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Quantitative morphometric analysis of hepatocellular carcinoma: 
development of a programmed algorithm and preliminary 
application
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PURPOSE 
The quantitative relationship between tumor morphology 
and malignant potential has not been explored in liver tu-
mors. We designed a computer algorithm to analyze shape 
features of hepatocellular carcinoma (HCC) and tested feasi-
bility of morphologic analysis.

MATERIALS AND METHODS
Cross-sectional images from 118 patients diagnosed with 
HCC between 2007 and 2010 were extracted at the wid-
est index tumor diameter. The tumor margins were outlined, 
and point coordinates were input into a MATLAB (Math-
Works Inc., Natick, Massachusetts, USA) algorithm. Twelve 
shape descriptors were calculated per tumor: the compact-
ness, the mean radial distance (MRD), the RD standard de-
viation (RDSD), the RD area ratio (RDAR), the zero crossings, 
entropy, the mean Feret diameter (MFD), the Feret ratio, the 
convex hull area (CHA) and perimeter (CHP) ratios, the ellip-
tic compactness (EC), and the elliptic irregularity (EI). The pa-
rameters were correlated with the levels of alpha-fetoprotein 
(AFP) as an indicator of tumor aggressiveness. 

RESULTS
The quantitative morphometric analysis was technically 
successful in all cases. The mean parameters were as fol-
lows: compactness 0.88±0.086, MRD 0.83±0.056, RDSD 
0.087±0.037, RDAR 0.045±0.023, zero crossings 6±2.2, en-
tropy 1.43±0.16, MFD 4.40±3.14 cm, Feret ratio 0.78±0.089, 
CHA 0.98±0.027, CHP 0.98±0.030, EC 0.95±0.043, and EI 
0.95±0.023. MFD and RDAR provided the widest value range 
for the best shape discrimination. The larger tumors were less 
compact, more concave, and less ellipsoid than the smaller 
tumors (P < 0.0001). AFP-producing tumors displayed great-
er morphologic irregularity based on several parameters,  
including compactness, MRD, RDSD, RDAR, entropy, and EI 
(P < 0.05 for all).

CONCLUSION
Computerized HCC image analysis using shape descriptors is 
technically feasible. Aggressively growing tumors have wid-
er diameters and more irregular margins. Future studies will 
determine further clinical applications for this morphologic 
analysis.

T he relationship between tumor morphology on diagnostic imag-
ing and assessment of malignancy potential has been explored 
in a variety of cancers (1–3). Benign lung and breast tumors usu-

ally have compact shapes and well-defined margins, whereas malig-
nant cancers are more irregular and lobulated (4, 5). Numerous shape 
descriptors exist in the literature; each descriptor focuses on particular 
characteristics of tumor morphology and factors them into a quan-
titative calculation. One such factor, compactness, has been used to 
characterize the contours of breast (6), lung (7), oral squamous cell (1), 
and renal cell carcinomas (3) as a malignancy marker or an indicator of 
tumor aggression. Mammography, in particular, exploits the qualita-
tive visual relationships to distinguish benign tumors from malignant 
breast masses based on their radiographic appearances (4). The image 
analysis of breast tumors using shape descriptors has spearheaded re-
cent development of computer-aided diagnosis (CAD) algorithms that 
seek to improve the diagnostic capabilities of radiologists (8). Similar 
CAD systems have also been explored for other neoplasms, such as 
thyroid nodules (9) and soft-tissue tumors (10); however, these sys-
tems have not been extensively applied to liver tumors.

Hepatocellular carcinoma (HCC) is the most common primary he-
patic malignancy and the third leading cause of cancer-related deaths 
worldwide (11–14). HCC may manifest a variety of gross morphologies, 
including nodular, nodular with perinodular extension, multinodular 
confluent, and infiltrative types (15); each morphology is associated 
with different degrees of malignancy and variable clinical outcomes 
(16–18). While some HCC shapes, such as focal nodular varieties, have 
been associated with more favorable prognoses (19), other HCC mor-
phologies, such as infiltrative and multinodular confluent forms, have 
been linked to poor patient survival (20, 21). Current HCC morpholog-
ic imaging assessment is limited to subjective and qualitative descrip-
tions, which may be confounded by inter-observer variation and lack 
the measurable parameters that allow reproducible tumor morpholog-
ic descriptions, numerical comparisons of tumor shapes, and the as-
sociation of tumor contour descriptors with clinical outcomes. Truly 
objective and quantitative metrics to describe HCC morphology may 
improve the understanding of tumor natural history and treatment 
response prediction.

