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For example, microcalcifications are present 
in 26–59% of all thyroid cancers, and hy-
poechogenicity is present in 26–87% of all 
thyroid cancers (see [5] for review). Although 
these trends exist in the distinction of benign 
and malignant thyroid nodules, there is also 
overlap in their appearances and no individu-
al feature can reliably separate benign from 
malignant nodules [5]. Most of the articles 
published focus on the sensitivity, specificity, 
and positive predictive value of individual 
features of thyroid cancer. Given the high 
prevalence of thyroid nodules in the adult 
population, most of which are benign, a ratio-
nal selection strategy is needed for determin-
ing which subset of nodules to biopsy because 
it would be cost-prohibitive to biopsy all of 
them. There is thus a clear need for a robust 
approach to estimating the probability that a 
given thyroid nodule is malignant (i.e., need-
ing FNA) given all of the sonographic features 
of the nodule that are mutually informative 
about the underlying disease.
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T
hyroid nodules are extremely com-
mon—found in 4–8% of adults by 
palpation, 10–41% by ultrasound, 
and 50% at autopsy [1, 2]. High-

resolution ultrasound is the primary imaging 
modality for evaluating these nodules. Cur-
rent management guidelines from the Amer-
ican Thyroid Association recommend diag-
nostic thyroid ultrasound for all patients with 
thyroid nodules [3]. Furthermore, potentially 
malignant nodules should undergo ultrasound-
guided fine-needle aspiration (FNA) to achieve 
tissue diagnosis. Accurately deciding whether 
a thyroid nodule is potentially malignant is thus 
crucial; unwarranted suspicion results in exces-
sive biopsies, whereas insufficient suspicion 
leads to missed thyroid malignancies.

Many sonographic features have been de-
scribed and studied individually as potential 
predictors of thyroid malignancy [4]. These 
features include size, multiplicity, echogenic-
ity, presence of microcalcifications, margin, 
contour, shape, architecture, and vascularity. 
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OBJECTIVE. The objective of our study was to create a Bayesian network (BN) that in-
corporates a multitude of imaging features and patient demographic characteristics to guide ra-
diologists in assessing the likelihood of malignancy in suspicious-appearing thyroid nodules.

MATERIALS AND METHODS. We built a BN to combine multiple indicators of the 
malignant potential of thyroid nodules including both imaging and demographic factors. The 
imaging features and conditional probabilities relating those features to diagnoses were com-
piled from an extensive literature review. To evaluate our network, we randomly selected 54 
benign and 45 malignant nodules from 93 adult patients who underwent ultrasound-guided 
biopsy. The final diagnosis in each case was pathologically established. We compared the per-
formance of our network with that of two radiologists who independently evaluated each case 
on a 5-point scale of suspicion for malignancy. Probability estimates of malignancy from the 
BN and radiologists were compared using receiver operating characteristic (ROC) analysis.

RESULTS. The network performed comparably to the two expert radiologists. Using each 
radiologist’s assessment of the imaging features as input to the network, the differences be-
tween the area under the ROC curve (Az) for the BN and for the radiologists were –0.03 (BN 
vs radiologist 1, 0.85 vs 0.88) and –0.01 (BN vs radiologist 2, 0.76 vs 0.77).

CONCLUSION. We created a BN that incorporates a range of sonographic and demo-
graphic features and provides a probability about whether a thyroid nodule is benign or ma-
lignant. The BN distinguished between benign and malignant thyroid nodules as well as the 
expert radiologists did.
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Estimating the probability of an event (e.g., 
malignancy of a thyroid nodule) given a set 
of indicators of that event (e.g., sonographic 
imaging features) is a problem that lends it-
self well to a Bayesian network (BN) mod-
el. These models have been used in many ar-
eas of medicine to estimate the probability 
of disease, such as diagnosing renal cystic le-
sions, predicting breast cancer risk, and iden-
tifying deep venous thrombosis [6–9].

A BN can be created by two different 
methods: It either can be trained from a large 
set of data or can be built without training us-
ing existing knowledge of the sensitivity and 
specificity of the features for predicting dis-
ease. Given that sonographic features predic-
tive of malignancy in thyroid nodules have 
been extensively studied and that the sen-
sitivity and specificity of these features for 
predicting malignancy are readily available 
in the literature, we chose the second meth-
od. This method was also beneficial because 
a large dataset to train the BN would not be 
required, thus permitting all case material to 
be used for testing the model.

We created a BN that incorporates the mul-
titude of imaging features from previously 
published studies. Our hypothesis was that the 
BN can provide an estimate of the probabili-
ty of malignancy with an accuracy similar to 
that of an expert radiologist. The probability of 
disease produced by the BN could be useful in 
providing an objective basis for deciding which 
thyroid nodules should undergo biopsy.

