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Purpose: To assess the performance of computer-aided diagnosis (CAD) 
systems and to determine the dominant ultrasonographic (US) 
features when classifying benign versus malignant focal liver le-
sions (FLLs) by using contrast material–enhanced US cine clips.

Materials and 
Methods:

One hundred six US data sets in all subjects enrolled by three 
centers from a multicenter trial that included 54 malignant, 51 
benign, and one indeterminate FLL were retrospectively ana-
lyzed. The 105 benign or malignant lesions were confirmed at 
histologic examination, contrast-enhanced computed tomog-
raphy (CT), dynamic contrast-enhanced magnetic resonance 
(MR) imaging, and/or 6 or more months of clinical follow-up. 
Data sets included 3-minute cine clips that were automatically 
corrected for in-plane motion and automatically filtered out 
frames acquired off plane. B-mode and contrast-specific fea-
tures were automatically extracted on a pixel-by-pixel basis and 
analyzed by using an artificial neural network (ANN) and a sup-
port vector machine (SVM). Areas under the receiver operating 
characteristic curve (AUCs) for CAD were compared with those 
for one experienced and one inexperienced blinded reader. A 
third observer graded cine quality to assess its effects on CAD 
performance.

Results: CAD, the inexperienced observer, and the experienced ob-
server were able to analyze 95, 100, and 102 cine clips, re-
spectively. The AUCs for the SVM, ANN, and experienced and 
inexperienced observers were 0.883 (95% confidence interval 
[CI]: 0.793, 0.940), 0.829 (95% CI: 0.724, 0.901), 0.843 (95% 
CI: 0.756, 0.903), and 0.702 (95% CI: 0.586, 0.782), respec-
tively; only the difference between SVM and the inexperienced 
observer was statistically significant. Accuracy improved from 
71.3% (67 of 94; 95% CI: 60.6%, 79.8%) to 87.7% (57 of 65; 
95% CI: 78.5%, 93.8%) and from 80.9% (76 of 94; 95% CI: 
72.3%, 88.3%) to 90.3% (65 of 72; 95% CI: 80.6%, 95.8%) 
when CAD was in agreement with the inexperienced reader 
and when it was in agreement with the experienced reader, re-
spectively. B-mode heterogeneity and contrast material washout 
were the most discriminating features selected by CAD for all 
iterations. CAD selected time-based time-intensity curve (TIC) 
features 99.0% (207 of 209) of the time to classify FLLs, ver-
sus 1.0% (two of 209) of the time for intensity-based features. 
None of the 15 video-quality criteria had a statistically signifi-
cant effect on CAD accuracy—all P values were greater than the 
Holm-Sidak a-level correction for multiple comparisons.

Conclusion: CAD systems classified benign and malignant FLLs with an ac-
curacy similar to that of an expert reader. CAD improved the 
accuracy of both readers. Time-based features of TIC were more 
discriminating than intensity-based features.

q RSNA, 2017

Online supplemental material is available for this article.

Casey N. Ta, PhD
Yuko Kono, MD, PhD
Mohammad Eghtedari, MD, PhD
Young Taik Oh, MD, PhD
Michelle L. Robbin, MD
Richard G. Barr, MD, PhD
Andrew C. Kummel, PhD
Robert F. Mattrey, MD

Focal Liver Lesions: Computer-
aided Diagnosis by Using Contrast-
enhanced US Cine Recordings1

This copy is for personal use only. To order printed copies, contact reprints@rsna.org



Radiology: Volume 286: Number 3—March 2018  n  radiology.rsna.org	 1063

ULTRASONOGRAPHY: Computer-aided Diagnosis of Focal Liver Lesions with Contrast-enhanced US	 Ta et al

(11–14). Additional features explored 
included relative enhancement between 
the lesion and the parenchyma (11–15), 
lesion rim versus lesion center (11,13–
15), enhancement homogeneity (15), 
lesion morphology (11–13), and vessel 
morphology (13). Their performance, 
however, has been tested on a prese-
lected set of three to five liver lesion 
types.

Because human observers look for 
hallmark B-mode appearances and en-
hancement patterns to detect and char-
acterize FLLs, these patterns may allow 
CAD systems to accurately classify FLLs. 
The purpose of this study was to assess 
the performance of a CAD system and to  
determine the dominant US features 
when classifying benign versus malig-
nant FLLs by using contrast-enhanced 
US cine clips.