This study was thus undertaken with the purpose of designing a 
computer algorithm with an extensive array of shape descriptors to 
quantitatively evaluate HCC imaging contours in an efficient fashion, 
thereby testing the feasibility of HCC tumor morphologic analysis and 
correlating these morphologic parameters to the alpha-fetoprotein 
(AFP) levels, which are an accepted indicator of tumor aggression.
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Materials and methods
This study was in compliance with 

the Health Insurance Portability and 
Accountability Act, and the institu-
tional review board at our institution 
granted approval with consent waivers 
for inclusion in the study.

Patients and tumors
Imaging studies of 165 consecutive 

patients with HCC were reviewed at 
our institutional multidisciplinary 
liver cancer management conferences 
between 2007 and 2010. HCC in these 
patients was diagnosed by percutane-
ous biopsy or noninvasively based on 
the presence of a hepatic mass larger 
than 2 cm in diameter with charac-
teristic imaging findings (22) of arte-
rial phase contrast enhancement and 
portal venous phase washout. The in-
clusion criteria consisted of a diagno-
sis of HCC limited to T0-T4, M0 stage 
disease, and the availability of baseline 
imaging using multiphase helical com-
puted tomography (CT) or dynamic 
magnetic resonance imaging (MRI). 
The lack of accessible baseline imaging 
and M1 stage HCC were exclusion cri-
teria.

Image acquisition
The CT studies were obtained with a 

triple phase protocol on a LightSpeed 
VCT scanner (GE Healthcare, Pewau-
kee, Wisconsin, USA) after intravenous 
injection of  150 mL iohexol (Omni-
paque-300, Amersham Health, Prince-
ton, New Jersey, USA). The acquisition 
parameters included 2.5-mm collima-
tion, 2.5-mm reconstruction interval, 
and 0.984:1 pitch. The MRI was per-
formed with a 1.5 Tesla (T) system 
(Signa EXCITE 1.5T, GE Healthcare) 
with an eight-channel body coil. The 
gadolinium-enhanced dynamic imag-
ing was acquired by three-dimensional 
(3D) gradient-echo sequences (LAVA, 
GE Healthcare) after the intravenous 
administration of 0.2 mL/kg of gado-
diamide (Omniscan, GE Healthcare) 
or 0.1 mL/kg of Gadoxetate disodium 
(Eovist, Bayer HealthCare Pharmaceu-
ticals, Montville, New Jersey, USA). 
The acquisition parameters included 
TR 4.0–4.3 ms, TE 2.0 ms, flip angle 
12°, matrix 320×192, slice thickness 5 
mm, and slice gap 2.5 mm.

Tumor contour extraction
Two independent operators evalu-

ated the baseline tumor cross-section-

al imaging and categorized the tumor 
enhancement pattern as either typical 
(arterial enhancement followed by 
contrast washout in delayed phases) or 
atypical. The final tumor classification 
was made by consensus decision. A ra-
diologist with nine years of experience 
then extracted arterial phase images 
at the representative axial slice using 
the widest possible tumor diameter 
(Fig. 1). For the analysis of multiple tu-
mors, we selected the largest dominant 
first-treated lesion, which was identi-
fied as the “primary index tumor” (23). 
The tumor margins were sampled using 
the ImageJ software multipoint tool, 
and a computerized linear interpola-
tion using MATLAB (MathWorks Inc., 
Natick, Massachusetts, USA) connect-
ed the sample points with additional 
boundary points to form a more com-
plete border. Using this interpolation 
step, two radiologists could outline 

the tumor boundary differently and 
still produce two final coordinate sets 
of similar, if not equal, lengths, hence 
reducing inter-observer variability. The 
aspect ratio of each image was used to 
convert the units for length and area 
from pixels to cm and cm2.

Tumor shape analysis and feature ex-
traction

Each set of coordinates was input 
into MATLAB, which calculated the 
area, perimeter, and 12 shape features 
for each tumor. The selected shape 
descriptors have been studied in CAD 
algorithms for various cancers (1–3, 
6–10, 24) and share the important 
property of independence from shape 
resizing, translation, and rotation.