Materials and Methods
This retrospective study was HIPAA compliant 

and was approved by the institutional review board 
(IRB). The requirement for written informed pa-
tient consent was waived by the IRB.

Construction of the Bayesian Network
A BN is a graphical model comprising nodes 

that represent variables in the model, and edges 

between the nodes represent probabilistic rela-
tionships between the variables. Nodes are data 
structures that contain an enumeration of possible 
values that the variables can assume, referred to 
as “states”; they also store probabilities associated 
with each state (e.g., the probability that a find-
ing will be observed in thyroid cancer). The prob-
abilities for each possible state for a given variable 
must always add up to a total of 100% or 1.0 by the 
laws of probability.

We created a BN comprising a node called “thy-
roid nodules” representing the pathologic diagnosis 
of thyroid nodules (i.e., benign or malignant). The 
BN also includes nodes for the sonographic find-
ings (each node named according to the finding), 
with states in the nodes representing the possible 
observations for a given finding (e.g., hypoecho-
ic, isoechoic, hyperechoic). Two nodes in the BN 
were created for patient demographics: age and sex. 
Thus, the BN includes both radiologic and clinical 
information. The BN includes edges connecting the 
nodes that encode the conditional dependence rela-
tionships among the variables. Each of the nodes 
representing sonographic findings is associated 
with a probability table that quantifies the probabil-
ity of each state of the node given the values of in-
coming nodes. The baseline probability, referred to 
as “prior probability,” of thyroid cancer is also in-
cluded in the BN. The structure of our BN is shown 
in Figure 1. To construct our BN and perform infer-
ence, we used the Netica development environment 
(Norsys Software).

We performed an extensive literature review 
to identify specific sonographic features that have 
been well studied as predictors of thyroid malig-
nancy [5, 10–23]. These features were included in 
our network (Table 1). Given that age and sex also 
significantly influence the probability of a nodule 
being malignant, we included these demograph-
ic features in our model. The prior probabilities 
of thyroid malignancies by age and sex were de-
rived from the Surveillance, Epidemiology, and 
End Results (SEER) database [24]. We put cases 
in discrete categories by patient age: < 50 years 

(75% of the study population) and ≥ 50 (25% of 
the study population). Females and males each ac-
count for half of the population. Table 2 shows the 
conditional probability table for malignant nod-
ules given patient age and sex.

The conditional probability tables for the sono-
graphic features were constructed from the litera-
ture review during which we collected data about 
the sensitivity and specificity of each sonograph-
ic feature. The sensitivity and specificity of each 
feature from various studies often differed signifi-
cantly. For example, the sensitivity of microcalci-
fication varies from 26% in some studies to 59% 
in others [14]. To address this large range of val-
ues, we also collected the number of nodules used 
to derive these performance values. We then calcu-
lated the average of the sensitivity and specificity 
for each feature weighted by the number of nodules 
in each study. When needed, we scaled the weight-
ed averages of all possible values for the same sono-
graphic feature so that they summed to 1. In a few 
cases, a weighted average sensitivity and specific-
ity for a feature could not be calculated because of 
marked variation in how these features are catego-
rized in the literature (i.e., architecture and vascu-
larity); for those features, we sought the opinion of 
a radiologist specializing in thyroid imaging. The 
conditional probability tables for the eight sono-
graphic features are shown in Table 3.

Patients
We selected 99 thyroid nodules, 54 benign 

and 45 malignant, from 93 patients (75 females, 
18 males; age range, 16–97 years; mean age, 52 
years) who underwent ultrasound-guided FNA 
from 2003 to 2008 at our institution. The 45 ma-
lignant nodules comprised all the malignant nod-
ules diagnosed during that time period by radiol-
ogists not involved in this study. The 54 benign 
nodules selected were the most recent consecutive 
benign nodules diagnosed during this time period 
by radiologists not involved in this study. All fi-
nal diagnoses were determined by cytology. Thir-
ty patients eventually underwent thyroidectomy at 
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Fig. 1—Flowchart shows Bayesian network for diagnosis of thyroid nodules as benign or malignant.
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our institution. All surgical pathology results con-
firmed cytologic pathology results from FNA. The 
cases were selected consecutively to reduce bias 
related to case selection or case difficulty.

The 45 malignant nodules included 40 papil-
lary thyroid carcinomas, one follicular carcinoma, 
one lymphoma, and one poorly differentiated car-
cinoma. In addition, one follicular adenoma and 
one Hürthle cell adenoma were grouped with the 
malignant nodules because surgical excision and 
pathologic examination are required for definitive 
determination of malignant potential.