Materials and Methods

Patient Population
Contrast-enhanced US cine clips of 
FLLs were retrospectively collected 

nonlinear response from intravenously 
injected microbubbles in real time, 
providing a dual display of contrast-
specific and B-mode images (7,8). Nor-
mal liver parenchyma is fed primarily 
by the portal vein, while FLLs are pre-
dominantly fed by arterial vasculature. 
These differences create distinguishing 
enhancement patterns during the ar-
terial, portal venous, and late phases 
after contrast material administration 
(eg, malignant primary or metastatic 
tumors typically show rapid arterial 
phase hyperenhancement followed by 
more rapid washout than liver paren-
chyma, whereas hemangiomas typically 
exhibit arterial phase peripheral nodu-
lar hyperenhancement with slow cen-
tripetal filling through the portal venous 
and late phases, with slower washout 
than liver parenchyma [2,4,9]). How-
ever, microbubble destruction and 
variations in tumor behavior and liver 
enhancement require experienced ra-
diologists to reliably and accurately 
characterize tumors, but the number 
of radiologists experienced in perform-
ing and interpreting contrast-enhanced 
US studies is limited, and interobserver 
agreement remains an issue (10,11).

Computer-aided diagnosis (CAD) 
systems are a potential solution to these 
problems. Generally, CAD systems ex-
tract features from the B-mode and/or 
contrast-enhanced US videos and train 
machine learning algorithms to asso-
ciate these features with the known 
diagnoses to predict the diagnoses 
of unknown lesions. Published CAD 
systems have generally captured time-
intensity curves (TICs) from cine clips 
and calculated properties including 
peak enhancement, time to peak en-
hancement, and area under the curve 
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Content codes:  

Radiology 2018; 286:1062–1071

Abbreviations:
ANN = artificial neural network
AUC = area under the receiver operating characteristic 

curve
CAD = computer-aided diagnosis
CI = confidence interval
FLL = focal liver lesion
ROI = region of interest
SVM = support vector machine
TIC = time-intensity curve

Author contributions:
Guarantors of integrity of entire study, C.N.T., A.C.K., R.F.M.; 
study concepts/study design or data acquisition or data 
analysis/interpretation, all authors; manuscript drafting 
or manuscript revision for important intellectual content, 
all authors; manuscript final version approval, all authors; 
agrees to ensure any questions related to the work are 
appropriately resolved, all authors; literature research, 
C.N.T., M.E., Y.T.O., M.L.R.; clinical studies, Y.K., M.E., 
Y.T.O., M.L.R., R.F.M.; experimental studies, C.N.T., R.G.B., 
A.C.K.; statistical analysis, C.N.T.; and manuscript editing, 
all authors

Conflicts of interest are listed at the end of this article.

Advances in Knowledge

nn Computer-aided diagnosis (CAD) 
systems can classify benign and 
malignant focal liver lesions 
(FLLs) in contrast-enhanced US 
cine recordings; the area under 
the receiver operating character-
istic curve of the described CAD 
systems was comparable to that 
of an experienced blinded 
observer.

nn When CAD was in agreement 
with the experienced or the 
inexperienced reader, it 
improved their accuracy, from 
80.9% (76 of 94) to 90.3% (65 
of 72) and from 71.3% (67 of 
94) to 87.7% (57 of 65), respec-
tively; when CAD was in dis-
agreement with the inexperi-
enced reader, the opinion of an 
experienced reader increased 
accuracy from 34.5% (10 of 29) 
to 82.8% (24 of 29); and when 
CAD disagreed with the experi-
enced reader, they were both 
50.0% accurate (11 of 22).

nn B-mode homogeneity precontrast 
and time-intensity curve washout 
time features were always se-
lected by the CAD system as 
most important for classifying 
benign and malignant FLLs; tem-
poral-based features were se-
lected 207 (99.0%) of 209 times, 
compared with only one inten-
sity-based feature (area under 
the early wash-in curve), which 
was selected twice.

nn Standard deviation–based fea-
tures were slightly more fre-
quently selected than mean-
based features (52.2% [109 of 
209] vs 47.8% [100 of 209], re-
spectively), indicating that fea-
ture heterogeneity is as impor-
tant as mean changes for 
classifying FLLs.

Implication for Patient Care

nn CAD systems that accurately ana-
lyze contrast-enhanced US cine 
clips to distinguish benign from 
malignant FLLs can be integrated 
into the diagnostic workflow to 
confirm observer diagnoses or to 
flag lesions for further review to 
improve overall diagnostic 
accuracy.

Contrast material–enhanced ultra-
sonography (US) substantially im-
proves the potential of US for the 

detection and characterization of focal 
liver lesions (FLLs) (1–6). It images the 
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circumscribing the FLL and the other 
around normal liver parenchyma, ex-
cluding major vessels and rib shadow-
ing and at the same depth as the FLL 
whenever possible. The FLL ROI was 
drawn to match the ROI selected by 
the investigator at each site (provided 
on separate B-mode images acquired 
before contrast material administra-
tion as part of the required clinical 
trial data set to identify the lesion and 
its depth and size). The ROIs were 
drawn by C.N.T., a PhD student, who 
followed the markers set by the inves-
tigator to highlight the FLL and also 
drew the liver ROI. The ROIs were 
reviewed by R.F.M., a radiologist with 
more than 30 years of experience in 
contrast-enhanced US, with some re-
adjustments for difficult cine clips.