Tumor shape descriptors
Brief descriptions of each shape de-

scriptor are presented in Table 1, and 
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Figure 1. a, b. Examples of the HCC index tumors at their maximum transverse diameters 
with respective tumor margin outlines (insets). Tumor 1 (a) was found in a 62-year-old 
Caucasian man with alcoholic cirrhosis and was diagnosed by imaging. Boundary sampling 
with 39 points; tumor area=31 cm2, tumor perimeter=20.6 cm, compactness=0.92. Tumor 2 
(b) was found in an 86-year-old Hispanic man with alcoholic cirrhosis and was confirmed by 
biopsy. Boundary sampling with 45 points; tumor area=13.3 cm2, tumor perimeter=15.8 cm, 
compactness=0.67.

a b



more detailed descriptions and equa-
tions for each shape descriptor may be 
found in the Appendix.

Qualitative and statistical analysis
The MATLAB algorithm superim-

posed the tumor convex hull and 
fitting ellipse onto each tumor con-
tour. To confirm the validity of the 
algorithm, we reviewed and compared 
these composite images to the origi-
nal radiologic images. The morpho-
metric parameters of different tumor 
sizes were compared using an analysis 
of variance. The parameters between 
pairs of tumor cohorts were compared 
using Student’s t test. A correlation 
matrix of shape features was construct-
ed using Microsoft Excel 2010 software 
(Microsoft Inc., Redmond, Washing-
ton, USA). The parameters of the AFP 
producing tumors and the nonpro-
ducing tumors were compared to test 
the hypothesis that more aggressive 
tumors (as manifested by greater AFP 
production) have quantitative param-
eters that are reflective of greater mor-
phologic irregularity. The statistical 
analysis was performed using a com-
mercially available software (Statistical 
Package for Social Sciences, version 18, 
SPSS Inc., Chicago, Illinois, USA).

Results
Patients and tumors

Our final patient cohort included 
118 (72%) of the 165 HCC patients. 
The 118 patients had undergone mul-
tiphase helical CT or dynamic con-
trast-enhanced MRI between 2007 and 
2010 for diagnosis and/or staging of 
HCC. Twenty-eight (17%) of the orig-
inal 165 patients were excluded from 
the final cohort because of unavail-
able imaging from outside hospitals, 
and six (4%) were excluded due to the 
lack of multiphase contrast-enhanced 
imaging studies. An additional 13 
patients (8%) were excluded due to 
advanced disease. The final study co-
hort included 95 males (81%) and 23 
females (19%), and the mean patient 
age was 61±10 years (age range, 26–87 
years). CT scans were performed on 86 
(73%) of 118 patients, and 32 (27%) 
of 118 patients underwent MRI. In 68 
patients (58%), HCC was diagnosed by 
imaging alone. In the remaining 50 
patients (42%), HCC was confirmed 
through biopsy. The histologic grade 
was provided for 44 of 52 biopsied 
tumors; 16 tumors were graded as 

well-differentiated, 21 as moderate-
ly differentiated, and seven as poorly 
differentiated. The mean index tumor 
diameter was 4.6±3.6 cm (range, 1–23 
cm). Twenty-five percent (29 of 118) of 
the index tumors were located in the 

left hepatic lobe, and 89 (75%) of 118 
index tumors were located in the right 
hepatic lobe. Solitary tumors were 
found in 65 (55%) of 118 patients, 
whereas 53 (45%) of 118 patients had 
multifocal disease. The serum AFP  
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Figure 2. Each tumor is shown with the radial distance (RD) defined as the Euclidean distance 
from the centroid (xc, yc) to the boundary point (xk, yk). All of the RD are normalized to a 
maximum radial distance (red), and the length is defined as 1. In this case, Tumor 1 mean RD 
(MRD) is 0.88 and RD standard deviation (RDSD) is 0.057, while Tumor 2 MRD is 0.72 and 
RDSD is 0.169.

Figure 3. The radial distance area ratio (RDAR) indicates the degree to which a tumor extends outside 
the equivalent circle centered at centroid (xc, yc) with a radius equal to the MRD. Zero crossing count 
(z) indicates how frequently the tumor contour crosses the equivalent circle (red arrow heads).

Figure 4. Histograms showing the distribution of radial distances. The entropy estimator (E) is 
calculated from the histogram.



value was not available for three pa-
tients at the time of diagnosis.