Evaluation of Sonographic Images
Two radiologists, one with 8 years of experi-

ence (radiologist 1) and the other with 20 years 
of experience (radiologist 2), independently re-
viewed the sonographic images of the 99 thyroid 
nodules without any knowledge of the prevalence 
of malignancy in this set of nodules. The radiolo-
gists reported whether each sonographic feature 
was present in the images. These observations 
were used by the radiologists to make their deci-
sion about the diagnosis for the case, and the same 
observations were evaluated in the BN to obtain 
the BN’s diagnosis for the same case. To indicate 
their diagnosis for each case, the radiologists rated 
each nodule in terms of suspicion of malignancy 
on a scale of 1–5: 1, benign; 2, probably benign; 3, 
not sure; 4, probably malignant; or 5, malignant. 
These ratings represented the radiologists’ esti-

mates of the probability of malignancy as an or-
dinal variable.

We used the BN to evaluate the probability of 
malignancy for each of the 99 thyroid nodules that 
had been evaluated by the radiologists. For each 
patient, age and sex as well as the sonographic fea-
tures reported by each radiologist separately were 
input into the BN to calculate the probability of 
malignancy. Separate evaluations of the probabil-
ity of malignancy were performed using the read-
ings from each radiologist separately because the 
radiologists may differ in the sonographic features 
they observe. In this way, the probability of malig-
nancy produced by the BN could be directly com-
pared with the suspicion of malignancy assessed 
by the individual radiologist.

Statistical Analyses
To compare the diagnostic accuracy of the radi-

ologists’ assessments based on visual observations 
with that of the BN in evaluating thyroid nodules, 
we used receiver operating characteristic (ROC) 
analysis. Standard binomial ROC curves were gen-
erated for the radiologists and for the BN based on 
each radiologist’s rating of the suspicion of malig-
nancy and the probability assessment from the BN 
by using the maximum likelihood estimation [25]. 
The analyses were implemented using software 
(ROCKIT 1.1B, Kurt Rossmann Laboratories for 
Radiologic Image Research). The overall diagnos-
tic accuracy for the radiologists and the BN were 
estimated by calculating the area under the respec-
tive ROC curves (Az) using the ROCKIT software. 
The differences between the Az value of the BN and 
that of each radiologist were also calculated. To test 
the equivalence in performance between each radi-
ologist and the BN, we performed Westlake equiv-
alence tests on the Az with an equivalence limit of 
0.1 at a confidence level of 95% [26].

Several individual ultrasound features have been 
associated with malignant thyroid nodules [5] that 
could be as useful as the BN. To evaluate the utility 
of single features for diagnosing thyroid nodules, we 
compared the sensitivity and specificity of six such 
individual features—the presence of microcalcifica-
tion, presence of capsular invasion, solid architec-
ture, echogenicity, taller-than-wide shape, and irreg-
ular margins—with the performance of the BN.

TABLE 1: Sonographic Features Included in the Bayesian Network

Sonographic Feature Definition Possible Values Reference(s)

Microcalcification Punctuate echogenic foci without acoustic shadowing or 
associated comet-tail artifact

Microcalcification  [5, 12, 13, 18–22]

Margin Margin of the thyroid nodule Irregular margin  [13, 18–20]

Smooth margin  [23]

Ill-defined margin  [32]

Shape AP dimension > transverse dimension Taller than wide  [5, 16, 18, 19]

Echogenicity The echogenicity of the thyroid nodule relative to surrounding 
thyroid parenchyma

Hypoechoic  [5, 12, 16, 19, 21–23, 32]

Isoechoic  [5, 12, 16, 19, 21–23, 32]

Hyperechoic  [5, 12, 16, 19, 21–23, 32]

Architecture Composition of the thyroid nodule Solid  [5, 13, 15, 16, 19–21, 23, 32, 33]

Almost solid (< 25% cystic)  [23, 32, 33]

Mixed (25–75% cystic)  [32]

Cystic  [13, 15, 16, 23, 32, 33]

Invasion Extension of a nodule beyond the thyroid capsule Extracapsular invasion present  [19–21]

Vascularity Whether flow is seen on color Doppler interrogation Intrinsic vascularity  [12, 13, 15, 16, 23]

Perinodular vascularity  [12, 13, 23]

Avascular  [12, 15, 16, 23]

Ring-down artifact Punctuate echogenic foci associated with comet-tail artifact Ring-down artifact present  [10]

Note—AP = anteroposterior.

