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Splenic volume change (SVC) can occur as a result of 
infection, lymphoma, injury, variations in splenic vas-

cularization, and other reasons (1–8). Full manual seg-
mentation of the spleen in three dimensions is time-con-
suming and not feasible in clinical practice. Instead, visual 
estimation or an approximation equation is typically used 
by radiologists to assess the size of the spleen. To the best 
of our knowledge, there are no studies that have investi-
gated whether substantial SVC goes undetected using these 
methods. During oncologic treatment, SVC can occur as 
an adverse effect of chemotherapy (9). A precise SVC may 
help clinicians in their treatment choices.

The first work in splenic volume approximation used 
the splenic index (10,11). The splenic index is calculated 
using the equation V = 30 1 0.58DLH, where depth 
(D), length (L), and height (H) are two-dimensional mea-
surements of the spleen in the axial or coronal plane. Figure 
1 shows these measurements in two-dimensional sections 
of a CT scan. A precise three-dimensional segmentation 
can achieve an accurate volumetric measurement of the 
spleen. Methods such as multiatlas (12–14), graph-cut 
(13–15), active shape models (16), active contours (17), 
level-sets (18), and random forest (19) have been exten-
sively used to segment the spleen.

In recent years, deep learning (DL) approaches—con-
volutional neural networks in particular—have achieved 
high performance in many areas of computer vision and 
have been successfully applied in medical imaging (20–
25). A sequence of convolutional layers is applied to the 
image to optimize segmentation tasks, every convolution 
can highlight different features, and combining these lay-
ers with pooling and nonlinear operations make these 
networks very powerful. For medical imaging, 2D U-Net 
(26), 3D U-Net (27), and variant architectures have been 
successfully used to segment structures and organs (28–
33). These architectures are based on a contracting path 
of convolutions followed by an expanding path of con-
volutions to produce voxel-wise predictions. The deepest 
convolutions learn global features, and the last convolu-
tions obtain the fine segmentation prediction.

In an end-user comparison (34), three commercial 
systems showed that the liver and spleen segmentation 
volumes were fast and accurate, but the initial fully au-
tomatic segmentation failed for some cases and differed 
by 0.4%–9.8% from the final segmentation after cor-
rection for the remaining cases. The readers in this pre-
vious study took between 1 and 3 minutes on average 
to perform the corrections. The study showed that the 
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Purpose: To develop a fully automated algorithm for spleen segmentation and to assess the performance of this algorithm in a large 
dataset.

Materials and Methods: In this retrospective study, a three-dimensional deep learning network was developed to segment the spleen on 
thorax-abdomen CT scans. Scans were extracted from patients undergoing oncologic treatment from 2014 to 2017. A total of 1100 
scans from 1100 patients were used in this study, and 400 were selected for development of the algorithm. For testing, a dataset of 50 
scans was annotated to assess the segmentation accuracy and was compared against the splenic index equation. In a qualitative observer 
experiment, an enriched set of 100 scan-pairs was used to evaluate whether the algorithm could aid a radiologist in assessing splenic 
volume change. The reference standard was set by the consensus of two other independent radiologists. A Mann-Whitney U test was 
conducted to test whether there was a performance difference between the algorithm and the independent observer.

Results: The algorithm and the independent observer obtained comparable Dice scores (P = .834) on the test set of 50 scans of 0.962 
and 0.964, respectively. The radiologist had an agreement with the reference standard in 81% (81 of 100) of the cases after a visual 
classification of volume change, which increased to 92% (92 of 100) when aided by the algorithm.

Conclusion: A segmentation method based on deep learning can accurately segment the spleen on CT scans and may help radiologists to 
detect abnormal splenic volumes and splenic volume changes.
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© RSNA, 2020

Fully Automatic Volume Measurement of the Spleen at CT 
Using Deep Learning
Gabriel E. Humpire-Mamani, MSc • Joris Bukala, MSc • Ernst T. Scholten, PhD • Mathias Prokop, PhD • Bram van 
Ginneken, PhD • Colin Jacobs, PhD

From the Diagnostic Image Analysis Group, Radboud University Medical Center, Geert Grooteplein 10 (Route 767), 6525 GA, Nijmegen, the Netherlands (G.E.H.M., J.B., 
E.T.S., M.P., B.v.G., C.J.); and Fraunhofer MEVIS, Bremen, Germany (B.v.G.). Received June 13, 2019; revision requested July 17; revision received April 26, 2020; accepted 
May 1. Address correspondence to G.E.H.M. (e-mail: g.humpiremamani@radboudumc.nl).

Supported by the program Automation in Medical Imaging from the Fraunhofer Society and Radboud University. 