Tumor morphometric analysis
Computed tumor morphometric 

analysis and shape descriptor calcula-
tion was technically successful in all 
cases (Table 2). Mean number of sam-
ple points was 30±14 (range, 13–83) for 
each tumor. The total execution time 
for the MATLAB algorithm for all 118 
tumors was 59 s. A postimage analysis 
comparison of the composite images to 
the radiologic images yielded no major 
discrepancies; therefore, we confirmed 
that our algorithm accurately per-
formed its mathematical analysis.

The mean tumor areas and perim-
eters were 20.5±34.4 cm2 (range, 0.8–
284 cm2) and 14.2±10.6 cm (range, 
3.3–65.6 cm), showing a wide varia-
tion in tumor sizes. Of the 12 shape-
based descriptors analyzed, three had 
the widest dispersion in their distribu-
tions according to their coefficients of 
variations (CV): mean Feret diameter 
(MFD) (CV=0.71), the radial distance 
area ratio (RDAR) (CV=0.51), and the 
radial distance standard deviation 
(RDSD) (CV=0.42). This dispersion sug-
gests that MFD, RDAR, and RDSD may 
best allow for the discrimination of tu-

mor shapes. However, the convex hull 
area (CHA) and perimeter (CHP) ratios, 
the elliptic compactness (EC), and the 
elliptic irregularity (EI) are less useful 
because the majority of their values 

were too close to 1 (the value expected 
for a perfect ellipse) and too narrowly 
distributed (CV ≤0.045) to show major 
differences in tumor morphology by 
themselves.

100 • March–April 2013 • Diagnostic and Interventional Radiology Yap et al.

Table 1. Brief descriptions of shape features and their value ranges 

Shape feature Brief description Minimum value Maximum value

Compactness (Fig. 1) How well boundary encloses largest possible  0 1 (for a circle)
 area for perimeter 

Mean radial distance (Fig. 2) Mean of all radial distances 0 1 (for a circle)

Standard deviation of the  Standard deviation of all radial distances 0 (for a circle) 1
radial distance (Fig. 2) 

Radial distance area ratio (Fig. 3) How much tumor extends outside equivalent  0 1 (for a circle)
 circle centered on tumor with radius equal to 
 mean radial distance  

Zero crossing count (z) (Fig. 3) How often tumor contour crosses its  0 Approaches ∞ (for a
 equivalent circle  meandering, lobulated 
   contour)

Histogram estimator of  Probabilistic measure of variability in tumor Approaches 0 (for a compact Approaches ∞ (for an
entropy (Fig. 4) radial distances tumor) irregular tumor)

Feret ratio (Fig. 5) Ratio of minimum Feret diameter to maximum  0 1 (for a circle)
 Feret diameter  

Mean Feret diameter (Fig. 5) Mean of all Feret diameters from all orientations Size dependent Size dependent

Convex hull area ratio (Fig. 6) Measure of tumor convexity 0 1 (for a convex shape 
   without concavities)

Convex hull perimeter ratio  Measure of tumor convexity 0 1 (for a convex shape
(Fig. 6)   without concavities)

Elliptic compactness (Fig. 7) How closely tumor resembles ellipsoid 0 1 (for an ellipse)

Elliptic irregularity (Fig. 7) How closely tumor resembles ellipsoid 0 1 (for an ellipse)

Table 2. Measurement of tumor area and perimeter, and shape features of 118 HCC tumors

