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PURPOSE

This study aimed to evaluate the effectiveness of artificial intelligence (Al) in diagnosing focal nod-
ular hyperplasia (FNH) of the liver using magnetic resonance imaging (MRI) and compare its perfor-
mance with that of radiologists.

METHODS

In the first phase of the study, the MRIs of 60 patients (30 patients with FNH and 30 patients with no
lesions or lesions other than FNH) were processed using a segmentation program and introduced
to an Al model. After the learning process, the MRIs of 42 different patients that the Al model had
no experience with were introduced to the system. In addition, a radiology resident and a radiology
specialist evaluated patients with the same MR sequences. The sensitivity and specificity values
were obtained from all three reviews.

RESULTS

The sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) of
the Al model were found to be 0.769, 0.966, 0.909, and 0.903, respectively. The sensitivity and speci-
ficity values were higher than those of the radiology resident and lower than those of the radiology
specialist. The results of the specialist versus the Al model revealed a good agreement level, with a
kappa (k) value of 0.777.

CONCLUSION

For the diagnosis of FNH, the sensitivity, specificity, PPV, and NPV of the Al device were higher than
those of the radiology resident and lower than those of the radiology specialist. With additional
studies focused on different specific lesions of the liver, Al models are expected to be able to diag-
nose each liver lesion with high accuracy in the future.

CLINICAL SIGNIFICANCE
Al is studied to provide assisted or automated interpretation of radiological images with an accu-
rate and reproducible imaging diagnosis.

KEYWORDS
Artificial intelligence, deep learning, liver lesion, focal nodular hyperplasia, magnetic resonance
imaging

ocal nodular hyperplasia (FNH) is the second most common benign tumor of the liv-
er after hemangioma. The prevalence of FNH was found to be 0.4% to 3% in autopsy
series.! FNH is believed to result from arterial malformations, and 60%-80% of cases
are asymptomatic and are discovered incidentally.>* The imaging characteristics of FNH cor-
respond well with histological properties and are observed as a solitary well-circumscribed
lobulated mass in a cross-sectional imaging study (Figure 1).* Magnetic resonance imaging
(MRI) has a higher sensitivity than ultrasound and computed tomography (CT) imaging and
a specificity of almost 100%.° In MR, a typical FNH is a solitary, well-defined, unencapsulat-
ed lesion with central scar formation.® Approximately 35%-70% of FNH lesions do not have
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these imaging features; they might have a
pseudo capsule mimicking a true capsule,
show washout-like hepatocellular carcino-
ma (HCC), or have no scar formation.”® The
hepatobiliary phase (HBP) of MRI provides
important data for the diagnosis of FNH, and
73%-90% of these lesions are observed with
iso-intensity or hyperintensity in the HBP?
Even though HCC and hepatic adenoma are
usually hypointense in the HBP, these lesions
may have upregulated hepatocyte-specific
membrane transport proteins and, thus, may
be observed as an iso- or hyperintense lesion
in HBP images.*

Artificial intelligence (Al) is becoming a
widespread method to interpret radiological
images for research purposes, even in daily
practice. It is expected to provide assisted
or automated interpretation of radiological
images with an accurate and reproducible
imaging diagnosis. After obtaining imag-
es of the patients, Al may quickly interpret
them and make critical diagnostic decisions
for numerous patients. This may provide a
quick and accurate diagnosis of many lesions
located in different organs or systems in the
future. Thus, all scientific studies targeted
at developing Al for use as a diagnostic as-
sistant can be considered a contribution to
this topic. As a diagnostic tool, Al has been
used in the detection and characterization
of diffuse diseases or focal lesions of the liver
and pancreas in recent studies. It has been
applied to different imaging techniques, in-
cluding ultrasound, CT, and MRI.™®

The aim of the present study was to deter-
mine the effectiveness of Al in detecting the
presence of FNH lesions of the liver and com-
pare this diagnostic capacity of Al with that
of radiologists. The sensitivity, specificity,
positive predictive value (PPV), and negative
predictive value (NPV) were calculated, con-
sidering the radiological and pathological
results of the patients as the gold standard.

* The targeted long-term result is automated
interpretation with an accurate diagnosis
using artificial intelligence (Al) models for
liver lesions; this study is part of the Al ed-
ucation program focusing on a specific liver
lesion.