Feature extraction.—FLL morpho-
logic features were extracted from the 
B-mode images of the dual display prior 
to microbubble arrival (see Appendix 
E1 [online] for details). The B-mode 
frames were averaged and blurred to 
reduce speckle, and FLL cross-sectional 
area, echogenicity and homogeneity, 

a Philips iU22 and C5–1 transducer 
(Philips Healthcare, Andover, Mass). 
Patients were imaged during quiet 
breathing, and the section plane was 
oriented to minimize out-of-plane mo-
tion whenever possible.

The truth standard was estab-
lished by histologic examination—bi-
opsy or surgery performed 1–30 days 
after contrast-enhanced US. When 
histologic examination was not possi-
ble, final diagnoses were established 
by well-accepted criteria at contrast-
enhanced CT or contrast-enhanced 
magnetic resonance (MR) imaging 
performed 2–30 days before or 1–30 
days after contrast-enhanced US for 
lesions 2 cm or larger. For smaller le-
sions, both modalities were required. 
In addition, subjects without histologic 
proof required imaging follow-up of 
6 months or longer for confirmation. 
One lesion with indeterminate final di-
agnosis between benign and malignant 
was excluded from the study. All other 
lesions were included in this study. 
Benign lesions not specifically charac-
terized (stable at imaging follow-up in 
subjects at low risk) were classified as 
benign and were referred to as benign 
indeterminate.

Feature Extraction and Automated 
Classification
Motion correction and preprocess-
ing.—Custom software was developed 
in Matlab R2015a (MathWorks, Natick, 
Mass) (Fig 1). To allow pixel-by-pixel 
analysis, in-plane motion correction 
and out-of-plane motion filtering were 
performed, as previously described 
(16). Briefly, in-plane motion correc-
tion was performed by first coregister-
ing the single best correlated subref-
erence frame from each motion cycle, 
followed by coregistering the remain-
ing frames within each motion cycle 
to the nearest subreference frame. In-
plane motion correction was followed 
by filtering out-of-plane frames whose 
correlation fell outside an automatic 
correlation threshold with the coregis-
tered frames without affecting the time 
stamp of the remaining frames.

Two freehand ROIs were manually 
drawn on the B-mode images, one 

from all subjects enrolled at three inde-
pendent sites (University of California 
San Diego, University of Alabama at 
Birmingham, and Southwoods Imaging 
[Youngstown, Ohio]) that were part of 
a Bracco Diagnostics (Princeton, NJ) 
multicenter trial (https://clinicialtri-
als.gov #NCT00788697). The primary 
study at all three sites had obtained 
institutional review board approval and 
written informed consent and admit-
ted any subject with an FLL visible on 
the baseline US study. It was intended 
to evaluate the use of SonoVue (Bracco 
Imaging, Milan, Italy) in FLL charac-
terization. Our retrospective review 
had institutional review board approval 
with waiver of informed consent for 
further analysis of de-identified cine 
clips, US images, and final diagnoses as 
benign, malignant, or indeterminate, 
without subject demographic or clini-
cal data. Sponsorship from Bracco Di-
agnostics for the primary clinical trial 
at each site included the provision of 
financial support and contrast agents 
to the principle investigators. R.G.B. 
is on the advisory panel for Bracco. 
The entire data set from all three sites 
was provided with Bracco’s consent; 
however, Bracco neither had control 
over the data submitted for publica-
tion nor reviewed the manuscript prior 
to submission. C.N.T., A.C.K., and 
R.F.M. had full control of data and 
materials submitted for publication. 
Twenty-two of the cine clips included 
in this study were also included in our 
published study on motion correction  
algorithms (16).

SonoVue is an approximately 2.5-
mm intravascular microbubble con-
trast agent with sulfur hexafluoride 
gas encapsulated in a phospholipid 
shell. The trial aimed to minimize 
performance variability across sites 
by prequalifying and training sonogra-
phers, investigators, and instruments. 
Three-minute cine clips were acquired 
between September 2009 and June 
2012 as a dual-display of contrast-
specific and B-mode images from the 
start of a 2.4-mL intravenous bolus in-
jection of SonoVue through a 20-gauge 
catheter immediately followed by a 
5-mL saline flush. All three sites used 

Figure 1

Figure 1:  Flowchart of CAD system. ANN = 
artificial neural network, CEUS = contrast-enhanced 
US, ROI = region of interest, SVM = support vector 
machine. 