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

Radiology: Artificial Intelligence 2020; 2(4):e190102 • https://doi.org/10.1148/ryai.2020190102 • Content codes:    



2 radiology-ai.rsna.org n Radiology: Artificial Intelligence Volume 2: Number 4—2020

Fully Automatic Volume Measurement of the Spleen at CT Using Deep Learning

CT Imaging
CT scanners from two manufacturers were used to acquire the 
CT scans: Toshiba (Aquilion One) and Siemens (Sensation 16, 
Sensation 64, and Somatom Definition AS). The reconstruc-
tion kernels were FC09, FC09-H, B30f, B30fs, and I30f. The 
contrast agents used were iomeprol, iohexol, iobitridol, and io-
promide (Imeron [Bracco Imaging], Omnipaque [GE Health-
care], Xenetix [Guerbet], and Ultravist [Bayer], respectively) 
with amounts varying between 15 and 140 mL. The section 
thickness ranged from 0.5 to 3 mm, with most (98.9%) having 
a section thickness of 1 or 2 mm.

Reference Standard Annotation
On all CT scans in the first training set (dataset A), the spleen 
was manually segmented by medical students using a tool de-
veloped in-house. Students were instructed to verify that the 
segmentation was correct on all transversal sections and to 
peer-review each other. The annotations included the splenic 
hilum if it was surrounded by splenic parenchyma. Dataset A 
was used as training data for the first system. Subsequently, we 
used the first system to obtain the final segmentations of da-
taset B. These final segmentations were used for selecting 300 
additional scans for training of the second system; that gave 
us dataset B300. The final segmentations of the initial system 
on dataset B300 were manually corrected by the same medical 
students to train a second system. Later, dataset A plus dataset 
B300 were used for training a second system.

For the test set of 50 CT scans (dataset C), the same 
procedure was used to annotate the spleen in all scans; this 
was then used as the reference standard for testing the sys-
tem later on. In addition, one medical student (herein re-
ferred to as “independent observer”) also annotated dataset 
C independently without consulting other students or the 
experienced radiologist. An experienced radiologist (E.T.S., 
 30 years of experience in chest radiology) was consulted 
in difficult cases, performed a quality check, and adjusted (if 
necessary) the annotations of dataset A, B300, and C (refer-
ence standard).

Preprocessing and DL Network Settings for Automatic Spleen 
Segmentation
Values outside of the attenuation range (2500 to 1400 HU) 
on the CT scans were clipped to discard unnecessary data for 
this task. The scans and reference masks were resampled to 1 3 
1 3 1-mm resolution using cubic and nearest neighbor inter-
polation, respectively.

We used the 3D U-Net network (27) as the architecture 
of our system because it uses three-dimensional context to 
predict the results. This segmentation network and its two-
dimensional variant reached high performance in multiple 
applications (26,28,29,36–38). Because of the large mem-
ory footprint of the 3D U-Net, each scan was divided into 
patches. At the edges of the CT scan, mirroring was used as 
border handling when the patch covered an area outside the 
scan. Additional details on the inputs can be found in Ap-
pendix E2 (supplement).

performance of the fully automatic initial segmentation can 
be improved (34).

In this study, an automatic segmentation algorithm for the 
spleen was developed on a large dataset of thorax-abdomen 
CT scans from patients undergoing oncologic workup. Be-
cause these patients undergo various types of cancer treatment 
(eg, chemotherapy and/or radiation therapy) and are at dif-
ferent stages of disease, the images contained both local and 
widespread abnormalities throughout the scan. Our system 
was developed using a dataset of 400 CT scans (selected from 
1100 patients) and tested using a dataset of 50 scans. Finally, 
a qualitative observer experiment with an experienced radiolo-
gist was conducted to assess whether the algorithm can help 
radiologists in assessing SVC in 100 patients (selected from 
500 patients).

Materials and Methods

Patient Data
The data in this retrospective study were collected from Rad-
boud University Medical Center. The institutional review 
board granted a consent waiver for the clinical images used 
in this study. We retrieved all thorax-abdomen CT studies re-
ferred from the oncology department between January 2014 
and December 2017. In total, 7415 studies from 2386 patients 
(mean age, 58 years; range, 19–92 years; 54.7% women) were 
retrieved. Part of this dataset (918 CT scans from 918 patients) 
was previously used for a different study on developing an al-
gorithm for organ localization (35).

We only included contrast material–enhanced CT scans in 
this study (n = 6972 studies). From the included data, we ran-
domly selected 2150 CT scans from 1650 patients to obtain four 
datasets (A, B, C, and D) as depicted in Figure 2. As the pa-
tients in this dataset underwent an oncology workup, the scans 
typically presented multiple abnormalities, such as tumors, cysts, 
and lesions, which may alter the normal anatomy of the spleen. 
Additional information on CT imaging and datasets is described 
in Appendix E1 (supplement).