* A new scoring system is established to train
the Al model to distinguish focal nodular hy-
perplasia (FNH) from other liver lesions.

* The Al model used in this research achieved
sensitivity and specificity values higher than
those of a radiology resident and lower than
those of a radiology specialist for the diag-
nosis of FNH.

Figure 1. Schematic of classic focal nodular hyperplasia, a solitary well-circumscribed lobulated mass
with central scar tissue. This illustration has been created by the Adobe Photoshop program (Adobe
Inc,, 2021. Adobe Photoshop, https://www.adobe.com/products/photoshop.html) based on the figures
provided by the Complete Anatomy program (3D4 Medical, 2021; Complete Anatomy; retrieved from

https://3d4medical.com)

Methods

Patients and the study workflow

This study was approved by the Ethics
Committee of Erzincan Binali Yildirrm Uni-
versity (clinical trial number: 2023-13/6,
date: 22.06.2023) and the requirement for
informed consent was waived by the ethics
committee due to the retrospective nature of
the study. The study population constituted
patients who had undergone MRI, and ab-
dominal MRIs of 30 patients were used in the
initial phase. In the first phase, the MRIs of
patients (n = 30) who had been histologically
diagnosed with FNH were introduced to the
Al system using a segmentation program. In
addition, the abdominal MRIs of 30 patients
with no liver lesions were segmented using
the same program. A scoring system was
used to diagnose FNH.Then, 42 patients with
various lesions, including FNH (n = 13), HCC
(n =5), low-grade dysplastic nodules (n = 1),
hepatic adenoma (n = 3), biliary hamarto-
ma (n = 1), primary hepatic neuroendocrine
tumor (n = 1), colon cancer metastasis (n =
2), breast cancer metastasis (n = 2), stomach
cancer metastasis (n = 1), pancreatic cancer
metastasis (n = 1), hydatid cyst (n = 1), com-
plex cyst (n = 1), biliary cystadenoma (n =
2), hemangioma (n = 4), simple cyst (n = 3),
and a normal liver were reviewed by Al and
two radiologists (a specialist with 18 years
of experience and a radiology resident with
2.5 years of experience) independently in
randomized order (Figure 2). Following the
Al interpretations, sensitivity, specificity, the
PPV, and the NPV were calculated. Then, the
accuracy of the results from the Al model
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and the two radiologists were compared.
The radiological diagnosis (stable lesions
with typical imaging features in follow-up ex-
aminations or typical imaging findings with
primary tumor) and the histological results
(obtained by biopsy procedures) were taken
as the gold standard to reveal the sensitivity
and specificity values.

Diagnosing focal nodular hyperplasia

A standardized method was used to
simplify the interpretation, and for repro-
ducibility and repeatability regarding the
FNH diagnosis, only the axial plane images,
including T1-weighted, T2-weighted, and
T1-weighted enhanced (arterial, portal, and
venous phase) images, and HBP images were
evaluated. Typically, FNH is hypointense or
isointense on T1-weighted images and hy-
perintense or isointense on T2-weighted
images, showing intense contrast medium
enhancement in the arterial phase and re-
taining contrast in the portal and venous
phases.'” The central FNH scar is best seen
on MRI. The scar is monitored as hypointense
on a pre-contrast T1-weighted sequence,
substantially hyperintense on T2-weighted
images, and becomes hyperintense on HBP
images because of the accumulation of the
contrast medium in the fibrous tissue. Most
FNH lesions are iso- or hyperintense on HBP
images (Figure 3).”

Magnetic resonance imaging protocol and
selected sequences

All the MRIs were acquired using a 1.5T
MRI scanner (Magnetom Era, Siemens, Er-
langen, Germany) with a standard abdom-
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inal coil. The axial sequences, including the
T1-weighted and T2-weighted images, as
well as the contrast-enhanced phases, were
evaluated. The MRIs were segmented using
dedicated software, ensuring the precise
identification of focal lesions. All the con-
trast-enhanced T1-weighted images were
obtained using gadoxetate disodium (Primo-
vist®) through intravenous injection at a dos-
age of 0.1 mmol/kg (maximum dose, 20 mL)
and a rate of 2 mL/s, followed by saline flush
(50 mL at the rate of 2 mL/s). Postcontrast
images were analyzed, including the late ar-
terial phase (15-20s postinjection), portal ve-
nous phase (60-70s postinjection), delayed
phase (3-5 min postinjection), and HBP (20
min postinjection). The axial plane T1-and
T2-weighted, arterial, portal, venous, and
HBP enhanced T1-weighted MRIs were in-
troduced to the Al model and interpreted by
the two radiologists through the liver lesion
diagnostic process in relation to FNH. The
following technical parameters were applied
to both the enhanced and non-enhanced
series: T2 weighted: time of repetition (TR):
1,200 ms, time of echo (TE): 95 ms, number
of excitations (NEX): 1, slice thickness: 6 mm;
T1 weighted: TR: 6.94 ms, TE: 2.39 ms, NEX: 1,
slice thickness: 3.3 mm.