Radiology: Volume 286: Number 3—March 2018  n  radiology.rsna.org	 1065

ULTRASONOGRAPHY: Computer-aided Diagnosis of Focal Liver Lesions with Contrast-enhanced US	 Ta et al

and area under the receiver oper-
ating characteristic curve (AUC). 
Classification accuracy was recalculated 
within observer classifications with in-
creasing confidence thresholds as fol-
lows: “low+” included all classifications 
(low-high confidence ratings), “moder-
ate+” included only classifications with 
moderate and high confidence, and 
“high” included only high-confidence 
classifications.

To evaluate performance when 
relying on the CAD system to pro-
vide a second opinion to the ob-
servers, classification accuracy was 
calculated among lesions where the 
observer and CAD classifier agreed. 
When CAD disagreed with the inex-
perienced observer, the experienced 
reader’s classification was then used 
as the tie breaker to assess overall 
performance.

Cine Quality Assessment
To assess how image quality affected 
CAD performance, a third observer 
with more than 20 years of US ex-
perience (Y.T.O.) graded each cine 
clip on 15 criteria pertaining to mo-
tion, liver and FLL enhancement, 
and B-mode image quality (Table 1).  
Binary grades were assigned for each 
criterion, and the classification accu-
racy against the truth standard was 
compared between the videos where 
the criterion was present versus those 
where it was absent. Cines that could 
not be processed by the CAD systems 
were treated as inaccurate results 
(CAD errors).

Statistical Analysis
Statistical analysis was performed in 
Matlab. Lesion sizes were compared 
by using a two-tailed t test; a = .05. 
Diagnostic performance was assessed 
with AUCs. 95% confidence intervals 
(CIs) for AUCs and accuracy were de-
termined by 1000 iterations of boot-
strapping using the bias-corrected 
and accelerated percentile method 
(24). To determine the relationship 
between confidence and classification 
accuracy, the Pearson correlation co-
efficient was evaluated; P values were 
calculated by using the Student t 

testing. In each iteration of cross valida-
tion, feature selection was performed 
to reduce overfitting and to improve 
classifier generalizability. F-score filter-
ing removed poorly discriminating fea-
tures with a Fisher criterion below 10% 
of maximum (21); then, sequential for-
ward feature selection iteratively added 
features minimizing the error rate until 
improvement ceased (22). The selected 
features were counted across all the it-
erations to measure the contribution of 
each feature for classification. A feed-
forward ANN with one hidden layer 
containing four neurons with sigmoid 
transfer functions was trained by using 
resilient back propagation. SVM was 
performed by using LIBSVM with a lin-
ear kernel (cost = 1) (23).

The CAD systems’ classification 
confidence was calculated from the 
distance of the classifier decision value 
from the decision boundary. The confi-
dence threshold was increased at every 
5th percentile from the decision bound-
ary, and accuracy was recalculated 
among predictions with decision values 
above the threshold.

Observer Classification
In addition to testing CAD performance 
in distinguishing benign from malignant 
FLLs, we aimed to compare its perfor-
mance to that of two observers (Y.K. 
and M.E.), one experienced and one in-
experienced, who independently viewed 
the anonymized contrast-enhanced US 
cine clips while blinded to the final di-
agnoses to assess CAD’s potential clin-
ical use. In addition to classifying each 
FLL as benign or malignant, they rated 
their confidence as low, moderate, or 
high. The experienced observer had 
more than 20 years of performing and 
interpreting contrast-enhanced US. The 
inexperienced observer was a radiolo-
gist without prior contrast-enhanced 
US experience who attended a 1-hour 
workshop on interpreting contrast-en-
hanced US images using classic exam-
ples not included in this study.

CAD and observer performance 
were assessed by using standard cha
racteristic descriptions of accuracy, 
sensitivity, specificity, positive predic-
tive value, negative predictive value, 

rim echogenicity, thickness, and nodu-
larity were extracted.

Enhancement features were ex-
tracted from the contrast-specific im-
ages of the dual display. Three repre-
sentative images were automatically 
calculated to represent the enhance-
ment phases by averaging frames ac-
quired when the liver enhanced be-
tween 4% and 50% of peak (arterial), 
10 seconds at peak (portal venous), 
and the last 10 seconds of the 3-minute 
cine (late) (see Appendix E1 [online]). 
FLL enhancement features extracted 
from each image included enhance-
ment relative to liver, homogeneity, 
fractional enhanced area, total unen-
hanced area, and rim thickness and 
nodularity. Dotted enhancement pat-
tern and filling velocity were extracted 
during wash-in. In all, 20 contrast-spe-
cific features were extracted (Appen-
dix E1 [online]).