Abbreviations
ASSD = average symmetric surface distance, CI = confidence 
interval, DL = deep learning, SVC = splenic volume change, SVCa 
= splenic volume change assessment

Summary
Automatic spleen segmentation using deep learning is feasible in 
complex scenarios, such as oncologic follow-up, and may aid radiolo-
gists in accurately assessing splenic volume change over time.

Key Points
 n A deep learning segmentation method can robustly segment the 

spleen on CT scans in a heterogeneous dataset containing many 
abnormalities.

 n The performance of the deep learning algorithm was comparable 
to an independent observer on the test set of 50 CT scans.

 n An observer study showed that this algorithm may help radiolo-
gists when measuring splenic volume change.
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Figure 1: An example of the two-dimensional measurements needed to compute the splenic index: depth in blue, height in red, 
and length in green. Note that depth and height do not necessarily have to be measured on the same transversal section. 

E4 [supplement]). We trained a new network from scratch using 
dataset B300 plus dataset A: segmentation system B. Thus, system 
B was trained using 400 scans. The network stopped training 
after 43 epochs. We evaluated both segmentation systems A and 
B on the test set (dataset C) of 50 scans.

Postprocessing for Automatic Spleen Segmentation
To produce the final segmentation results, each patch was pro-
cessed separately, and the results were stitched together and 
thresholded at 0.5 to obtain binary results. Afterward, we applied 
connected components analysis and only retained the largest 
connected component. The output was then resampled back to 
the original scan resolution using nearest neighbor interpolation.

Network Training
The network performance was evaluated after every epoch (in 
one epoch, every CT scan in the training set was used once) 
using the Dice score as the metric to select the optimal model. 
The training stopped when the mean Dice score stopped im-
proving for 10 epochs. The optimal model of each network was 
used to evaluate the test set (dataset C).

We trained our first network from scratch using dataset A. 
The network was evaluated after every epoch using 30% of the 
training scans. The training stopped after 21 epochs to find the 
optimal model, which we referred to as system A. We used sys-
tem A to process dataset B (n = 1000) to visually identify relevant 
cases. These relevant scans composed dataset B300 (see Appendix 

Figure 2: Flowchart shows the criteria to distribute the CT scans used in this study into datasets. Dataset A was used for training 
system A, and dataset A plus dataset B300 were used for training system B. Dataset C was used for testing systems A and B. Dataset 
D100 was used for the qualitative observer experiment. Note that dataset B300 and D100 are subsets of datasets B and D, respectively.
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human observer (primary objective), and between the prototype 
and the final system (secondary objective). A P value less than 
.05 (two-tailed) was considered statistically significant. The met-
rics in this article can be found in Appendix E3 (supplement). 
We used an in-house developed Python 3.6 (https://www.python.
org/) script to perform the statistical analysis.

Algorithm Availability
The segmentation algorithm can be tested online at http://
grand-challenge.org/algorithms/spleen-segmentation/, in which 
interested readers can register and upload anonymized thorax-
abdomen CT scans; an online workstation showing the seg-
mentation overlays in three dimensions will be output.

Results

Comparison of Segmentation Methods
First, we compared our automatic spleen segmentation meth-
ods on the test set (dataset C) including the independent ob-
server (Table 1). System A obtained a Dice score of 0.950 6 
0.040 (95% CI: 0.938, 0.959), system B obtained 0.962 6 
0.016 (95% CI: 0.957, 0.966), and the independent observer 
obtained 0.964 6 0.012 (95% CI: 0.961, 0.967). Figure 3 
shows boxplots comparing the evaluation metrics presented 
in Appendix E3 (supplement) among methods on the test set. 
The surface distance–based metrics (maximum Hausdorff, 95% 
Hausdorff, and ASSD) show that system B had fewer outli-
ers than system A, whereas system B and the independent ob-
server were comparable. Table 1 and Figure 3, B, show that the 
splenic volumes computed by the splenic index were not reliable. 
A Mann-Whitney U test was performed to compare the Dice 
score performance between system A, system B, and the inde-
pendent observer. The difference between system A and system 
B (P = .019), and between system A and the independent ob-

Qualitative Observer Experiment
To test the clinical usefulness (detection of growth or shrink-
age of the spleen over time) of our segmentation system, we 
performed an observer study using an enriched set of cases. To 
define growth or shrinkage, we used a tolerance of 625% in 
the SVC in this study. Thus, SVC of less than 225% was clas-
sified as shrinkage, and SVC of greater than 125% was classi-
fied as growth. Values within 225% to 125% were considered 
normal SVC.