TABLE 2: Probability of Malignant 
Thyroid Nodule in Patients 
Given Age and Sex 

Age and Sex
Probability of Malignant 

Thyroid Nodule (p)

< 50 y

Male 0.20

Female 0.12

≥ 50 y

Male 0.30

Female 0.20

Note—Data were derived from the Surveillance, 
Epidemiology, and End Results database [24].
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The Cohen kappa coefficient for interreader 
(radiologist) agreement was calculated using the 
statistical computing language R (R Project for 
Statistical Computing) to measure the degree of 
agreement between the two radiologists regarding 
the presence or absence of each sonographic fea-
ture. A kappa value of up to 0.40 indicated posi-
tive but poor agreement, a kappa value of 0.41–0.75 
indicated good agreement, and a kappa value of 
greater than 0.75 indicated excellent agreement.

Some sonographic features are more informa-
tive about the diagnosis of thyroid nodules than 
others. To measure how much knowing any par-

ticular sonographic feature reduces the uncertain-
ty about the diagnosis of a thyroid nodule, mutual 
information between various nodes representing 
sonographic features and the node representing 
the diagnosis of thyroid nodules (“thyroid nod-
ules”) was calculated using the Netica software.

Results
We evaluated our network using 99 thy-

roid nodules from 93 patients. ROC curves of 
the predictions by the BN and the two radi-
ologists are shown in Figure 2. The Az for the 
BN was similar to those of the radiologists.

Using radiologist 1’s assessment as input, 
the BN achieved an Az value of 0.85 (95% CI, 
0.76–0.91), whereas radiologist 1 had an Az 
of 0.88 (95% CI, 0.78–0.94). Using radiolo-
gist 2’s assessment as input, the BN achieved 
an Az of 0.76 (95% CI, 0.66–0.84), which is 
comparable to that radiologist’s Az of 0.77 
(95% CI, 0.66–0.84). The differences in Az 
values were small: –0.027 (95% CI, –0.0978 
to 0.0434) and –0.005 (95% CI, –0.0813 to 
0.0715) for radiologists 1 and 2, respectively; 
in both cases, equivalence between the BN 
and each radiologist in terms of the Az was 
shown to be within 0.1 (p < 0.05).

The results of our evaluation of the sen-
sitivity and specificity of individual sono-
graphic features in the prediction of malig-
nancy compared with the performance of the 
BN are shown in Figure 2. None of the single 
features performed as well as the BN.

Figure 3 shows the mutual information be-
tween various sonographic and demographic 
features and the diagnosis of thyroid nodules 
in our BN. Results from analyzing mutual 
information in the BN suggest that capsular 
invasion and microcalcification are the two 
features that are most predictive of malig-
nancy in thyroid nodules.

The kappa values of interreader agreement 
between the radiologists are shown in Fig-
ure 4. Good agreement was seen for all sono-
graphic features. The best agreement was for 
microcalcification and ring-down artifact.

Discussion
Methods from artificial intelligence such as 

BNs have been introduced to help clinicians de-
termine diagnoses, make therapeutic decisions, 
and predict outcomes [27]. A goal of introduc-
ing such methods in assessing thyroid nodules 
is to provide an objective basis for making a 
decision to biopsy and to reduce variations in 
practice in making that decision.

Radiologists perform two tasks when re-
viewing ultrasound images of thyroid nod-
ules: First, they observe the imaging features 
and, second, make an interpretation about 
the combination of those features to deter-
mine the likelihood of malignancy. Varia-
tions in interpretations and decision making 
by radiologists evaluating thyroid imaging 
may thus result from variations among read-
ers in misperception of imaging findings and 
inconsistent decisions in evaluating the per-
ceived findings. A BN can assist with the sec-
ond, but not the first, task by integrating the 
various features to determine the probability 
that a nodule is malignant. This probability 

TABLE 3: Conditional Probability Tables for Sonographic Features in the 
Bayesian Network

Sonographic Feature

p

In Malignant Nodules In Benign Nodules

Microcalcification

Present 0.57 0.13

Absent 0.43 0.87

Shape: taller-than-wide shape

Present 0.21 0.05

Absent 0.79 0.95

Margin

Smooth 0.15 0.36

Irregular 0.46 0.31

Ill-defined 0.39 0.33

Capsular invasion

Present 0.24 0.0005

Absent 0.76 0.9995

Architecture

Solid 0.82 0.5

Almost solid (< 25% cystic) 0.1 0.17

Mixed (25–75% cystic) 0.05 0.17

Cystic (> 75% cystic) 0.03 0.16

Echogenicity

Hypoechoic 0.79 0.52

Isoechoic 0.18 0.29

Hyperechoic 0.03 0.19

Ring-down artifact

Present 0.00005 0.08

Absent 0.99995 0.92

Vascularity

Intrinsic 0.55 0.4

Perinodular 0.44 0.4

Avascular 0.01 0.2

Note—The conditional probability tables for “Architecture” and “Vascularity” were derived from expert 
opinions, whereas the remaining conditional probability tables were derived from the weighted average of the 
sensitivity and specificity data published in the literature.
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value provides an objective basis for making 
a decision for managing the patient, such as 
biopsy, follow-up, or routine care; specifical-
ly, the decision to biopsy could be based on 
whether the probability of malignancy of the 
nodule exceeds a prespecified threshold. 