Shape descriptor Mean Range SD CV

Tumor area (cm2) 20.5 0.8–284 34.4 1.68

Tumor perimeter (cm) 14.2 3.3–65.6 10.6 0.75

Compactness 0.88 0.52–0.98 0.086 0.097

Mean RD 0.83 0.64–0.93 0.056 0.067

RD standard deviation 0.087 0.022–0.210 0.037 0.42

RD area ratio 0.045 0.009–0.136 0.023 0.51

Number of zero crossings 6 4–16 2.2 0.37

Entropy 1.43 0.95–1.82 0.16 0.11

MFD (cm) 4.40 1.06–20.3 3.14 0.71

Feret ratio  0.78 0.50–0.93 0.089 0.11

Convex hull area ratio 0.98 0.86–1.0 0.027 0.027

Convex hull perimeter ratio 0.98 0.83–1.0 0.030 0.031

Elliptic compactness 0.95 0.75–0.99 0.043 0.045

Elliptic irregularity 0.95 0.84–0.99 0.023 0.025

CV, coefficient of variation; HCC, hepatocellular carcinoma; RD, radial distance; SD, standard deviation; 
MFD, mean Feret diameter.
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Table 3 shows the correlations be-
tween the shape descriptors, which 
were performed to elucidate any in-
ter-relationships between the shape 
metrics and to determine which of these 
parameters might be interchangeable. 
Two distinct clusters emerged in which 
the descriptors exhibited very strong 
correlations with one another: (1) com-
pactness, mean radial distance (MRD), 
RDSD, RDAR, and entropy (r > 0.83 or 
r < -0.83); and (2) compactness, CHA, 
CHP, EC, and EI (r ≥0.74). In contrast, 
the three size-dependent descriptors 
(tumor area and perimeter, MFD) were 
noted to correlate poorly with all of the 
size-independent shape features (-0.55 
≤ r ≤ 0.31), implying that the shape of a 
tumor is distinct from its size.

Table 4 shows the results of compar-
ative analysis of tumor shape features 
between different tumor size catego-
ries. Significant differences were found 
between the smaller and larger tumors 
for size-dependent features as well as 
a handful of size-independent mea-
sures (particularly compactness, RDSD, 
RDAR, CHP, and EC [P ≤ 0.003 for all]). 
This finding confirms that these math-
ematical parameters can be used to 
stratify tumors by their index diame-
ters and also implies that larger tumors 
collectively tend to be less compact, 
more concave, and less ellipsoid.

The tumor marker elevation was 
significantly increased in the AFP pro-
ducing tumors (116 068.9 vs. 33.6 ng/
mL, P < 0.0001) (Table 5). A compara-
tive analysis showed that AFP produc-
ing tumors displayed more morpho-
logic irregularity than nonproducing 

tumors and also had larger diameters 
(6.1 vs. 3.8 cm, P = 0.004), less com-
pactness (0.854 vs. 0.894, P = 0.033), 
smaller MRDs (0.815 vs. 0.838, P = 
0.045), greater RDSD (0.098 vs. 0.083, 
P = 0.038), greater RDAR (0.053 vs. 
0.042, P = 0.027), and greater entropy 

Table 3. Correlation matrix between shape descriptors 

 A P MFD z C MRD RDSD RDAR Ea FR CHA CHP EC

A             

P 0.93            

MFD 0.93 1.00           

z -0.07 -0.11 -0.10          

C -0.30 -0.41 -0.35 0.17         

MRD -0.16 -0.21 -0.17 0.42 0.79        

RDSD 0.20 0.30 0.26 -0.52 -0.83 -0.88       

RDAR 0.20 0.31 0.27 -0.52 -0.83 -0.90 0.99      

Ea 0.17 0.27 0.23 -0.48 -0.84 -0.90 0.97 0.95     

FR -0.07 -0.12 -0.10 0.56 0.57 0.84 -0.83 -0.87 -0.82    

CHA -0.23 -0.33 -0.29 0.07 0.90 0.62 -0.68 -0.66 -0.70 0.42   

CHP -0.41 -0.55 -0.48 0.08 0.89 0.52 -0.62 -0.61 -0.60 0.30 0.77  

EC -0.34 -0.46 -0.39 0.04 0.95 0.61 -0.66 -0.64 -0.67 0.32 0.86 0.96 

EI -0.23 -0.33 -0.28 0.15 0.86 0.68 -0.74 -0.70 -0.75 0.34 0.79 0.74 0.85

A, area; C, compactness; CHA, convex hull area ratio; CHP, convex hull area perimeter; E, entropy of radial distance; EC, elliptic compactness; EI, elliptic 
irregularity; FR, Feret ratio MFD, mean Feret diameter; z, zero crossing count; MRD, mean radial distance; P, perimeter; RDAR, radial distance area ratio; RDSD, 
radial distance standard deviation.  
aLogarithmic regression.