We computed the SVC over time in dataset D (500 new pa-
tients) to obtain the enriched dataset D100 (100 patients). See 
Appendix E5 (supplement) for more details. The scan-pairs in 
dataset D100 were presented in a random order to an experienced 
radiologist in a dedicated workstation.

We considered three different reading modes for splenic 
volume change assessments (SVCa): visual SVCa, automatic 
SVCa, and assisted SVCa. See Appendix E6 (supplement) for 
more details.

A radiologist and a 4th-year resident defined the reference 
standard for dataset D100. They classified the scan-pairs visually 
as is currently done in clinical practice. In case of disagreement, 
a consensus meeting was held. The consensus reference standard 
was used to compare against visual SVCa, assisted SVCa, and 
automatic SVCa.

Statistical Analysis and Evaluation
Dice scores, relative absolute volume difference, maximum 
Hausdorff distance, and average symmetric surface distance 
(ASSD) were used to measure the similarity between the predic-
tions and the reference masks. Per metric, we reported the mean, 
standard deviation, and two-sided 95% confidence intervals 
(CIs) (computed using 1000 random bootstraps). We computed 
the P values using the Mann-Whitney U test to test whether 
there was a statistical difference between the final system and the 

Table 1: Comparison of Performance among the Experiments on the Test Set

Method

Metrics

ASSD (mm)Dice Score

Relative Absolute 
Volume Difference 
(%)*

Maximum Haus-
dorff Distance 
(mm)

95% Hausdorff 
Distance (mm)

Mean 6 standard deviation
 Splenic index NA 16.562 NA NA NA
 System A 0.950 6 0.040 5.988 8.463 6 7.645 3.050 6 5.209 0.825 6 0.703
 System B 0.962 6 0.016 4.391 5.799 6 5.819 2.052 6 4.071 0.629 6 0.313
 Independent observer 0.964 6 0.012 3.935 5.395 6 2.438 1.447 6 0.401 0.606 6 0.168

95% confidence interval
 Splenic index NA 12.831, 21.012 NA NA NA
 System A 0.938, 0.959 3.938, 8.894 6.527, 10.785 1.892, 4.671 0.660, 1.047
 System B 0.957, 0.966 3.426, 5.500 4.435, 7.668 1.372, 3.262 0.557, 0.729
 Independent observer 0.961, 0.967 3.122, 4.799 4.765, 6.073 1.341, 1.559 0.560, 0.653

Note.—Data shown for dataset C (50 CT scans). The bottom part of the table shows the 95% confidence intervals computed 
based on 1000 random resamplings (bootstraps). ASSD = average symmetric surface distance, NA = not applicable.
* No standard deviation reported because this metric is zero centered and we used the absolute value.
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standard had disagreement in 13 scan-pairs, and a consensus 
meeting was held to define the final reference standard. In to-
tal, 59 cases were categorized as normal, 26 as growing, and 15 
as shrinking in the reference standard. Table 3 compares the 
visual SVCa, automatic SVCa, and assisted SVCa assessments 
to the reference standard. The visual SVCa classified 81% (81 
of 100) of the patients correctly. During the visual SVCa, the 
radiologist visually approximated the SVC classification in 80 
of the 100 patients. In the remaining 20 of the 100 patients, 
the radiologist used the splenic index because the visual ap-
proximation was not evident. The automatic SVCa classified 
89% (89 of 100) of the patients correctly. Finally, the assisted 
SVCa classified 92% of the patients correctly. In total, when 
observing the three-dimensional automatic segmentations and 
their volumes (ie, when going from visual SVCa to assisted 
SVCa), the radiologist changed the classification in 15% (15 of 
100) of the patients. In 11 of these patients (73%, 11 of 15), 
this change resulted in the correct category in the reference 

server (P = .011) were statistically significant, but the difference 
between system B and the independent observer was not sig-
nificant (P = .834). Table 2 compares the performance of previ-
ous segmentation work. Table 2 shows that not all methods can 
assess abnormalities in the spleen. The relative absolute volume 
difference shows that the splenic index, Gloger et al (18), sys-
tem B, and the independent observer obtained 16.56%, 6.30%, 
4.39%, and 3.93%, respectively. In addition, the relative abso-
lute volume difference between system B and the independent 
observer (used as reference) was 2.37% (5.17 mL). On the basis 
of all the metrics, system B outperformed system A. Therefore, 
we considered system B as the automatic SVCa for the qualita-
tive observer experiment.