Because the output of the BN depends on 
the input imaging features, accurate obser-
vation of the correct sonographic features is 
clearly important; this task is not addressed 
by the BN. Specialized computer-assisted 
detection applications are being developed 
to improve perception of radiology findings 
that, in synergy with BN models, could help 
radiologists more comprehensively with ra-
diologic interpretation. In addition, atlases 
of imaging findings, such as BI-RADS for 
breast imaging findings, could improve the 
consistency and quality of radiology obser-
vation and reporting. The BN may also be 
helpful in evaluating the imaging findings by 
providing a checklist of important imaging 
features for radiologists.

In this study, we showed that a BN using 
sonographic and demographic features can 
accurately distinguish between benign and 
malignant thyroid nodules, performing com-
parably to subspecialty-trained radiologists 
in diagnosing thyroid malignancy (p < 0.05) 
(Fig. 2). As a result, a BN could potentially 

improve the performance of nonexpert radiol-
ogists who may be able to observe sonograph-
ic findings but may not necessarily have the 
experience to determine the malignant poten-
tial on the basis of the imaging findings.

Because the BN generates a probability es-
timate that a thyroid nodule is malignant, a 
potential benefit of the BN is that it may be 
useful to patients and radiologists in a shared 
decision to biopsy ultrasound-detected nod-
ules. Because the prior probability of malig-
nant thyroid nodules is low, many thyroid nod-
ules currently undergoing biopsy are benign. 
If a tool such as our BN is used to objectively 

calculate the probability of malignancy in a 
given nodule, patients and radiologists could 
make decisions about whether to biopsy a sus-
picious thyroid nodule more objectively. This 
objectivity would potentially reduce the num-
ber of unnecessary thyroid biopsies and im-
prove their positive predictive value. In fact, 
such an improvement has been shown in ap-
plying BNs in mammography [28]. Because 
thyroid carcinomas are generally slow grow-
ing and are associated with a good progno-
sis, it may be acceptable to have a sensitivity 
lower than 100% to achieve a relatively high 
specificity to reduce unnecessary biopsies.

Bayesian classifier
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There are two general approaches to creat-
ing BN models: first, inputting data for the BN 
to “learn” and, second, building them based 
on data in the literature, expert knowledge, or 
both. In the first approach, the parameters of 
the BN are learned by mining a large data-
set of cases in which the diagnoses of the cas-
es are established [9]. This approach requires 
a large dataset for training and could be im-
practical because it requires thousands of an-
notated cases. We chose to create a BN using 
parameters from previously published studies. 
The ultrasound characteristics of thyroid nod-
ules have been extensively studied (Table 1), 
and a BN provides a means of integrating that 
knowledge into a single model. 

In reviewing the literature, we found that 
different studies on the predictive power of 
the same imaging feature for malignancy 
showed different, either slight or marked, 
sensitivities and specificities. Many factors, 
such as patient population and ultrasound 
equipment, may account for these differenc-
es. We accounted for these differences by 
weighing the sensitivity and specificity from 
each study by the size of the patient popula-
tion. In this way, we could take into account 
the results from multiple articles studying 
the same feature, while providing reasonable 
approximations of what the “true” sensitivity 
and specificity are for each imaging feature. 
Our results show comparable performance 
between the radiologists and the BN. Train-
ing the BN using data may potentially pro-
duce a better model in the future.

We obtained most of the conditional prob-
abilities for our BN from the weighted average 
of sensitivity and specificity reported in the 
literature. However, the data for architecture 
and vascularity were not available because the 
terms used in the literature to describe those 
features vary markedly. For example, vascu-
larity is classified into many different stages 
and types in the literature. This variability in 

terminology strongly suggests the need for a 
controlled terminology for reporting the ul-
trasound imaging features of thyroid nodules. 
Controlled terminology is well established in 
other radiology domains such as breast imag-
ing, where BI-RADS, a controlled terminol-
ogy, is used to describe mammographic fea-
tures [29]. In our project, we made the first 
step toward creating a set of mutually exclu-
sive but collectively exhaustive descriptors 
(Table 1) for common ultrasound features of 
thyroid nodules that could ultimately become 
the basis for a controlled terminology for thy-
roid nodule evaluation.