Segmentation

The segmentation process was performed
by an anatomist and a radiologist (with 3 and
27 years of experience, respectively) using
the same monitor as that used for segmen-
tation of the abdominal MRIs and at the
same time. The radiologist decided on the
presence and locations of the liver lesions
for each patient. The anatomist had learned
about image maps, anatomical details, and
liver lesions from an experienced radiologist.
The anatomist consulted with the radiologist
at every step. Each patient MR examination
was also checked at the end of the segmen-
tation session by the experienced radiologist
for every segmented anatomical part or liver
lesion. Segmentation of the axial images was
performed with 3D Slicer software (v5.3.0,
http://www.slicer.org) manually. The liver
borders, FNH lesions (if any), lesions other
than FNH, the main branches of the portal
veins, and the hepatic veins were segment-
ed on six sequences in the axial plane, as
described before in the diagnosing FNH sec-
tion. Only the focal lesions were tagged, and
fibrosis or other diffuse parenchymal signal
alterations were not segmented. The main
portal veins and main hepatic veins were
segmented in each patient. All FNH lesions in
the liver were segmented if the patient had

more than one lesion. The FNH lesions were
segmented based on the lesion borders, and
scar formation was also segmented in typical
FNH lesions. The FNH lesion, scar formation
of the FNH lesion, liver, main portal vein,
main hepatic veins, and lesions other than
FNH were tagged with different colors be-
fore being introduced to the Al model. Based

on the axial slices, three-dimensional (3D)
reconstruction images were also obtained by
the segmentation program (Figure 4). After
the Al training session, a radiology resident
(with 2.5 years of experience), a radiology
specialist (with 18 years of experience), and
the Al model evaluated the random dataset
that included the FNH and other lesions.

P N AU N S

Segmentation
process

Dataset

St ooty it including the including the including the
.,si:: :",:; .'“i:',(; 30 patients with FNH MR images of MR images of MR images of
other than FNH in MRI fesionin MRI 42 patients 42 patients 42 patients

Dataset Dataset

Training and
optimisation of
Al
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H

Statistics

Figure 2. Study workflow. After the segmentation process and training the Al model, a randomized dataset
was evaluated by Al, a radiology resident, and a radiology specialist independently. Al, artificial intelligence;
FNH, focal nodular hyperplasia; MRI, magnetic resonance imaging.

Figure 3. Classic focal nodular hyperplasia with radial scar tissue. Axial plane magnetic resonance images
with T2-weighted (a), T1-weighted pre-contrast (b), arterial phase contrast-enhanced T1-weighted (c),
portal phase contrast-enhanced T1-weighted (d), venous phase contrast-enhanced T1-weighted (e), and
hepatobiliary phase (f) images (yellow arrows indicate the lesion in an enhanced T1-weighted axial plane
image, and the red arrow shows the typical central scar of the lesion).

Al to diagnose FNH



Artificial intelligence protocol and data
preprocessing

The workflow developed for FNH detec-
tion with Al from MRIs is presented in Figure
5. The workflow consists of two stages: seg-
mentation and the FNH detection process.
The process from dataset preparation to FNH
detection with Al is explained in detail in this
section.

The MRI data provided were converted
from nrrd format to .nii.gz format, and a data
standard was created. For the 3D modeling,
the data were converted to Medical Seg-
mentation Decathlon format.”> To produce
a more generalizable result, the five-fold
cross-validation method was applied instead
of random split for the algorithms.