Results of the Qualitative Observer Experiment

Comparison of SVCa.—For the qualitative observer experi-
ment, the two readers who were selected to define the reference 

Figure 3: Boxplots show the performance of system A, system B, the independent observer, and the splenic index on the test set (dataset C). The methods 
are compared using, A, Dice score, B, relative absolute volume difference, C, maximum Hausdorff distance, D, 95% Hausdorff distance, and, E, average sym-
metric surface distance (ASSD). Mean and median values are depicted with black dashed and red lines, respectively. Note that C and D have two ranges for 
the y-axis to zoom-in to the boxplots body. Table 1 summarizes these results.
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standard. For five of these 15 patients, the SVC values were 
close to the threshold of 25% defined in this study (25.16%, 
25.79%, 27.23%, 27.24%, and 27.44%).

Figure 4 shows examples of the SVC analysis. Figure 4, 
A and B, shows patients with the minimum (258%) and 
maximum (+140%) SVC, respectively. Figure 4, C, shows 
a patient where the radiologist changed their classification 
from normal to growth SVC after seeing our segmentations 
(assisted SVCa). The probable reason for this change is that 
the spleen grew proportionally in all the directions. Figure 
4, D, shows a patient with 210% SVC computed by our 
method (automatic SVCa). In the visual SVCa, the radiolo-
gist classified this patient as shrinkage SVC because it looks 
small in the sagittal plane. In the assisted SVCa, the radiolo-
gist changed his classification from shrinkage to normal SVC.

Spleen segmentation ratings.—The independent radiologist 
visually rated the quality of the automatic spleen segmenta-
tions of 200 CT scans from 100 patients (dataset D100). The 
radiologist rated 87% (174 of 200) of the segmentations 
as excellent, 7% (14 of 200) as good, 3.5% (seven of 200) 
as bad, and 2.5% (five of 200) as failure. The radiologist 
grouped 94% (87% excellent and 7% good) of the segmenta-
tions as reliable segmentations. Figure 5 shows examples of 

this classification using probability maps in which black con-
tours highlight the final output of the algorithm after post-
processing. Figure 5a shows a patient with large tumors in 
the liver and left kidney; the radiologist rated this segmenta-
tion as excellent. Figure 5b depicts a patient with a beavertail 
liver (enlarged liver attached to the spleen); this segmenta-
tion was rated as good because of a small error (,5 mm). 
Figure 5b shows a bad segmentation in which the algorithm 
did not perform well in the upper region of the spleen; this 
may be the result of the low contrast enhancement on this 
scan. Figure 5d depicts a segmentation failure caused by a 
dilated stomach.

Discussion
In this article, we developed an algorithm to segment the 
spleen using DL on three-dimensional thorax-abdomen CT 
scans from patients undergoing oncologic workup. The final 
system (system B, 0.962 Dice) and the independent observer 
(0.964 Dice) obtained comparable results with no significant 
(P = .834) difference. In the qualitative observer experiment, 
we showed that a radiologist improved the performance when 
assisted by the algorithm to assess SVC.

For the development of the algorithm, an initial dataset of 
100 random scans was annotated (dataset A) to train the first 

Table 2: Comparison between Our Best Performing System and Previous Work

Method

Metrics

Abnormalities ModalityDice Score

Relative Absolute 
Volume  
Difference (%)

Maximum  
Hausdorff Dis-
tance (mm)

95% Hausdorff 
Distance (mm) ASSD (mm)

Gauriau et al  
(19)

0.870 6 0.150 … … … 2.600 6 3.000 No Abd. CT

Wood et al  
(17)

0.873 … … … … Yes Abd. CT

Gloger et al  
(18)

0.906 6 0.037 6.300 6 5.400 … … 1.730 6 0.680 No MRI

Zhou et al  
(22)

0.920 … … … … No Th.-abd. CT

Wolz et al (14) 0.920 6 0.092 … … … 2.270 6 3.030 Yes Abd. CT
Tong et al (13) 0.925 6 0.065 … … … … Yes Abd. CT
Huo et al (21) 0.926 … … … … Yes MRI
Roth et al (23) 0.928 6 0.080 … … … … No Th.-abd. CT
Landman et al  

(25)
0.930 … … … … No MRI

Okada et al (15) 0.932 6 0.052 … … … 1.260 6 2.430 No Abd. CT
Gibson et al  

(24)
0.950 … … 2.400 6 0.800 … No Abd. CT

Linguraru et al 
(12)

0.952 6 0.014 … … … 0.700 6 0.100 Yes Abd. CT

System B 0.962 6 0.016 4.391 6 3.790 5.799 6 5.819 2.052 6 4.071 0.629 6 0.313 Yes Th.-abd. CT
Independent 

observer
0.964 6 0.012 3.935 6 3.101 5.395 6 2.438 1.447 6 0.401 0.606 6 0.168 Yes Th.-abd. CT

