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Abstract
Objectives The aim of this study was to develop an ultrasound-based nomogram to improve the diagnostic accuracy of the
identification of malignant thyroid nodules.
Methods A total of 1675 histologically proven thyroid nodules (1169 benign, 506 malignant) were included in this study. The
nodules were grouped into the training dataset (n = 700), internal validation dataset (n = 479), or external validation dataset (n =
496). The grayscale ultrasound features included the nodule size, shape, aspect ratio, echogenicity, margins, and calcification
pattern. We applied least absolute shrinkage and selection operator (lasso) regression to select the strongest features for the
nomogram. Nomogram discrimination (area under the receiver operating characteristic curve, AUC) and calibration were
assessed. The nomogram was subjected to bootstrapping validation (1000 bootstrap resamples) to calculate a mean AUC and
95% confidence interval (CI).
Results The nomogram showed good discrimination in the training dataset, with an AUC of 0.936 (95% CI: 0.918–0.953) and
good calibration. Application of the nomogram to the internal validation dataset also resulted in good discrimination (AUC:
0.935; 95% CI, 0.915–0.954) and good calibration. The model tested in an external validation dataset demonstrated a lower AUC
of 0.782 (95% CI: 0.776–0.789).
Conclusions This ultrasound-based nomogram can be used to quantify the probability of malignant thyroid nodules.
Key Points
• Ultrasound examination is helpful in the differential diagnosis of malignant and benign thyroid nodules.
• However, ultrasound accuracy relies heavily on examiner experience.
• A less subjective diagnostic model is desired, and the developed nomogram for thyroid nodules showed good discrimination
and good calibration.
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Abbreviations
AUC Area under the curve
CI Confidence interval
FNA Fine-needle aspiration
Lasso Least absolute shrinkage and selection operator
SD Standard deviation

Introduction

The incidences of thyroid nodules and thyroid cancer are in-
creasing worldwide, largely due to enhanced diagnostic prac-
tices [1]. With the application of ultrasound technology to
thyroid scans, the number of thyroid nodules found using
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non-palpation methods has increased rapidly, to 20–67% in
the general population [2]. China has the largest population in
the world, and the burden of clinical management of thyroid
nodules and thyroid cancer is enormous [3]. A recent large,
community-based study revealed that the prevalence of thy-
roid nodules in Chinese adults on conventional ultrasound
examination was 49%. Nevertheless, only a small percentage
(approximately 5–10%) of thyroid nodules were found to be
malignant [4, 5]. Thus, it is critical to differentiate malignant
from benign thyroid nodules to avoid unnecessary fine needle
aspiration (FNA) biopsy and overtreatment such as surgery.

There are currently several methods available to detect and
evaluate thyroid nodules, including ultrasound, computed to-
mography (CT), magnetic resonance imaging (MRI), radionu-
clide scan, positron emission tomography, and genetic testing
[6–10]. Of these, conventional operator-dependent ultrasound
is the most commonly used method, as it is non-invasive, con-
venient, economical, and non-radioactive [10]. The character-
istics of malignant nodules on conventional ultrasound imaging
include, but are not limited to, the presence of micro-calcifica-
tion, hypoechogenicity, disorganized margins, and a taller-than-
wide shape [3, 11]. However, these features have varying sen-
sitivities and specificities for the diagnosis of malignant thyroid
nodules. The complex structure of nodules results in complex
ultrasound images and some confusion between benign and
malignant nodules. Conventional operator-dependent ultra-
sound cannot satisfactorily distinguish between malignant and
benign thyroid nodules. This practice can be improved with the
use of machine learning methods. By Blearning^ from available
data, these computational methods or models can automatically
select the strongest predictors for clinical outcomes and im-
prove the prediction process [12]. Nomograms are statistical
predictive models that can be used to calculate the probability
of a clinical outcome in an objective way [13]. In recent times,
more doctors have started using nomograms to evaluate indi-
vidual risks [14, 15].