Deep learning architectures

Organs such as the liver, veins, and gall-
bladder can be detected in MRIs thanks to
deep learning architecture such as object
recognition, semantic segmentation, and
instance segmentation. In this study, a de-
cision-making process was used to focus on
the intensity of FNH so that it could be de-
tected by Al. Thus, the use of segmentation
algorithms was deemed more appropriate.
Moreover, it was decided to use 3D segmen-
tation algorithms instead of two-dimension-
al (2D) segmentation algorithms to access
the temporal information between MRI slic-
es. In this study, the nnU-Net deep learning
algorithm, a deep learning-based semantic
segmentation model developed with both
2D and 3D U-Net configurations, was used."
We chose to use this algorithm for this study
because it can automatically configure ap-
propriate preprocessing, network architec-
ture, training parameters, and post-process-
ing processes according to the data in the
medical imaging.

Artificial intelligence-training and testing

The 3D nnU-Net model training was per-
formed in three categories—the liver, vein,
and FNH—using model configurations pre-
pared based on the data of 60 patients, 30
with FNH and 30 without. Model training was
conducted with the five-fold cross-validation
method. Thirty nnU-Net models were trained
in five-fold form over six phases: T1 weight-
ed, T2 weighted, arterial, portal, and HBP.The
hyperparameters used for model training are
shown in Table 1. Optimal model selection
was made according to the highest average
validation Dice score. The most successful 3D
nnU-Net model selected was tested on 30
test patients.

Artificial intelligence-evaluation metrics

The metrics used to evaluate the seg-
mentation model performance provide a
key tool for measuring the sensitivity, ac-
curacy, and overall effectiveness of the de-
veloped model. In this study, the Dice score
(Serensen-Dice coefficient) metric was used.
The Dice score is a metric that measures how
well the region predicted by the model over-
laps with the actual labeled region. This met-
ric, used to evaluate the similarity between
two clusters, is calculated with the following
formula:™

|Prediction N Ground truth|
|Prediction| + |Ground truth|

Dice Score = 2x

/'%'Wt;‘—‘:'!;‘ .
oo = /"!\ -

In this formula, prediction represents the
segmentation region predicted by the mod-
el, and ground truth represents the ground
truth region. The Dice score has a value be-
tween 0 and 1, with a value closer to 1 indi-
cating greater overlap. A high Dice score indi-
cates that the model performs segmentation
correctly, whereas a low value indicates that
the model’s predictions are incompatible
with the actual data.

Artificial intelligence-registration

Six phases were used to decide whether
a patient had an FNH liver lesion. When six
deep learning models are developed for six
phases and used separately, a situation oc-
curs if the lesion can be found in one phase

ol

Figure 4. Magnetic resonance images after segmentation of the anatomical structures and focal nodular
hyperplasia (FNH). After segmentation of all of the axial slices, either FNH or anatomical formation of the
liver has been coded and tagged as a space-occupying structure by the segmentation program. In the right
upper corner, the left main portal vein (red arrow), FNH (blue arrow), and central FNH scar formation (yellow
arrow) are tagged with different colors after segmentation.
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Figure 5. Artificial intelligence workflow. T1W, T1-weighted; HBP, hepatobiliary phase; ROI, region-of-

interest; FNH, focal nodular hyperplasia.
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and not in another. In this case, deficiencies
in the evaluation exist in terms of Al. There-
fore, a 3D registration process was used in
this study. The 3D registration process is
used to align the position and orientation
of images in the 3D space. This process is
generally performed to obtain geometric
harmony between a reference (base) and
a moving image. In this study, a reference
phase and the other five phases were reg-
istered separately. Since the most success-
ful deep learning model was developed on
the arterial phase, the reference phase was
determined as the arterial phase. The regis-
tration process shown in Figure 6a has been
produced automatically in 3D Slicer (Figure
6). The elastix registration method was used
in this process.”

Region-of-interest extraction

When performing phase checks for FNH,
specialist physicians make decisions by fo-
cusing on the surroundings of the FNH re-
gion. However, deep learning models seg-
ment all the relevant locations for the liver,
vein, and FNH. To solve this, the region-of-in-
terest (ROI) extraction post-processing meth-
od was used. For ROI extraction, as shown in
Figure 6b, the region segmented by the deep
learning model as FNH was increased by 30%,
and only the liver and vein segmentations
around the FNH label were obtained. Since
the arterial phase is the reference phase, the
regions predicted by the deep learning mod-
el in the arterial phase were mapped onto
the other five registration phases, and ROI
extraction was completed for the six phases.