Degree of enhancement was linear-
ized to the echo power, and each pixel-
TIC within the FLL ROI was calculated to 
measure perfusion parameters such as 
time of arrival and washout time (Table 
E1 [online]) (17). The spatial mean and 
standard deviation of each parameter 
represented overall FLL enhancement 
properties and heterogeneity, respec-
tively. Pixel TICs were also characterized 
by their dynamic vascular patterns: uni-
polar positive, unipolar negative, bipolar 
positive-to-negative, and bipolar nega-
tive-to-positive, as previously described 
(18), and the fractional FLL area classi-
fied into each pattern was determined. 
In all, 66 TIC features were extracted 
(Appendix E1 [online]).

Machine learning.—SVMs and 
ANNs were used to classify benign or 
malignant lesions given the 92 B-mode, 
enhancement, and TIC features. Per-
formance was assessed with 10-fold 
cross-validation testing, using the same 
partitions for both classifiers for com-
parison. Cross-validation testing is a 
standard method used to estimate CAD 
performance. Cines are randomly di-
vided into 10 partitions, and the CAD 
is trained on all cines except for one 
partition that is used for testing (11–
15,19,20). The process is repeated 10 
times by using a different partition for 
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were 8.7 cm2 (0.4–70 cm2) and 3.1 cm2 
(0.5–9.2 cm2), respectively. Perfor-
mance is summarized in Table 3 and 
Figure 3, and receiver operating char-
acteristic curves are shown in Figure 4.  
The AUC for the SVM classifier was 
greater than that for the ANN classifier 
(0.883 [95% CI: 0.793, 0.940] vs 0.829 
[95% CI: 0.724, 0.901]), but the dif-
ference was not statistically significant. 
Accuracy from both systems generally 
improved as the confidence threshold 
increased: r = 0.88, P , .001 for SVM; 
r = 0.81, P = .0027 for ANN (Fig 5a).  
When evaluating classifications at 
the 35th percentile in confidence or 
greater, the SVM and ANN systems 
achieved 90.3% (56 of 62) and 87.1% 
(54 of 62) accuracy, respectively. When 
treating the 10 excluded lesions as in-
correct classifications, the SVM and 
ANN achieved accuracies of 73.3% (77 
of 105; 95% CI: 63.8%, 81.0%) and 
72.4% (76 of 105; 95% CI: 62.9%, 
81.0%), respectively.

The set of features selected are 
listed in Table E2 (online). For both 
SVM and ANN classifiers, FLL B-mode 
homogeneity was the most frequently 

benign lesions not specifically charac-
terized. Of the malignant lesions, there 
were 36 hepatocellular carcinomas, 16 
metastases, one lymphoma, and one 
malignant spindle cell lesion. Average 
benign and malignant lesion sizes were 
3.0 cm 6 1.8 (range: 1.1–9.4 cm) and 
4.7 cm 6 2.9 (range: 1.1–17.1 cm), 
respectively, P , .001. Twenty lesions 
were between 1 and 2 cm, and 85 were 
2 cm or larger.

CAD Performance and Selected Features
CAD systems were able to analyze 95 
(90.5%) of 105 cine clips (50 in malig-
nant FLLs, 45 in benign FLLs). CAD 
could not analyze some cine clips be-
cause of excessive motion (n = 5), ab-
sence of normal liver parenchymal en-
hancement (n = 3), or poor contrast 
enhancement (n = 2) (Fig 2). The mean 
sizes of ROIs for FLLs and normal liver 

distribution (25), and a = .05. To de-
termine if acquisition quality affected 
CAD performance, P values were cal-
culated by using the Fisher exact test 
against the Holm-Sidak method for 
multiple comparisons.

Results

Patient Population
There were 106 subjects enrolled at all 
three sites with 54 malignant FLLs, 51 
benign FLLs, and one indeterminate 
FLL; the indeterminate lesion was ex-
cluded from the study (Table 2), leaving 
105 cine clips for analysis. Among the 
benign lesions, there were 30 hemangi-
omas, seven focal nodular hyperplasias, 
four instances of focal fatty sparing, two 
adenomas, one nodular regenerative 
hyperplasia, one fibrous scar, and six 