Therefore, the purposes of this study were to identify the
ultrasound features most associated with malignancy with the
help of a machine learning method and to develop an
ultrasound-based nomogram for the diagnosis of malignant
thyroid nodules.

Materials and Methods

Patients and thyroid nodules

Ethical approval was obtained for this retrospective analysis, and
the requirement for informed consent was waived. The training
and internal validation datasets comprised an evaluation of the
medical database from our department to identify patients diag-
nosed with confirmed benign or malignant thyroid nodules be-
tween January 2011 and November 2016. The external

validation dataset comprised of cases from another hospital that
underwent imaging between January 2015 and February 2017.
The inclusion criteria of nodules were as follows: 1) the nodule
was analyzed according to surgical histology within 1 month
after examination, 2) the size of the nodule was ≤ 2.5 cm in its
widest diameter and 3) the nodule had not been previously sur-
gically treated. The exclusion criteria were: 1) inadequate cyto-
logic results and no surgical histology, 2) indeterminate cytologic
results and no surgical histology, 3) the nodule was diagnosed as
Bsuspicious for papillary thyroid carcinoma^ only on cytologic
examination, and did not undergo surgical histology, and 4) du-
plicate nodules, defined as those sharing the same features by
ultrasound, were removed from the dataset to satisfy the require-
ments for machine learning that all observations be independent
of one another.

Conventional grayscale ultrasound imaging
characteristics

WeusedAcusonSequoia512(SiemensHealthineer)and128XP
sonographic scanners (Siemens Healthineers) equipped with
10–12MHz linear probes for conventional ultrasoundmeasure-
ment. In theexternallyvalidatedhospital,LOGIQS7andS8(GE
Healthcare's reporting and image management solution,
ViewPoint* 6) equipped with 6–15 MHz linear probes were
used.Allpatientswereexamined in thesupinepositionwith their
necks extended with a pillow under the shoulders for better ex-
posure of the lower thyroidmargins. Scans of both thyroid lobes
and isthmus were obtained in both transverse and longitudinal
planes. Longitudinal and transverse images of the thyroid were
obtained according to the American College of Radiology ac-
creditation standards, and imageswere recordedonPACSwork-
stations (GE Centricity; GE Healthcare). The grayscale ultra-
sound imagingcharacteristicsofeachnodulewere retrospective-
ly reviewed by two independent radiologists with more than 10
years of experience in thyroid imaging, andwhowere blinded to
the clinical outcome.The imaging characteristics of each nodule
included the size, shape, aspect ratio (height dividedbywidth on
transverse views, A/T), echogenicity, margins, and calcification
pattern. Nodule size was classified according to the maximum
diameter (D), as follows:D ≤ 0.5 cm, 0.5 < D ≤ 1.0cm,1.0 < D
≤ 1.5 cm, 1.5 < D ≤ 2.0 cm, or 2.0 < D ≤ 2.5 cm. Shape was
classified as regular or irregular. TheA/Twas classified as < 1 or
≥ 1. The echogenicity was categorized as hyper-, iso-, hypo-
echogenicity or absence. Margins were classified as well-defined
or ill-defined and the calcification pattern was categorized as non-
calcification, micro-calcification, macro-calcification, or both.

Selection of ultrasound imaging features

We used the least absolute shrinkage and selection operator
(lasso) method to select the most significant features, and then
built a logistic regression model that included the selected
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variables. All variables entered into the model were set as
dummy variables. For the binary logistic regression model,
the negative log-likelihood subjects to the sum of the absolute
value of the coefficients is less than the tuning parameter λ. If
λ is large, there is no effect on the estimated regression pa-
rameters, but as λ decreases, some coefficients may decrease
to zero [16, 17]. We then selected λ with the smallest cross-
validation error. Finally, the model was re-fit using all the
observations and the selected λ. Most of the coefficients were
reduced to zero, and the remaining non-zero coefficients were
selected by lasso.