Table 4. Comparison of tumor shape features according to HCC size (mean values)

 HCC <3 cm HCC 3–7 cm HCC >7 cm 
Shape descriptor (n=50)  (n=46)  (n=22) P

Tumor area (cm2) 3.8 15.0 70.4 < 0.0001

Tumor perimeter (cm) 6.8 14.0 31.7 < 0.0001

Compactness 0.90 0.89 0.82 < 0.0001

Mean RD 0.84 0.84 0.81 0.061

RD standard deviation 0.078 0.086 0.110 0.003

RD area ratio 0.040 0.044 0.060 0.002

Number of zero crossings 6.4 6.1 5.4 0.215

Entropy 1.40 1.41 1.52 0.011

MFD (cm) 2.15 4.39 9.54 < 0.0001

Feret ratio  0.80 0.78 0.75 0.181

Convex hull area ratio 0.98 0.97 0.96 0.003

Convex hull perimeter ratio 0.99 0.99 0.96 < 0.0001

Elliptic compactness 0.96 0.96 0.92 < 0.0001

Elliptic irregularity 0.96 0.96 0.94 0.003

HCC, hepatocellular carcinoma; RD, radial distance; MFD, mean Feret diameter.
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(1.47 vs. 1.41, P = 0.042). In addition, 
AFP producing tumors were more con-
cave (CHP 0.974 vs. 0.988, P = 0.046) 
and less ellipsoid (EI 0.946 vs. 0.956, 
P = 0.043) than their less aggressive 
counterparts. There was no difference 
in the enhancement pattern between 
AFP producing and nonproducing tu-
mors (56 of 84, 67% typical vs. 23 of 
31, 74% typical; P = 0.457).

A comparative analysis of the biop-
sy-proven HCC tumors and those di-
agnosed noninvasively demonstrate 
that tumors selected for biopsy tend to 
produce less AFP, demonstrate atypi-
cal vascular patterns on imaging, and 
also have generally more compact and 
rounder borders (Table 6). The biopsied 
tumors had significantly greater com-
pactness (0.898 vs. 0.871, P = 0.037) 
and MRDs (0.841 vs. 0.824, P = 0.045) 
and greater EC (0.961 vs. 0.948, P = 
0.047). In addition, a greater propor-
tion of the biopsied tumors displayed 
atypical enhancement patterns (22 of 
50 [44%] vs. 16 of 68 [24%], P = 0.011). 

Patients who underwent biopsy had 
lower AFP levels on average (736 vs. 52 
567 ng/mL, P = 0.131) with only 8% 
(4/50) having AFP levels above a 400 
ng/mL threshold (21 of 65 [32%] in the 
nonbiopsied cohort, P = 0.0003).

Interestingly, zero crossing count 
was shown to be a poor measure of 
morphologic irregularity overall be-
cause of its inability to distinguish 
the largest from the smallest tumors 
(Table 4) and its negative correlations 
between RDAR, RDSD, and entropy 
(Table 3). The latter was particularly 
surprising because an irregular con-
tour, which would have high values 
for RDAR, RDSD, and entropy, would 
be anticipated to cross its equivalent 
circle a greater number of times.

Discussion
Tumor morphologic or shape anal-

ysis is a promising area of research 
that can expand the power of CAD 
techniques. The current literature on 
the image analysis of liver tumors has 

not been as extensive as that on other 
tumors. Shape analysis using compact-
ness has been applied to characterize 
tumor progression in rat hepatomas 
(25) but not in human subjects. There 
has been preliminary development of 
CAD algorithms for hepatic tumors vi-
sualized on ultrasonography (26) and 
CT (27); however, the algorithms rely 
on a limited set of shape descriptors or 
qualitative scoring criteria to character-
ize the tumor shape. One recent pilot 
study utilized five shape descriptors to 
develop an image retrieval system for 
liver lesions (28), and another study 
focused on computer-aided detection 
of HCC tumors on CT (29); neither 
study attempted to evaluate the ma-
lignant potential of tumors. In fact, we 
are not aware of any studies examining 
the feasibility of applying to HCC the 
wide array of shape features already 
developed in lung and mammography 
CAD systems.

In this investigation, we demon-
strated that the computer-aided im-
age analysis of HCC tumors using 12 
shape descriptors is technically feasible 
and efficient. Although the contour 
extraction process required manual 
attention, the computerized image 
analyses used to calculate the shape 
descriptors was highly efficient, requir-
ing less than a minute to execute. The 
biggest strength of our algorithm is its 
ability to conduct multiple feature ex-
tractions for a single tumor using only 
a few sample points for its input. An-
other strength of the algorithm is its 
flexibility; although we programmed 
our algorithm to measure only 12 de-
scriptors, it is easily customizable to 
measure additional shape features that 
have not yet been examined, includ-
ing the boundary roughness (6), the 
convex hull depth (26), the lobulation 
index (8), and the spiculation index 
(30). Finally, while the algorithm was 
specifically developed to assess HCC, 
it has the ability to be more broadly 
applied to different tumors in other or-
gan systems.