The results of our study suggest that our 
BN performs similar to subspecialty-trained 
radiologists who assessed the nodules for ma-
lignancy potential after performing a feature 
assessment. It is possible that feature assess-
ment may have helped the radiologists in their 
evaluations of the nodules by enumerating all 
the important features. We attempted to com-
pare the performance of our BN with that of 
the radiologists who performed the original 
ultrasound evaluation. Unfortunately, because 
biopsies were performed immediately after 
the original ultrasound for all the nodules, the 
radiologists were not compelled to provide a 
diagnosis. Instead, they simply deferred to 
the pending pathology report. Only 33.3% of 
the nodules (33/99) had a suggested diagno-
sis on the original ultrasound reports: 26 were 
labeled suspicious and seven were labeled as 
potentially benign, only with benign sono-
graphic features. All these diagnoses were 
concordant with the final pathology reports.

Our mutual information analysis in the 
BN was important in showing that not all 
features are equally informative for the diag-
nosis of thyroid nodules. Mutual information 
measures how much knowing one variable 
(the presence of particular sonographic fea-
tures) reduces our uncertainty about another 
variable (whether a thyroid nodule is benign 

or malignant). The mutual information be-
tween various sonographic features and the 
diagnosis of the thyroid nodule in our BN in-
dicates which features are particularly im-
portant in differentiating benign from malig-
nant thyroid nodules. This analysis showed 
that capsular invasion and the presence of 
microcalcification are highly informative 
features (Fig. 3). By comparing the mutual 
information and kappa agreement for each 
feature, one can also identify those features 
that are important for determining the diag-
nosis but that are difficult for radiologists to 
determine reproducibly. In our BN, capsular 
invasion is one such feature: It has the high-
est mutual information value and a relative-
ly lower interrater agreement (Fig. 3). This 
lower agreement may be because capsular 
invasion might be visible on only a few im-
ages. Our results for this feature suggest that 
more attention should be paid to educating 
radiologists about the importance of detect-
ing capsular invasion to reduce the variation 
in observing this highly informative feature 
and to improve diagnostic accuracy in evalu-
ating thyroid nodules.

The presence of certain individual fea-
tures, such as completely cystic nodules, pro-
vides a very good indicator that a thyroid 
nodule is benign and no biopsy is necessary; 
in such cases the BN would not be needed 
to guide care. However, frequently there are 
cases in which the individual features ob-
served are not highly diagnostic; in these 
cases, the BN could be helpful by integrating 
the probability related to those features. In 
fact, our results showed that the BN performs 
better than the single-feature classifiers com-
monly used to predict malignancy (Fig. 1).

There are several limitations to our study. 
First, our evaluation was performed for 99 bi-
opsy-proven thyroid nodules. Although 99 is 
a relatively small number of nodules, the per-
formance of our BN compared favorably with 
the performance of two expert radiologists in 
these cases. A second limitation is that our 
particular case mix had a high prevalence of 
malignancy and thus may not be representa-
tive of the case mix seen in broader clinical 
practice. The radiologists were not aware of 
the case mix, and the output of the BN does 
not depend on the case mix in the test setting. 
A prospective study to confirm our results 
would be desirable. In addition, our BN in-
cluded the background prevalence of disease 
(the “prior probability”). A third limitation 
is that our BN is built with data collected from 
an adult population. Although thyroid nodules 
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are uncommon before puberty, those that oc-
cur in children are more likely to be malig-
nant [30]. This association between patient 
age and diagnosis can be modeled in the BN 
by modifying the conditional probabilities 
by patient age. In the future we can build a 
BN specific for the pediatric population and 
validate it using nodules detected in pediat-
ric patients. A fourth limitation is that our 
BN assumes that all the sonographic features 
are conditionally independent, which may 
not be a valid assumption. However, the per-
formance of our BN also compared favorably 
with that of the expert radiologists. In addi-
tion, other models that make the indepen-
dence assumption, such as naïve Bayes clas-
sifiers, have been shown to perform well in 
classification tasks similar to that we have 
undertaken. Zhang [31] offers some theoretic 
reasons behind the surprisingly good perfor-
mance of naïve Bayes classifiers. 