Development and validation of an individualized
diagnostic nomogram

Nomograms are statistical models that are ideally suited for
individualizing risk assessment. To provide the radiologists
with a quantitative tool to diagnose the individual probability
of malignant thyroid nodules, we built the diagnostic nomo-
gram using the independent predictors selected by lasso to
generate a combined indicator for estimating the probability
of malignant thyroid nodule. The nomogram created in the
training dataset was applied to the internal and external vali-
dation dataset, and the total point for each nodule were calcu-
lated. The nomogram was performed using the total points as
a factor. The area under the receiver operating characteristic
curve (AUC) was measured to quantify the discrimination of
the nomogram. The nomogram was subjected to
bootstrapping validation (1000 bootstrap resamples) to calcu-
late a relatively robust AUC. Calibration curves were plotted
to assess the calibration of the diagnostic nomogram, which
was assessed by plotting the predicted versus the actual prob-
ability for quintiles of the predicted probability of malignancy
within a nodule.

Statistical analysis

The inter- and intra-operator agreement were estimated by
Cohen's Kappa. The grayscale features between benign and
malignant thyroid nodules were compared using the Chi-
square or Fisher’s exact test. We reported the classification
performance of logistic regression with the lasso using the
training, internal validation and external validation datasets.
The performance of the classification method relied heavily
on the tuning of parameter λ, and thus a 10-fold cross-valida-
tion was applied to select λ using the minimum criteria.

The path of the AUC was also reported since the best per-
formance could be obtained by selecting imaging features
most associated with the malignancy. We developed a diag-
nostic nomogram in the training dataset based on the selected
US features and tested it in the internal and external validation
datasets. Nomogram discrimination and calibration were
assessed. We repeated this process 1000 times to obtain the

mean AUC and 95% CI of the models. All statistical analyses
were performed using R version 3.2.3 (R Foundation for
Statistical Computing).

Results

Basic characteristics of patients and nodules

There were 1675 thyroid nodules (training dataset n = 700,
internal validation dataset n = 479, external validation dataset,
n = 496) in 1498 patients, including 1169 (69.8%) benign and
506 (30.2%) malignant nodules. Among the patients, 521
were men and 977 were women with a mean age (± standard
deviation) of the patients of 44.1 ± 13.2 years (range: 18–85
years). Features of these nodules in grayscale ultrasound are
summarized in Table 1. There were significant differences in
shape, aspect ratio, echogenicity, margin and calcification pat-
tern between benign and malignant thyroid nodules (all p <
0.001). However, there was no difference in size between
benign and malignant thyroid nodules (p = 0.825–0.986).

The intra-operator and inter-operator agreement

Intra- or inter-operator agreement of grayscale ultrasound fea-
tures were between 0.76 and 0.98 (Table 2).

Feature selection

Ultrasound imaging features such as shape, aspect ratio,
echogenicity, margin, and calcification pattern had non-zero
coefficients when the lasso logistic regression model was se-
lected (Fig. 1a and b).

Diagnostic performance of the nomogram
in the training dataset

Thenomogramthat incorporatedall five importantdiagnostic fac-
tors was developed and presented. ThemeanAUC for the nomo-
gram was 0.936 (95% CI, 0.918–0.953) for the training dataset
(Fig.2).Thecalibrationcurveof thenomogramfor theprobability
of malignant thyroid nodules showed good agreement between
prediction and observation in the training dataset (Fig. 3a).

Validation of the diagnostic nomogram

Application of the developed nomogram in the internal valida-
tion dataset still yielded good discrimination (AUC, 0.935; 95%
CI, 0.915–0.954). Good calibration was observed for the proba-
bility of a malignancy in the internal validation group (Fig. 3b).
Good calibration was also observed for the probability of malig-
nancy in the external validation (Fig. 3c). The externally
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validated nomogram yielded a lower AUC of 0.782 (95% CI,
0.776–0.789) for the probability of malignancy.

