LL, Teefey SA, et al. Acr
thyroid imaging, reporting and data system (ti-rads): white paper of the acr ti-rads
committee. ] Am Coll Radiol (2017) 14(5):587-95. doi: 10.1016/j.jacr.2017.01.046

6. Zhao Z, Yang C, Wang Q, Zhang H, Shi L, Zhang Z. A deep learning-based method
for detecting and classifying the ultrasound images of suspicious thyroid nodules. Med
Phys (2021) 48(12):7959-70. doi: 10.1002/mp.15319

7. Haugen BR, Alexander EK, Bible KC, Doherty GM, Mandel SJ, Nikiforov YE, et al.
American thyroid association management guidelines for adult patients with thyroid
nodules and differentiated thyroid cancer: the american thyroid association guidelines
task force on thyroid nodules and differentiated thyroid cancer. Thyroid (20152016) 26
(1):1-133. doi: 10.1089/thy.2015.0020

8. Zahir ST, Vakili M, Ghaneei A, Sharahjin NS, Heidari F. Ultrasound assistance in
differentiating malignant thyroid nodules from benign ones. ] Ayub Med Coll Abbottabad
(2016) 28(4):644-9.

9. Anas EMA, Mousavi P, Abolmaesumi P. A deep learning approach for real time
prostate segmentation in freehand ultrasound guided biopsy. Med Image Anal (2018)
48:107-16. doi: 10.1016/j.media.2018.05.010

10. ZhangF, Breger A, Cho KIK, Ning L, Westin CF, O'Donnell L], et al. Deep learning
based segmentation of brain tissue from diffusion mri. Neuroimage (2021) 233:117934.
doi: 10.1016/j.neuroimage.2021.117934

11. Ma J, Wu F, Jiang T, Zhao Q, Kong D. Ultrasound image-based thyroid nodule
automatic segmentation using convolutional neural networks. Int ] Comput Assist Radiol
Surg (2017) 12(11):1895-910. doi: 10.1007/s11548-017-1649-7

Frontiers in Oncology

10.3389/fonc.2022.1066508

Funding

This work was supported by The National Natural Science
Foundation of China(No.82071946) and The Zhejiang Provincial
Natural Science Foundation of China(No.LSD19H180001).

Conflict of interest

Author XQZ is employed by Esaote Shenzhen Medical Equipment.

The remaining authors declare that the research was conducted in
the absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

12. Shen YT, Chen L, Yue WW, Xu HX. Artificial intelligence in ultrasound. Eur J
Radiol (2021) 139:109717. doi: 10.1016/j.ejrad.2021.109717

13. Yao JC, Wang T, Hou GH, Ou D, Li W, Zhu QD, et al. Ai detection of mild covid-
19 pneumonia from chest ct scans. Eur Radiol (2021) 31(9):7192-201. doi: 10.1007/
s00330-021-07797-x

14. Ngiam KY, Khor IW. Big data and machine learning algorithms for health-
care delivery. Lancet Oncol (2019) 20(5):e262-e73. doi: 10.1016/S1470-2045(19)
30149-4

15. Hinton G. Deep learning-a technology with the potential to transform health care.
JAMA (2018) 320(11):1101-2. doi: 10.1001/jama.2018.11100

16. Bi WL, Hosny A, Schabath MB, Giger ML, Birkbak NJ, Mehrtash A, et al. Artificial
intelligence in cancer imaging: clinical challenges and applications. CA Cancer ] Clin
(2019) 69(2):127-57. doi: 10.3322/caac.21552

17. ZhengX, Yao Z, Huang Y, Yu Y, Wang Y, Liu Y, et al. Deep learning radiomics can
predict axillary lymph node status in early-stage breast cancer. Nat Commun (2020) 11
(1):1236. doi: 10.1038/s41467-020-15027-z

18. Buda M, Wildman-Tobriner B, Hoang JK, Thayer D, Tessler FN, Middleton WD, et al.
Management of thyroid nodules seen on us images: deep learning may match performance of
radiologists. Radiology (2019) 292(3):695-701. doi: 10.1148/radiol.2019181343

19. Lee E, Ha H, Kim HJ, Moon H]J, Byon JH, Huh §, et al. Differentiation of thyroid
nodules on us using features learned and extracted from various convolutional neural
networks. Sci Rep (2019) 9(1):19854. doi: 10.1038/s41598-019-56395-x

20. Wang L, Yang S, Yang S, Zhao C, Tian G, Gao Y, et al. Automatic thyroid nodule
recognition and diagnosis in ultrasound imaging with the yolov2 neural network. World J
Surg Oncol (2019) 17(1):12. doi: 10.1186/s12957-019-1558-z

21. Yu], DengY, Liu T, Zhou J, Jia X, Xiao T, et al. Lymph node metastasis prediction
of papillary thyroid carcinoma based on transfer learning radiomics. Nat Commun (2020)
11(1):4807. doi: 10.1038/s41467-020-18497-3

22. Cao L, Yang J, Rong Z, Li L, Xia B, You C, et al. A novel attention-guided
convolutional network for the detection of abnormal cervical cells in cervical cancer
screening. Med Image Anal (2021) 73:102197. doi: 10.1016/j.media.2021.102197

23. Azzopardi G, Greco A, Saggese A, Vento M. Fusion of domain-specific and
trainable features for gender recognition from face images. IEEE Access (2018) 6:24171-
83. doi: 10.1109/ACCESS.2018.2823378