Note.—The methods are compared using Dice score, relative absolute volume difference, maximum Hausdorff distance, 95% Hausdorff 
distance, and average symmetric surface distance (ASSD). The methods from Zhou et al, Roth et al, and Gibson et al (22–24) use deep 
learning to segment the spleen. Abd = abdominal, Th-abd = thorax-abdominal.
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system (system A). System A obtained a mean Dice score of 
0.950 (95% CI: 0.938, 0.959) on the test set (see Table 1). 
After adding the 300 relevant cases (dataset B300) from dataset 
B to the training set, a second system (system B) was trained, 
and this system reached a mean Dice score of 0.962 (95% 
CI: 0.957, 0.966) on the test set. The independent observer 
obtained a comparable mean Dice score of 0.964 (95% CI: 
0.961, 0.967).

Figure 3 shows that system B had a better and more robust 
performance with fewer outliers than system A. The most chal-
lenging case on the test set had a beavertail liver on the CT scan, 
obtaining a 0.88 Dice score for system B. In the same case, the 
independent observer obtained a Dice of 0.94, showing that it 
was also difficult for the independent observer. Table 1 and Fig-
ure 3 show that our algorithm approximated the independent 
observer’s performance for all metrics. Our selection process of 
relevant cases boosted the performance from 0.950 Dice (system 
A trained with initial dataset A) to 0.962 Dice (system B trained 
with datasets A and B300).

Based on the visual ratings of the segmentation quality, our 
method could reliably handle difficult cases. Figure 5c and 5d 
show that an abnormal anatomy can lead to less accurate spleen 
segmentation.

In the SVC analysis, the readers had to come to a con-
sensus in 13 cases to define the reference standard on data-
set D100. In the observer experiment, the radiologist changed 
the classification of 15% (15 of 100) of the patients when 
going from the visual SVCa to the assisted SVCa. This re-
sulted in a more reliable SVC classification because the SVC 

is now computed based on precise segmenta-
tions and not based on an approximation as the 
volume obtained by the splenic index. Figure 4, 
D, shows a scan-pair in which the radiologist 
was likely misled. The stomach of the patient 
is full in the baseline scan, which pushes the 
spleen toward the ribs. On the follow-up scan, 
the stomach is empty, giving more space to the 
spleen to expand. Although the volume changed 
210% over time, it was within the range of a 
normal SVC defined by us. This indicated that 
our method can help radiologists to reduce bias 
when measuring SVC. In this work, the thresh-
old to classify shrinkage, normal (no substan-
tial), and growth SVC was defined as 125%. 
Three cases obtained automatic SVCa values 
around this fixed threshold. Future investiga-
tions will be useful to define better thresholds 
for clinical practice to classify SVC. Note that 
our qualitative observer experiment resulted in 
percentages that were not representative for a 
large random set because we were using the en-
riched dataset D100. This subset was created by 
selecting 50 random patients classified as having 
substantial (either growth or shrinkage) SVC 
and 50 random patients classified as normal (no 
substantial) SVC after automatic SVCa. A fully 
random selection from dataset D to obtain da-

taset D100 would have resulted in a higher number of normal 
cases, which would have been less interesting for the observer 
experiment of our study.

Previous work is summarized in Table 2. The methods that 
used DL (22–24) were methods for multiorgan segmentation. 
None of the mentioned articles selected relevant cases from 
a large set of scans as we did in this study. Gibson et al (24) 
obtained 0.950 Dice score after applying transfer learning to 
improve their results. Linguraru et al (12) used probabilistic 
atlas and registration to segment the liver and spleen (0.952 
Dice). These methods were trained with less data (from 90 to 
331 scans) than the data used for our best performing system 
(450 scans).

Our method showed reliable results; however, it had some 
limitations. For instance, patients with severe distortions in 
the body may obtain irregular automatic segmentations. Sim-
ilarly, when the spleen is absent (splenectomy), this algorithm 
may segment a small false-positive region in the region where 
the spleen is usually located. These erroneous segmentations 
can be prevented by discarding candidates under a certain 
threshold of splenic volume. Although we qualitatively mea-
sured the performance of our algorithm in a large dataset, 
a quantitative measurement on a large set would help to 
validate our algorithm more thoroughly but requires a sub-
stantial annotation effort. Another limitation of this study 
was related to the selection of the 300 relevant scans from 
dataset B to obtain dataset B300 because this selection was per-
formed by a single observer and another observer may have 
selected different cases. This may have introduced bias, but 