An example of the nomogram in use

For example, the risk of malignancy in patient 1, who has a
nodule with ill-defined margins, irregular shape, aspect ratio
> 1, hypoechogenicity, and microcalcification (Fig. 4a), could
be calculated to be more than 99% (Fig. 4b). Pathology proves
it is a papillary thyroid carcinoma (Fig. 4c, h & e, ×40). Patient
2, who has a nodule with well-defined margins, regular shape,
aspect ratio <1, isoechogenicity, and no calcifications (Fig.
4d), has a risk of less than 10% (Fig. 4e). Pathology confirms
it is a nodular goiter (Fig. 4f, h & e, ×40).

Discussion

We developed and validated an ultrasound-based nomogram
to improve the diagnosis of malignant thyroid nodules ( ≤ 2.5

cm in diameter). The nomogram incorporated five factors of
the conventional ultrasound imaging characteristics of nod-
ules: shape, echogenicity, margins, aspect ratio, and calcifica-
tion pattern. We observed that the nomogram was highly dis-
criminating in both the training dataset and the internal vali-
dation dataset. For external validation, the nomogram demon-
strated a lower AUC. We developed an easy-to-use, repeated,
and economical nomogram that facilitated the individualized
prediction of malignant thyroid nodules.

Fine needle aspiration (FNA) has been widely accepted as
the preferred detection technique for the assessment of non-
toxic thyroid nodules. It is employed primarily in triage to
identify those requiring surgery and to select the appropriate
surgical procedures [18]. However, thyroid FNA has its limi-
tations, due primarily to uncertain cytological features in the
differentiation of benign and malignant follicular neoplasms,
Hurthle cells, hyperplastic nodules, and follicular variants of
papillary cancer [19, 20]. At best, thyroid FNA results are
non-diagnostic, suspicious, or unclear in 20–30% of cases,
and the risk of cancer varies from 5–75.5% in these groups

Table 2 Intra- and inter-operator
grayscale ultrasound feature
measurement reliability: Kappa
coefficient

Intra-operator Inter-operator

Features Operator 1 Operator 2 Measurement 1 Measurement 2

Size 0.91 0.95

Echogenicity 0.79 0.82

Margins 0.76 0.81

Shape 0.78 0.83

Aspect ratio 0.92 0.98

Calcification pattern 0.82 0.87

Fig. 1 Ultrasound imaging feature selection using the least absolute
shrinkage and selection operator (lasso) logistic regression model. a
Identification of the optimal penalization coefficient lambda (λ) in the
lasso model used 10-fold cross-validation and the minimum criterion.

As a result, a λ value of 0.067, with log (λ) = -2.71, was selected. b
lasso coefficient profiles of the eight features. The dotted vertical line
was plotted at the value selected using 10-fold cross-validation in Fig.
1a, for which the optimal λ resulted in five non-zero coefficients
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[19]. At present, very limited clinical features (such as age and
sex) can be considered in the diagnosis of malignant nodules.
Therefore, there is a general consensus that FNA combined
with ultrasound imaging is the preferred method to distinguish
between benign and malignant thyroid nodules.

Conventional ultrasound has become the preferred imaging
method for the diagnosis of thyroid nodules, but the diagnostic
accuracy is influenced by the operator’s experience. Some
previous studies have evaluated the usefulness of the strain

ratio, strain elastography, acoustic radiation force impulse im-
aging, and contrast-enhanced ultrasound to predict malignant
nodules [21–24]. However, the usefulness of these methods
remains controversial and is unconfirmed.

We aimed to develop and validate a less subjective model
to enhance the operator’s diagnostic performance, especially
for operators with low proficiency. This study was conducted
to identify the strongest predictors of malignant thyroid nod-
ules with respect to the following factors: echogenicity,

Fig. 2 Diagnostic nomogram.
The nomogram was developed in
the training dataset, with the size,
shape, aspect ratio, margins,
echogenicity, and calcification
incorporated. The nomogram plot
is provided for the variables
selected and it provides a visible
way to quickly obtain the
individual prediction risk for the
potential patient

Fig. 3 The calibration curves of the nomogram in the training dataset (a),
internal validation dataset (b) and external validation dataset (c) are
reported. The x-axis is the nomogram predicted probability and the y-
axis is the actual probability. The prediction performance can be mea-
sured by the difference of the fitted curve and slope 1 line (diagonal