Table 1

The Effect of Image Quality on the Accuracy of Automated Diagnosis

Category and Criteria Present* Absent† P Value
Holm-
Sidak a‡

Motion
  In-plane motion: lesion moves out of view 56/70 (80.0) 21/35 (60.0) .0365 .0037
  Off-plane motion: lesion moves out of view 42/57 (73.7) 35/48 (72.9) ..99 .0170
  Lesion wash-in missed due to motion 10/17 (58.8) 67/88 (76.1) .1473 .0043
  Lesion out of view for more than 25% of cine clip 23/32 (71.9) 54/73 (74.0) .8150 .0102
Parenchymal enhancement
  Liver parenchyma not in field of view 1/2 (50.0) 76/103 (73.8) .4641 .0057
  Liver parenchyma only observable at different  

  depth from lesion
4/10 (40.0) 73/95 (76.8) .0210 .0034

  Liver parenchyma is poorly enhanced 10/13 (76.9) 67/92 (72.8) ..99 .0500
  Liver parenchyma is not enhanced 1/1 (100.0) 76/104 (73.1) ..99 .0127
Lesion enhancement
  Lesion is poorly enhanced 11/18 (61.1) 66/87 (75.9) .2430 .0047
  Lesion is not enhanced 2/3 (66.7) 75/102 (73.5) ..99 .0253
  Deeper part of lesion shadowed 4/6 (66.7) 73/99 (73.7) .6562 .0064
  Noise or background signal 17/22 (77.3) 60/83 (72.3) .7888 .0085
  Bad imaging settings (eg, high gain, saturated  

  image)
12/17 (70.6) 65/88 (73.9) .7705 .0073

B-mode
  Noisy 39/48 (81.3) 38/57 (66.7) .1217 .0039
  US contrast agents affect tissue image 7/12 (58.3) 70/93 (75.3) .2960 .0051

* Data are the number of correctly classified videos with the criteria/total number of videos with the criteria, with percentages 
in parentheses.
† Data are the number of correctly classified videos without the criteria/total number of videos without the criteria, with 
percentages in parentheses.
‡ Values are the Holm-Sidak adjusted a criteria to be compared against unadjusted P values for significance testing with multiple 
comparisons (P values must be smaller than the adjusted a to be considered to indicate a statistically significant difference).

Table 2

Numbers and Largest Diameters of 
FLL Types in 106 Patients with 106 
Lesions

FLL Type No. Size (cm)*

Benign 51 3.0 6 1.8
  Adenoma 2 5.9 6 1.6
  Benign indeterminate 6 2.1 6 0.6
  Fibrosis/scarring 1 3.2
  Focal fatty sparing 4 3.8 6 2.5
  Focal nodular hyperplasia 7 4.1 6 1.8
  Hemangioma 30 2.7 6 1.6
  Nodular regenerative  

  hyperplasia
1 2.0

Malignant 54 4.6 6 2.9
  Hepatocellular  

  carcinoma
36 5.0 6 3.2

  Lymphoma 1 5.1
  Malignant spindle cell  

  lesion
1 3.8

  Metastasis 16 4.0 6 2.5
Indeterminate 1 2.5

* Data are means 6 standard deviations.
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selected parameter (selected in every 
iteration) for discriminating benign 
from malignant FLLs. At least one fea-
ture assessing contrast material wash-
out time also appeared in all iterations. 
Features extracted from the TICs ac-
counted for 209 (83.6%) of 250 fea-
ture selections by both CAD systems. 
Of all TIC features, time-based fea-
tures accounted for 207 (99.0%) of 
209 feature selections, while the area 
under the wash-in curve was the only 
intensity-based feature selected to dis-
criminate among FLLs (two [1.0%] of 
209 feature selections). Standard de-
viation–based features were selected 
by both CAD systems 109 (52.2%) 
of 209 times, while mean-based fea-
tures were selected 100 (47.8%) of 
209 times. Tumor size was selected 
only once. Mean processing time per 
cine clip with nonoptimized Matlab 
code running on an Intel Core i7–
4720HQ 2.6-GHz CPU with 16.0 GB 
of RAM was 37.5 minutes for motion 
correction, 27.0 minutes for feature 
extraction, and less than 10 msec for 
prediction.

Observer Evaluation
Performance and receiver operating 
characteristics of the two readers are 
displayed in Table 3 and Figures 3 and 
4. The experienced observer was able 
to classify 102 cine clips. The other 
clips had poor image quality (n = 2) 
or poor enhancement (n = 1) (Fig 2). 
The AUC for this observer was 0.843 
(95% CI: 0.756, 0.903). The inexperi-
enced observer was able to classify 100 
cine clips. The other clips had poor en-
hancement (n = 4) or the lesion was too 
small to characterize (n = 1). The AUC 
for this observer was 0.702 (95% CI: 
0.586, 0.782). There was no significant 
correlation between each observer’s 
confidence level and accuracy (experi-
enced reader: r = 0.07, P = .95; inex-
perienced reader: r = –0.96, P = .18) 
(Fig 5b). When treating the unclassified 
cine clips as incorrect classifications, 
the experienced and inexperienced 
observers achieved 79.0% (83 of 105; 
95% CI: 70.5%, 86.7%) and 68.6% (72 
of 105; 95% CI: 59.0%, 77.1%) accu-
racy, respectively.