24. Niethammer M, Kwitt R, Vialard FX. Metric learning for image registration. Proc IEEE
Comput Soc Conf Comput Vis Pattern Recognit (2019) 2019:8455-64. doi: 10.1109/
cvpr.2019.00866

frontiersin.org


https://doi.org/10.1016/S2589-7500(21)00041-8
https://doi.org/10.1016/S2589-7500(21)00041-8
https://doi.org/10.1186/s12957-016-1003-5
https://doi.org/10.4158/EP.16.3.468
https://doi.org/10.3389/fonc.2021.575166
https://doi.org/10.1016/j.jacr.2017.01.046
https://doi.org/10.1002/mp.15319
https://doi.org/10.1089/thy.2015.0020
https://doi.org/10.1016/j.media.2018.05.010
https://doi.org/10.1016/j.neuroimage.2021.117934
https://doi.org/10.1007/s11548-017-1649-7
https://doi.org/10.1016/j.ejrad.2021.109717
https://doi.org/10.1007/s00330-021-07797-x
https://doi.org/10.1007/s00330-021-07797-x
https://doi.org/10.1016/S1470-2045(19)30149-4
https://doi.org/10.1016/S1470-2045(19)30149-4
https://doi.org/10.1001/jama.2018.11100
https://doi.org/10.3322/caac.21552
https://doi.org/10.1038/s41467-020-15027-z
https://doi.org/10.1148/radiol.2019181343
https://doi.org/10.1038/s41598-019-56395-x
https://doi.org/10.1186/s12957-019-1558-z
https://doi.org/10.1038/s41467-020-18497-3
https://doi.org/10.1016/j.media.2021.102197
https://doi.org/10.1109/ACCESS.2018.2823378
https://doi.org/10.1109/cvpr.2019.00866
https://doi.org/10.1109/cvpr.2019.00866
https://doi.org/10.3389/fonc.2022.1066508
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Ni et al.

25. He K, Zhang X, Ren S, Sun J eds. (2016). Deep residual learning for image
recognition, in: IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
Las Vegas, NV, USA, pp. 770-8. doi: 10.1109/CVPR.2016.90

26. Szegedy C, Wei L, Yangging J, Sermanet P, Reed S, Anguelov D, et al. (2015). Going

deeper with convolutions, in: IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), Boston, MA, USA. pp. 1-9. doi: 10.1109/CVPR.2015.7298594

27. Graves A, Liwicki M, Fernandez S, Bertolami R, Bunke H, Schmidhuber J. A novel
connectionist system for unconstrained handwriting recognition. IEEE Trans Pattern
Anal Mach Intell (2009) 31(5):855-68. doi: 10.1109/TPAMIL2008.137

28. Landis JR, Koch GG. The measurement of observer agreement for categorical data.
Biometrics (1977) 33(1):159-74.

29. Grani G, Sponziello M, Pecce V, Ramundo V, Durante C. Contemporary thyroid
nodule evaluation and management. J Clin Endocrinol Metab (2020) 105(9):2869-83.
doi: 10.1210/clinem/dgaa322

30. Dighe M, Barr R, Bojunga J, Cantisani V, Chammas MC, Cosgrove D, et al.
Thyroid ultrasound: State of the art part 1 - thyroid ultrasound reporting and diffuse
thyroid diseases. Med Ultrason (2017) 19(1):79-93. doi: 10.11152/mu-980

Frontiers in Oncology

1

10.3389/fonc.2022.1066508

31. Li X, Zhang S, Zhang Q, Wei X, Pan Y, Zhao J, et al. Diagnosis of thyroid cancer
using deep convolutional neural network models applied to sonographic images: a
retrospective, multicohort, diagnostic study. Lancet Oncol (2019) 20(2):193-201.
doi: 10.1016/S1470-2045(18)30762-9

32. Ko SY, Lee JH, Yoon JH, Na H, Hong E, Han K, et al. Deep convolutional neural
network for the diagnosis of thyroid nodules on ultrasound. Head Neck (2019) 41(4):885-
91. doi: 10.1002/hed.25415

33. Guang Y, He W, Ning B, Zhang H, Yin C, Zhao M, et al. Deep learning-based
carotid plaque vulnerability classification with multicentre contrast-enhanced ultrasound
video: a comparative diagnostic study. BMJ Open (2021) 11(8):e047528. doi: 10.1136/
bmjopen-2020-047528

34. Shad R, Quach N, Fong R, Kasinpila P, Bowles C, Castro M, et al. Predicting post-
operative right ventricular failure using video-based deep learning. Nat Commun (2021)
12(1):5192. doi: 10.1038/s41467-021-25503-9

35. Rajpurkar P, Park A, Irvin J, Chute C, Bereket M, Mastrodicasa D, et al.
Appendixnet: Deep learning for diagnosis of appendicitis from a small dataset of ct
exams using video pretraining. Sci Rep (2020) 10(1):3958. doi: 10.1038/s41598-020-
61055-6

frontiersin.org


https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2015.7298594
https://doi.org/10.1109/TPAMI.2008.137
https://doi.org/10.1210/clinem/dgaa322
https://doi.org/10.11152/mu-980
https://doi.org/10.1016/S1470-2045(18)30762-9
https://doi.org/10.1002/hed.25415
https://doi.org/10.1136/bmjopen-2020-047528
https://doi.org/10.1136/bmjopen-2020-047528
https://doi.org/10.1038/s41467-021-25503-9
https://doi.org/10.1038/s41598-020-61055-6
https://doi.org/10.1038/s41598-020-61055-6
https://doi.org/10.3389/fonc.2022.1066508
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Value of deep learning models based on ultrasonic dynamic videos for distinguishing thyroid nodules
	Introduction
	Methods
	Data source
	Inclusion and exclusion criteria
	Data classification and processing
	Statistical analysis

	Results
	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