45-degree line). The diagonal dotted line represents a perfect prediction
by an ideal model. The solid line represents the performance of the
nomogram, of which a closer fit to the diagonal dotted line represents a
better prediction

Eur Radiol (2019) 29:1518–1526 1523



contour, shape, aspect ratio, and calcification. It is recom-
mended that ultrasound characteristics, rather than nodule
size, be used to differentiate nodules, suggesting that thyroid
nodules of any size should be further examined for malignan-
cy [25]. Nodule size was not selected by lasso in our study,
which was consistent with previous studies. In most cancer
patients, the cluster contains a single nodule rather than mul-
tiple nodules. Most nodules in our study were single. No sig-
nificant relationships were found between the number of nod-
ules and malignancy [26]. It is accepted by most researchers
that higher numbers of nodules do not increase the risk of
malignancy [27]. Some previous studies compared the ultra-
sound and FNA results of thyroid nodules to the ultrasound
criteria for the diagnosis of malignancy, including micro-cal-
cification, hypo-echogenicity, taller-than-wide shape, and
poorly defined margins [28, 29]. Consistent with previous
studies, the features selected by lasso were deemed reliable.
On the other hand, contrary to the method used in previous
studies, we used a machine-learning algorithm to build a di-
agnostic model. Machine learning can be broadly defined as a
computational method/model that uses experience (data) to
improve performance or make accurate predictions [15].
These programmable computational methods are capable of

Blearning^ from data and thus can automate and improve the
prediction process. This easy-to-use and effective model only
requires operators to report common ultrasound imaging char-
acteristics. If cervical lymph node metastasis of a thyroid nod-
ule occurs, the nodule will be diagnosed as malignant. The
diagnosis of approximately 70% of nodules without cervical
lymph node metastasis largely depends on this nomogram.

Despite the strong results, our study had several limitations.
First, we did not analyze additional ultrasound characteristics,
such as composition and number of nodules, because they
showed no significant prediction value according to reports
from many previous studies. Secondly, we could not identify
the encapsulated follicular variant of papillary thyroid carci-
noma frommalignant thyroid nodules by ultrasound, though it
has an excellent prognosis (and thus is termed a non-invasive
follicular thyroid neoplasm with papillary-like nuclear fea-
tures) [30]. In addition, because it had been newly reported,
our pathology department had not differentiated it from ma-
lignant nodules. Lastly, our nomogram possibly had some
inherent diagnostic errors (type I and type II errors) or not.
For example, on the one hand, the diagnostic performance of
our model depends on the accuracy of operator-reported im-
aging features, which explains why the AUC of the external

a dc f

b e

Fig. 4 Example of the nomogram in use. (a) shows a nodule (white
arrow) with ill-defined margins, irregular shape, aspect ratio > 1,
hypoechogenicity and microcalcification in patient 1, the risk of
malignancy calculated by nomogram was more than 99% (b).
Representative pathological image confirms a papillary thyroid

carcinoma (c, × 40). (d) shows a nodule (yellow arrow) with well-
defined margins, regular shape, aspect ratio <1, isoechogenicity and no
calcification in patient 2, has a risk of less than 10% (e). Pathological
image demonstrates a nodular goiter (f × 40)
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validation improved to a smaller degree compared to that of
the internal validation. On the other hand, the diagnostic per-
formance of our model in thyroid nodules with inconclusive
due to unclear or inadequate cytologic results. We intend to
investigate this further in the future.

In conclusion, the present study developed and validated an
ultrasound-based machine learning model to improve the di-
agnostic accuracy of the identification of malignant thyroid
nodules. The model can be improved by the operator’s expe-
rience and the addition of more useful imaging features. We
can apply this effective, easy-to-use, non-invasive, comple-
mentary diagnostic tool in clinical practice. The nomogram
will reduce the financial burden imposed on the health system
and the psychological burden on patients. However, the per-
formance of the model should be further investigated using a
prospective dataset.
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