Figure 2

Figure 2:  Flowchart of videos included or excluded from the study. CEUS = contrast-enhanced US.

Table 3

Diagnostic Performance of the ANN, the SVM, the Inexperienced Observer, and the 
Experienced Observer

Group and Performance Criterion ANN SVM
Inexperienced  
Observer

Experienced 
Observer

Diagnosed
  No. of cine clips classified 95/105 (90.5) 95/105 (90.5) 100/105 (95.2) 102/105 (97.1)
  Accuracy 76/95 (80.0) 77/95 (81.1) 72/100 (72.0) 83/102 (81.4)
  Accuracy 95% CI 71.6, 87.4 72.6, 88.4 63.0, 80.0 73.5, 89.2
  Sensitivity 44/50 (88.0) 45/50 (90.0) 35/52 (67.3) 49/52 (94.2)
  Specificity 32/45 (71.1) 32/45 (71.1) 37/48 (77.1) 34/50 (68.0)
  PPV 44/57 (77.2) 45/58 (77.6) 35/46 (76.1) 49/65 (75.4)
  NPV 32/38 (84.2) 32/37 (86.5) 37/54 (68.5) 34/37 (91.9)
  AUC 0.829 0.883 0.702 0.843
  AUC 95% CI 0.724, 0.901 0.793, 0.940 0.586, 0.782 0.756–0.903
All cines (n = 105)
  Accuracy 76/105 (72.4) 77/105 (73.3) 72/105 (68.6) 83/105 (79.0)
  Accuracy 95% CI 62.9, 81.0 63.8, 81.0 59.0, 77.1 70.5, 86.7
  Sensitivity 44/54 (81.5) 45/54 (83.3) 35/54 (64.8) 49/54 (90.7)
  Specificity 32/51 (62.7) 32/51 (62.7) 37/51 (72.5) 34/51 (66.7)

Note.—Because various cine clips were excluded by each method, accuracy, sensitivity, and specificity are presented relative to 
both the number of cine clips classified and all 105 cine clips, treating unclassified lesions as errors. Data in parentheses are 
percentages. NPV = negative predictive value, PPV = positive predictive value.
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There were 94 lesions classified 
by the CAD SVM system and both ob-
servers. CAD was in agreement with 
the inexperienced and experienced 
readers for 65 and 72 lesions, respec-
tively, increasing the accuracy of the in-
experienced reader from 71.3% (67 of 
94; 95% CI: 60.6%, 79.8%) to 87.7% 
(57 of 65; 95% CI: 78.5%, 93.8%) and 
that of the experienced reader from 
80.9% (76 of 94; 95% CI: 72.3%, 
88.3%) to 90.3% (65 of 72; 95% CI: 
80.6%, 95.8%). When CAD disagreed 
with the inexperienced reader, the in-
experienced reader’s and CAD’s accu-
racies were 34.5% (10 of 29; 95% CI: 
20.7%, 51.7%) and 65.5% (19 of 29; 
95% CI: 48.3%, 82.8%), respectively. 
When CAD disagreed with the experi-
enced reader, the experienced reader’s 
and CAD’s accuracies were 50.0% 
(11 of 22; 95% CI: 27.3%, 72.7%) 
and 50.0% (11 of 22; 95% CI: 31.8%, 
72.7%), respectively. For lesions in 
which CAD disagreed with the inexperi-
enced reader, the experienced reader’s 
accuracy was 82.8% (24 of 29; 95% CI: 
65.5%, 93.1%). For a simple majority 
vote between the two observers and 
CAD, overall accuracy was 86.2% (81 
of 94; 95% CI: 77.7%, 92.6%).

Cine Quality Assessment
Because SVM outperformed the ANN 
classifier, the impact of cine quality was 
evaluated on VM performance. Accord-
ing to the Fisher exact test and Holm-
Sidak adjusted a for multiple compari-
sons, none of the video quality criteria 
significantly affected the accuracy of the 
automated classification (Table 1).

Discussion

The primary aim of this study was to 
assess the ability of CAD systems to 
distinguish benign from malignant FLLs 
relative to the truth standard. They 
were able to classify over 90.5% (95 
of 105) of cine clips collected at three 
sites of a multicenter trial that included 
sonographer and investigator training 
to minimize performance variations 
among sites. The multicenter trial was 
designed to assess the ability of expe-
rienced blinded observers and was not 

Figure 3

Figure 3:  Bar graph shows the diagnostic performance of the ANN, the SVM, the inexperienced observer 
(IO), and the experienced observer (EO). Accuracy, sensitivity, specificity, positive predictive value (PPV ), 
negative predictive value (NPV ), and AUC (AUROC) were evaluated.