In the future, we will study the impact of 
the independence assumption in the BN and 
refine the BN accordingly. We also plan to 
build a Website so that our BN can be eas-
ily accessed by other radiologists and used in 
prospective studies of its utility and accura-
cy. A final limitation is that the radiologists’ 
ratings are subjective; they are not prob-
ability ratings per se, whereas those of the 
BN were quantifiable probabilities. It would 
be difficult for radiologists to make finer-
grained judgments reliably, and our ROC re-
sults show that the performance of the BN 
was comparable to the radiologists even giv-
en this limitation.

The ultimate goal of the BN is to provide 
decision support; however, incorporating the 
BN into the clinical workflow could be chal-
lenging. The imaging observations would 
need to be entered into the system, and it 
could be disruptive to clinical workflow to 
expect radiologists to enter their observa-
tions into the BN separately from generating 
the radiology report. If a structured reporting 
system were used to record the sonographic 
features observed by the radiologist, the out-
put from that system could be linked to the 
BN to deliver real-time feedback about the 
likelihood of malignancy. Alternatively, nat-
ural language–processing or voice-recogni-
tion systems could be developed to recognize 
and extract the sonographic features. Link-
ing the reporting process to decision support 
will enable real-time feedback about likely 
diagnoses and preferred treatment options.

In conclusion, we have shown that a BN 
using sonographic and demographic features 

can accurately distinguish between benign 
and malignant thyroid nodules in an adult 
population and that the BN performs compa-
rably to subspecialty-trained radiologists. Our 
BN may be useful in helping nonexpert radi-
ologists evaluate the malignant potential of 
thyroid nodules. Ultimately, quantitative es-
timates of the probability of malignancy in 
a given thyroid nodule could potentially be 
used to establish probabilistic thresholds for 
the decision about whether to perform FNA 
and could improve the positive predictive val-
ue of radiologists in making the decision to bi-
opsy thyroid nodules.

References
 1. Mortensen JD, Woolner LB, Bennett WA. Gross 

and microscopic findings in clinically normal thy-

roid glands. J Clin Endocrinol Metab 1955; 15: 

1270–1280

 2. Wiest PW, Hartshorne MF, Inskip PD, et al. Thy-

roid palpation versus high-resolution thyroid ul-

trasonography in the detection of nodules. J Ul-

trasound Med 1998; 17:487–496

 3. Cooper DS, Doherty GM, Haugen BR, et al. Man-

agement guidelines for patients with thyroid nod-

ules and differentiated thyroid cancer. Thyroid 

2006; 16:109–142

 4. Desser TS, Kamaya A. Ultrasound of thyroid 

nodules. Neuroimaging Clin N Am 2008; 18:463–

478, vii

 5. Frates MC, Benson CB, Charboneau JW, et al.; 

Society of Radiologists in Ultrasound. Manage-

ment of thyroid nodules detected at US: Society of 

Radiologists in Ultrasound consensus conference 

statement. Radiology 2005; 237:794–800

 6. Burnside ES, Rubin DL, Fine JP, Shachter RD, 

Sisney GA, Leung WK. Bayesian network to pre-

dict breast cancer risk of mammographic micro-

calcifications and reduce number of benign biopsy 

results: initial experience. Radiology 2006; 240: 

666–673

 7. Kline JA, Novobilski AJ, Kabrhel C, Richman 

PB, Courtney DM. Derivation and validation of a 

Bayesian network to predict pretest probability of 

venous thromboembolism. Ann Emerg Med 2005; 

45:282–290

 8. Burnside ES, Davis J, Chhatwal J, et al. Probabi-

listic computer model developed from clinical 

data in national mammography database format 

to classify mammographic findings. Radiology 

2009; 251:663–672

 9. Lee Y, Kim N, Cho KS, et al. Bayesian classifier 

for predicting malignant renal cysts on MDCT: 

early clinical experience. AJR 2009; 193:501; 

[web]W106–W111

 10. Ahuja A, Chick W, King W, Metreweli C. Clinical 

significance of the comet-tail artifact in thyroid 

ultrasound. J Clin Ultrasound 1996; 24:129–133

 11. Alexander EK, Marqusee E, Orcutt J, et al. Thy-

roid nodule shape and prediction of malignancy. 