In analyzing the HCC shape, we 
found that no single morphologic pa-
rameter alone sufficiently describes the 
tumor shape. A receiver operator char-
acteristic curve analysis (not present-
ed) with individual shape parameters 
did not identify any thresholds that 
reliably distinguished “regular” from 
“irregular” (subject to definition) tu-
mors with high sensitivity or specific-

Table 5. Comparison of AFP values, enhancement patterns, and tumor shape features between 
AFP-producing and nonproducing HCC

 AFP-producing HCC  AFP-nonproducing HCC 
Parameter (n=31)  (n=84) P

AFP (ng/mL) 116 068.9 33.6 < 0.0001

Enhancement pattern   

   Typical 23/31 (74%) 56/84 (67%) 0.457

   Atypical 8/31 (26%) 28/84 (33%) 0.457

Shape descriptors   

   Tumor area (cm2) 39.0±56.3 14.2±18.7 0.011

   Tumor perimeter (cm) 20.2±15.1 12.2±7.6 0.004

   Compactness 0.854±0.110 0.894±0.074 0.033

   Mean RD 0.815±0.068 0.838±0.050 0.045

   RD standard deviation 0.098±0.043 0.083±0.034 0.038

   RD area ratio 0.053±0.029 0.042±0.020 0.027

   Number of zero crossings 5.9±2.2 6.1±2.28 0.720

   Entropy 1.47±0.18 1.41±0.16 0.042

   MFD (cm) 6.14±4.44 3.81±2.29 0.004

   Feret ratio  0.762±0.109 0.790±0.081 0.102

   Convex hull area ratio 0.971±0.031 0.978±0.025 0.145

   Convex hull perimeter ratio 0.974±0.043 0.988±0.024 0.046

   Elliptic compactness 0.942±0.056 0.958±0.037 0.071

   Elliptic irregularity 0.946±0.027 0.956±0.021 0.043

AFP, alpha-fetoprotein; HCC, hepatocellular carcinoma; RD, radial distance; MFD, mean Feret diameter.
Data are given as mean±SD or n (%).
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ity. Rather, multiple descriptors with 
wide dispersions together most likely 
provide the best capability to discrimi-
nate HCC tumors from each other. To 
this end, we believe some combination 
of the MFD, RDAR, RDSD, entropy, 
and compactness parameters may best 
accomplish this task. 

Our tumor shape analysis included 
both size-dependent and size-inde-
pendent parameters. With regard to 
size-dependent measures, one may ob-
jectively classify tumors by size using 
more sophisticated two-dimensional 
parameters (i.e., area, perimeter, and 
MFD) in addition to the traditional in-
dex diameter. Interestingly, poor cor-
relations between these three size-de-
pendent measures and the eleven 
size-independent descriptors indicate 
that large tumor size does not auto-
matically imply irregular tumor shape. 
When comparing the largest tumors as 
a group to smallest ones, however, the 

significant morphologic differences in 
compactness (RDSD, RDAR, CHP, and 
EC) suggest that these five size-inde-
pendent descriptors can distinguish 
tumors by size, indicating that larger 
tumors collectively tend to be less com-
pact, more concave, and less ellipsoid.

To validate the notion that tumor ir-
regularity indicates aggressive growth, 
we showed that high AFP producing 
tumors demonstrated greater irregu-
larity. Because AFP value is a proven 
predictor of patient survival (31) and 
treatment response (32, 33), this find-
ing supports the notion that quanti-
tative morphologic shape descriptors 
act as secondary indicators of tumor 
aggression and may provide further 
insight into tumor biological charac-
ter. Note that in our cohort, the HCC 
tumors selected for biopsy tended to 
produce less AFP and also had more 
compact and rounder borders than the 
HCC tumors diagnosed noninvasive-

ly. This finding suggests that the HCC 
lesions chosen for biopsy had regular 
morphologic features that may have 
raised a lower degree of suspicion than 
more irregular tumors (i.e., in the non-
biopsied cohort). Hence, it is plausible 
to surmise that gross tumor shape can 
influence the clinical suspicion of ma-
lignancy.