Figure 4

Figure 4:  Graph shows receiver operating characteristic curves for the 
ANN classifier, the SVM classifier, the inexperienced observer (IO), and the 
experienced observer (EO). AUCs for the ANN, the SVM, the inexperienced 
observer, and the experienced observer were 0.829, 0.883, 0.702, and 0.843, 
respectively.
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inexperienced observers improved 
from 80.9% (76 of 94; 95% CI: 72.3%, 
88.3%) to 90.3% (65 of 72; 95% CI: 
80.6%, 95.8%) and from 71.3% (67 of 
94; 95% CI: 60.6%, 79.8%) to 87.7% 
(57 of 65; 95% CI: 78.5%, 93.8%), 
respectively. When CAD disagreed 
with the inexperienced reader, adding 
the opinion of an experienced reader 
increased accuracy from 34.5% (10 of 
29; 95% CI: 20.7%, 51.7%) to 82.8% 
(24 of 29; 95% CI: 65.5%, 93.1%). 
Furthermore, CAD accuracy improved 
when the calculated confidence thresh-
olds were 35% or greater (r = 0.88 for 
SVM and r = 0.81 for ANN), reaching 
90.3% (56 of 62) for SVM. This strong 
correlation could allow physicians to 
moderate their confidence on the basis 
of CAD confidence.

Another, secondary aim of this 
study was to determine which features 
had the greatest impact on FLL CAD 
classification. Interestingly, the most 
discriminating feature was the lesion’s 
B-mode homogeneity before contrast 
material administration. Given the im-
portance of this metric and the fact that 
the B-mode images in contrast-enhanced 
US cine clips have suboptimal quality to 
reduce microbubble destruction, a high-
quality B-mode image can be acquired 

image interpretation. The CAD systems 
had better discrimination than the in-
experienced reader and similar perfor-
mance as the experienced reader. Both 
observers were able to classify more 
cines than the CAD systems (100 and 
102 vs 95). When unclassifiable cines 
were treated as errors, the skilled ob-
server had the highest accuracy (79.0% 
[95% CI: 70.5%, 86.7%], 83 of 105) 
followed by CAD (73.3% [95% CI: 
63.8%, 81.0%], 77 of 105) and the in-
experienced observer (68.6% [95% CI: 
59.0%, 77.1%], 72 of 105). Because 
the cine clips were not acquired with 
computational analysis in mind, a few 
videos were intractable because of ex-
cessive transducer movement or lack 
of normal parenchyma within the field 
of view. If computational analysis is in-
tended, these pitfalls can be avoided, 
or the acquisition repeated to optimize 
acquisition, because multiple contrast 
agent injections can be administered in 
the same imaging session.

CAD systems could provide a sec-
ond opinion to improve confidence 
when classifications agree or to flag 
ambiguous lesions for additional re-
view when they disagree. When the 
CAD classifier agreed with the reader, 
the accuracy of the experienced and 

designed for computational analysis. 
When assessing the CAD classifiable 
FLLs, accuracy was 81.1% (77 of 95) 
and AUC was 0.883 (95% CI: 0.793, 
0.940), which are less than those for 
other published systems, which range 
in accuracy from 86.4% to 92.7% when 
classifying lesions as benign or malig-
nant (12,15,20) and from 84.8% to 
88.3% when classifying FLLs by type 
(11,13–15). This is likely because our 
study included 11 FLL types and at-
tempted to broadly classify them as 
either benign or malignant, while the 
published reports were limited to three 
to five lesion types. Including all lesion 
types in our study, some with only one 
or two samples each, obfuscated find-
ing features common within each class. 
Furthermore, the 3-minute cine clips 
may have been too short to reveal late 
or mild washout in some hepatocellu-
lar carcinomas. The contrast-enhanced 
US Liver Imaging Reporting and Data 
System recommends intermittent im-
aging until clearance of contrast agents 
from the liver (5–7 minutes) for greater 
discrimination (2,4,9).

A secondary aim was to compare 
the performance of CAD relative to 
an experienced and inexperienced ob-
server to assess its potential use in 

Figure 5

Figure 5:  Graphs show effect of confidence on diagnostic accuracy for the (a) CAD systems and (b) observers. Accuracy was 
calculated within subsets containing the labeled confidence level and higher (eg, moderate+ = moderate and high confidence 
ratings). High-confidence subsets from the CAD classifiers were simulated by removing decision values nearest to the decision 
boundary. EO = experienced observer, IO = inexperienced observer.
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