Thyroid 2004; 14:953–958

 12. Cappelli C, Castellano M, Pirola I, et al. The pre-

dictive value of ultrasound findings in the man-

agement of thyroid nodules. QJM 2007; 100:29–

35

 13. Chan BK, Desser TS, McDougall IR, Weigel RJ, 

Jeffrey RB Jr. Common and uncommon sono-

graphic features of papillary thyroid carcinoma. J 

Ultrasound Med 2003; 22:1083–1090

 14. Frates MC, Benson CB, Charboneau JW, et al. 

Management of thyroid nodules detected at US: 

Society of Radiologists in Ultrasound consensus 

conference statement. Ultrasound Q 2006; 22: 

231–238; discussion, 239–240

 15. Frates MC, Benson CB, Doubilet PM, Cibas ES, 

Marqusee E. Can color Doppler sonography aid in 

the prediction of malignancy of thyroid nodules? J 

Ultrasound Med 2003; 22:127–131; quiz, 132–134

 16. Iannuccilli JD, Cronan JJ, Monchik JM. Risk for 

malignancy of thyroid nodules as assessed by 

sonographic criteria: the need for biopsy. J Ultra-

sound Med 2004; 23:1455–1464

 17. Kim BM, Kim MJ, Kim EK, et al. Sonographic 

differentiation of thyroid nodules with eggshell 

calcifications. J Ultrasound Med 2008; 27:1425–

1430

 18. Kim EK, Park CS, Chung WY, et al. New sono-

graphic criteria for recommending fine-needle 

aspiration biopsy of nonpalpable solid nodules of 

the thyroid. AJR 2002; 178:687–691

 19. Kim JY, Lee CH, Kim SY, et al. Radiologic and 

pathologic findings of nonpalpable thyroid carci-

nomas detected by ultrasonography in a medical 

screening center. J Ultrasound Med 2008; 27: 

215–223

 20. Koike E, Noguchi S, Yamashita H, Murakami T, 

Ohshima A, Kawamoto H. Ultrasonographic 

characteristics of thyroid nodules: prediction of 

malignancy. Arch Surg 2001; 136:334–337

 21. Papini E, Guglielmi R, Bianchini A, et al. Risk of 

malignancy in nonpalpable thyroid nodules: predic-

tive value of ultrasound and color-Doppler features. 

J Clin Endocrinol Metab 2002; 87:1941–1946

 22. Rago T, Santini F, Scutari M, Pinchera A, Vitti P. 

Elastography: new developments in ultrasound for 

predicting malignancy in thyroid nodules. J Clin 

Endocrinol Metab 2007; 92:2917–2922

 23. Wienke JR, Chong WK, Fielding JR, Zou KH, 

Mittelstaedt CA. Sonographic features of benign 

thyroid nodules: interobserver reliability and 

overlap with malignancy. J Ultrasound Med 2003; 

22:1027–1031

 24. National Cancer Institute Website. Surveillance, 

Epidemiology, and End Results (SEER) database: 

fast stats. seer.cancer.gov/faststats/sites.php?site= 



AJR:196, May 2011 W605

Bayesian Network for Diagnosing Thyroid Nodules

Thyroid+Cancer. Accessed February 1, 2008

 25. Metz CE, Herman BA, Shen JH. Maximum likeli-

hood estimation of receiver operating characteris-

tic (ROC) curves from continuously-distributed 

data. Stat Med 1998; 17:1033–1053

 26. Wellek S. Testing statistical hypotheses of equiva-

lence and noninferiority, 2nd ed. Boca Raton, FL: 

CRC Press, 2010

 27. Ramesh AN, Kambhampati C, Monson JR, Drew 

PJ. Artificial intelligence in medicine. Ann R Coll 

Surg Engl 2004; 86:334–338

 28. Burnside ES, Ochsner JE, Fowler KJ, et al. Use of 

microcalcification descriptors in BI-RADS 4th 

edition to stratify risk of malignancy. Radiology 

2007; 242:388–395

 29. Balleyguier C, Ayadi S, Van Nguyen K, Vanel D, 

Dromain C, Sigal R. BIRADS classification in 

mammography. Eur J Radiol 2007; 61:192–194

 30. Niedziela M. Pathogenesis, diagnosis and man-

agement of thyroid nodules in children. Endocr 

Relat Cancer 2006; 13:427–453

 31. Zhang H. The optimality of naïve Bayes. In: Barr V, 

Markov Z, eds. Proceedings of the Seventeenth In-
ternational Florida Artificial Intelligence Research 

Society Conference. Menlo Park, CA: Association 
for the Advancement of Artificial Intelligence, 
2004:562–567; www.aaai.org/Papers/FLAIRS/ 

2004/Flairs04-097.pdf. Accessed January 7, 2011

 32. Frates MC, Benson CB, Doubilet PM, et al. Preva-

lence and distribution of carcinoma in patients 

with solitary and multiple thyroid nodules on 

sonography. J Clin Endocrinol Metab 2006; 91: 

3411–3417

 33. Alexander EK, Hurwitz S, Heering JP, et al. Natu-

ral history of benign solid and cystic thyroid nod-

ules. Ann Intern Med 2003; 138:315–318