Table 3: Comparison of the Visual SVCa, Assisted SVCa, and Auto-
matic SVCa versus the Consensus-based Reference Standard (Data-
set D100) in the Qualitative Observer Experiment

SVCa

Reference Standard

   TotalShrinkage SVC Normal SVC Growth SVC

Visual SVCa
 Shrinkage SVC 9 2 0 11
 Normal SVC 6 54 8 68
 Growth SVC 0 3 18 21
 Total 15 59 26 100

Assisted SVCa
 Shrinkage SVC 13 0 0 13
 Normal SVC 2 54 1 57
 Growth SVC 0 5 25 30
 Total 15 59 26 100

Automatic SVCa
 Shrinkage SVC 14 3 0 17
 Normal SVC 1 49 0 50
 Growth SVC 0 7 26 33
 Total 15 59 26 100

Note.—The visual SVCa obtained 19 mistakes, assisted SVCa eight mistakes, 
and automatic SVCa 11 mistakes. Note that the consensus-based reference 
standard followed the same protocol as the visual SVCa. SVC = splenic volume 
change, SVCa = splenic volume change assessment.
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only affected the training of our algorithm and we expect this 
effect to be small. A trained medical student was used as the 
human independent observer for the quantitative validation, 
and an experienced radiologist may have performed slightly 
better. Finally, this algorithm was trained and evaluated using 
data from a single hospital. Future studies should focus on 
training and validation using multicenter data to increase the 
robustness of the algorithm.

In conclusion, fully automated spleen segmentation is fea-
sible in complex scenarios such as oncologic follow-up. The 
performance of the DL algorithm was comparable to that of 
an independent observer on the test set. This method showed 
potential to help radiologists in classifying SVC accurately. Fu-
ture studies are needed to investigate how this algorithm can 
affect the workflow of a radiologist and what effect it has on the 
overall scan interpretation. Future validation studies should in-
clude multicenter data and should be performed prospectively 

to test whether this algorithm can be safely and reliably used 
in clinical practice.
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Figure 4: Examples of splenic volume change (SVC) classification of scan-pairs from dataset D100 (200 CT scans from 100 patients) in the qualitative observer experi-
ment. Sections surrounded by blue and orange rectangles show the automatic segmentations in the sagittal and coronal orthogonal views, respectively. A, B, Scan-pairs in 
which the visual SVCa and automatic SVCa classification match. A, The scan-pair with the largest negative SVC. B, The scan-pair with the largest positive SVC in the dataset. 
C, D, Scan-pairs in which the visual SVCa and automatic SVCa classification differ. C, The radiologist classified the scan-pair as normal SVC in the visual SVCa but changed 
it to growth SVC in the assisted SVCa after seeing the segmentations produced by automatic SVCa (system B). D, Similarly, the radiologist classified the scan-pair as shrinking 
SVC in the visual SVCa but changed it to normal SVC in the assisted SVCa. All the sections show 230 × 230 mm and have a window center of 60 HU and a window width 
of 360 HU. SVCa = splenic volume change assessment.
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Appendix E1. Description of A, B, C, and D Datasets 
Since the developed algorithm had not been tested before, we were not able to assume a 
performance level and as a result, we did not perform power calculations for this study. Datasets 
A, B, and C contain 100, 1000, and 50 CT scans respectively, one CT scan per patient; these scans 
were randomly selected from the initial set of 2150 CT scans. Dataset B300 is a subset of dataset B 
and contains 300 relevant (50% challenging and 50% normal cases) CT scans. Datasets A and B300 
were used for the development of the systems, while dataset C was used for testing purposes and 
performance measurements. Datasets A, B300, and C were fully annotated. Dataset D was created 
by extracting 500 scan-pairs (follow-up scans) from 500 patients, from the initial set of 2150 CT 
scans, making a dataset of 1000 CT scans. This dataset was used for selecting 100 patients for 
dataset D100, which will be used to perform the qualitative observer experiment. We made sure 
that each patient could only be part of one of our main four datasets (A, B, C, and D). Figure 2 
shows the scan selection flowchart. 