There are several limitations in our 
investigation. First, despite attempts 
to objectify the image analysis, our 
algorithm input is still dependent on 
sample points that were chosen manu-
ally. Second, one radiologist traced the 
tumor margins, limiting the ability to 
determine the effect of intra- and in-
ter-observer bias. We attempted to re-
duce the potential inter-observer vari-
ability by using computerized linear 
interpolation to help standardize the 
tumor boundary coordinates. Third, 
undersampling a tumor boundary can 
distort its morphological parameters. 
We attempted to correct for this by 
selecting at least 13 points per lesion, 
particularly the smallest ones, while al-
lowing up to 83 points for the largest 
lesions. Fourth, the extent of the tumor 
to the liver surface, vasculature, or oth-
er nonparenchymal tissue (e.g., gall-
bladder) may affect the tumor bound-
ary through a tendency to assume the 
natural smoother contour of such an 
anatomic structure. Fifth, our algo-
rithm focuses on external contour and 
ignores internal characteristics, such as 
hemorrhage, calcification, central scar, 
or gross fat, which may be features of 
different HCC pathological subtypes 
(34). Sixth, our two-dimensional shape 
analysis attempted to capture the rep-
resentative contour of a three-dimen-
sional (3D) object at its maximum 
transverse diameter. This method can 
become invalid for a tumor that is lon-
ger in the craniocaudal axis than in the 
anteroposterior axis, and morphologic 
analyses for multiple axial planes, or 
even 3D volumetry, may be necessary 
to accurately describe a HCC external 
surface. Seventh, the current study 
represents a descriptive investigation 
without extensive clinical correlations, 
which may be performed in future in-
vestigations.

In conclusion, computerized HCC 
shape analysis is feasible, and the 
preliminary application showed that 
aggressive tumors have irregular mor-
phologies; hence, quantitative shape 
descriptors can improve the diagnosis 

Table 6. Comparison of AFP values, enhancement patterns, and tumor shape features 
between patients diagnosed via biopsy and noninvasive methods

 HCC confirmed via  HCC diagnosed via 
Parameter biopsy (n=50) noninvasive methods (n=68) P

AFP   

   Serum level (ng/mL) 736 52 567 0.131

   Above threshold >400 ng/mL 4/50 (8%) 21/65 (32%) 0.0003

Enhancement pattern   

   Typical 28/50 (56%) 52/68 (76%) 0.011

   Atypical 22/50 (44%) 16/68 (24%) 0.011

Shape descriptors   

   Tumor area (cm2) 16.4±21.2 23.5±41.5 0.111

   Tumor perimeter (cm) 12.8±8.1 15.3±12.1 0.084

   Compactness 0.898±0.064 0.871±0.097 0.037

   Mean RD 0.841±0.043 0.824±0.063 0.045

   RD standard deviation 0.083±0.031 0.090±0.040 0.138

   RD area ratio 0.042±0.018 0.048±0.026 0.085

   Number of zero crossings 6.0±2.0 6.1±2.4 0.453

   Entropy 1.41±0.13 1.43±0.18 0.251

   MFD (cm) 4.00±2.54 4.69±3.51 0.108

   Feret ratio  0.787±0.077 0.779±0.097 0.296

   Convex hull area ratio 0.979±0.025 0.973±0.028 0.109

   Convex hull perimeter ratio 0.989±0.018 0.980±0.037 0.051

   Elliptic compactness 0.961±0.030 0.948±0.050 0.047

   Elliptic irregularity 0.956±0.018 0.950±0.026 0.073

AFP, alpha-fetoprotein; HCC, hepatocellular carcinoma; RD, radial distance; MFD, mean Feret diameter.
Data are given as mean±SD or n (%).
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of HCC and may potentially help pre-
dict disease prognosis for individual 
patients. Further research comparing 
HCC tumor shapes with benign liver 
lesions and correlating shape descrip-
tors with tumor histology, therapeu-
tic agent uptake, treatment response, 
and overall clinical outcome should 
be conducted to evaluate the efficacy 

and potential of applying morpholog-
ic analysis to HCC. The inclusion of 
morphologic imaging analysis has the 
potential to improve our understand-
ing of the radiologic-pathologic cor-
relations of HCC as well as the relevant 
imaging features of post-treatment 
imaging. We believe our shape analy-
sis algorithm opens a new avenue for 

radiologists to accomplish this chal-
lenging task and moves imagers a step 
closer to the implementation of a CAD 
system for liver lesions.
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