Appendix E2. Network Inputs 
During training, the network received the input set composed by [ , , ]I R ω  and returned the 
probability map P , where I  represents a patch from the CT scan, R  a binary patch from the 
reference mask, and ω  the weight-map. Every patch ( , , ,  )I R P andω  in the input set corresponds 
to the same center of gravity. The weight-map ω  is computed from R  to compensate for the 
frequency between background and foreground. During training, the network learns to reduce the 
difference between P  and R  using Softmax with weighted ( )ω  cross-entropy as the cost function. 
For every segmentation experiment, the dimension of I  was 156 156 156 x x mm  while , ,  R P andω  
were 68 68 68 x x mm . For training, the input sets were selected based on the size of P , the stride 
among input sets was 34 mm in all the orthogonal directions. We trained the network with positive 
(the spleen is present in R ) and negative (the spleen is absent in R ) input sets. We selected all the 
positive input sets and randomly selected (same number as the positive input sets) nonoverlapping 
negative input sets. The final segmentation of a CT scan is obtained by providing input sets that 
consist of I ’s. Subsequently, the model returns P ’s; the stride among input sets was 68 mm (no 
overlap). P ’s were stitched together to produce the final segmentation output. 

Appendix E3. Metrics for Measuring Similarity between Predictions 
and Reference Masks 

The following metrics were used to measure the similarity between the predictions and the 
reference masks. 
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where X represents the postprocessed output (final segmentation) of the network (See Training) 
and Y represents the reference mask. The function ( , )SurfDist A B  measures the minimum distance 
from a voxel of surface A  to a voxel in surface B . 

In practice, high Dice scores (close to one) represent a high overlap between X  and Y . 
Metrics based on surface distances (maximum Hausdorff, 95% Hausdorff, and ASSD) measure 
the (max, 95% percentile, or average) distance in millimeters from Y  to X ; values close to zero 
are better. For clinical precise applications, such as guided surgery, metrics based on surface 
distances are more relevant than overlapping measurements. 

Appendix E4. Selection of relevant scans for automatic segmentation 
(Dataset B300) 

System A was used to process all scans in dataset B (n = 1000) to find relevant cases. Since manual 
annotation of scans is time-consuming, we aimed to identify cases where the segmentation 
algorithm failed and add these scans as training data. A researcher visually classified the quality 
of the resulting segmentations on dataset B as good (small errors included), bad (failures included), 
and splenectomy. Predictions containing small errors of up to 10 mm from the boundaries of the 
spleen were classified as good, the remaining predictions were classified as bad or splenectomy. 
In total, 818 scans were classified as good, 150 scans as bad, and 32 scans as splenectomy. The 
150 bad cases and 150 randomly selected good cases were selected as additional training data (see 
“Select relevant scans based on final segmentations” box in Fig 2). The main errors were mainly 
undersegmentation caused by abnormal spleen shape, beavertail liver, tumors in the surrounding 
structures, and large organs. We instructed our medical students to correct (if needed) the 300 
predictions in a similar procedure as dataset A was annotated. These 300 cases composed dataset 
B300. 

Appendix E5. Enriched dataset for the observer experiment (Dataset 
D100) 

To create the enriched dataset for the qualitative observer experiment, we computed the SVC over 
time in dataset D (500 new patients) and selected 50 patients from dataset D in which our system 
measured substantial SVC over time (either growth or shrinkage) and 50 random patients from 
dataset D with no substantial SVC (normal). These cases created dataset D100 (subset of dataset D, 
see “Select enriched set for observer experiment” in Fig 2), this dataset contains 100 patients, every 
patient has two scans for SVC analysis, having a total of 200 CT scans. 
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Appendix E6. Modes of Splenic Volume Change Assessment (SVCa) 
For visual SVC, the radiologist visually classified the spleen on the second scan as growing, 
shrinking, or normal (no substantial) SVC. Manual measurements and the splenic index equation 
were allowed when the SVC was not visually evident. For automatic SCVa, the measurements 
were fully automatic. For assisted SVCa, the radiologist was aided by the algorithm. We showed 
the 3D segmentations as an overlay, the automatically calculated volumes, and the growth 
percentage computed by our method to the radiologist. Based on this information, the radiologist 
classified the SVC again as growing, normal, or shrinking. If the segmentation of our algorithm 
was suboptimal, the radiologist would see this in the overlay and take this into account for their 
assessment. To get insight into the quality of the segmentations, we asked the radiologist to 
visually rate the quality of each segmentation as excellent (no oversegmentation neither 
undersegmentation), good (a minor error up to 5 mm), bad (oversegmentation or 
undersegmentation over 5 mm), or failure (segmentation out of the spleen). 

Appendix E7. Implementation of the convolutional neural networks 
The networks were implemented using Keras and Tensorflow in Python 3.6. The segmentation 
experiments were executed on a cluster environment with PCs equipped with NVIDIA GTX 1080 
and 1080ti graphics cards and 256 GB of RAM. An epoch to train system A took 70 minutes while 
it took 6 hours for system B because of the larger training set. A system requires from 2 to 3 
minutes, depending on the size of the thorax-abdomen CT scan, to process a full scan and get the 
final segmentation. 
 