Rule-based system

The average pixel intensity was mea-
sured using the signal intensity of the liver,
vein, and FNH segmentations within the
ROI regions, six phases apart, and extract-
ed. To make an intensity decision, the liver
average pixel intensity of each phase was
compared with the FNH average pixel inten-
sity. To determine the lesion as hypo-, iso-, or
hyperintense relative to the liver tissue, the
surrounding liver parenchyma (the adjacent
30% of the area of the lesion) was considered
(Figure 7). A comparison table for the inten-
sity decision and the scoring system for each
phaseis showninTable 1,and the decision re-
garding the presence of FNH is made accord-
ing to the MR intensity obtained. To enable
Al to determine the presence of FNH, a strict
pattern must be followed. A lack of informa-
tion in the literature and the absence of any
widely used or accepted rule to enable Al to
decide accurately, compelled the researchers

to find a new pathway. Therefore, a new scor-
ing system was established based on the MR
signal features of the lesion. The images of
patients in the training session (the images
of 30 patients with at least one FNH lesion)
were used for the preliminary testing to op-
timize the scoring system. According to this
scoring system, for the unenhanced series, 1
point was allocated to iso- or hyperintensity
in T2-weighted images and 1 point to hypo-

or iso-intensity in T1-weighted images. For
the dynamic contrast-enhanced series, the
signal intensity was identified relative to the
surrounding liver parenchyma. According to
this rule, hyperintensity in the arterial phase
and iso- or hyperintensity in the portal, ve-
nous, and HBPs were all allocated 1 point. A
lesion with scar tissue was considered as 2
points. In total, 7 or more points were consid-
ered to be FNH according to the morpholog-

Table 1. Model hyperparameters, intensity decision, and the rule-based system of this study

Model hyperparameters

Hyperparameters
Epoch number

Batch size
Learning rate

Optimizer
Momentum

Weight decay
Loss function

Intensity decision (Sl unit)

Value (liver SI-FNH SI)

Value < -10

—10< value <10

Value >10

Rule-based system

T2 weighted 0
T1 weighted 1
Arterial phase 0
Portal phase 0
Venous phase 0

Hepatobiliary phase -1

Scar

Values

1,000

2

Poly learning rate scheduler (initial learning rate:
0.01)

Stochastic gradient descent
0.99
3e-05

Robust cross entropy loss
Memory efficient soft Dice loss

Decision of intensity

Hypointense

Isointense

Hyperintense

1
1

scored as 1 point

N NN O

2

Absence of the scar scored as 0 points, and presence of the scar

Result: 7 or more points were considered focal nodular hyperplasia

S|, signal intensity; FNH, focal nodular hyperplasia.

T2-Weighted Arterial Venous

Portal T1-Weighted

a-Registration example of the MRI phases

Venous

Portal

b-ROI extraction of the MRI phases

Figure 6. Registration process of each magnetic resonance sequence and the region-of-interest extraction.
HBP, hepatobiliary phase; ROI, region-of-interest; MRI, magnetic resonance image.
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ical appearance in the MRIs. If one or more
lesions in the liver were consistent with FNH
on the MRIs, the patient was accepted as FNH
positive by each reviewer.

Statistical analysis

All statistical analyses were calculated
using IBM SPSS statistics v22.0 for Windows.
Sensitivity, specificity, the PPV, the NPV,
and accuracy were calculated using the
chi-square test, with the radiological and
histological results considered as the gold
standard. The area under curve (AUC) values
were calculated and presented as 95% confi-
dence intervals (Cls). Cohen’s kappa analysis
was performed to reveal the agreement lev-
els between reviewers, and Koo et al’s'® clas-
sification method was used to represent the
agreement levels. According to these agree-
ment levels, values less than 0.50 indicated
poor agreement, values between 0.50 and
0.75 showed moderate agreement, values
between 0.75 and 0.90 revealed good agree-
ment, and values greater than 0.90 demon-
strated excellent agreement.’® A P value <
0.05 was considered to represent a statisti-
cally significant difference.

Results

The training of the 30 nnU-Net mod-
els was conducted in the form of five-fold
cross validation for six phases: T2 weighted,
pre-contrast (T1 weighted), arterial, portal,
venous, and HBP. The nnU-Net deep learn-
ing algorithm automatically adjusts model
configurations according to the data. Figure
2 shows the Dice score and mean validation
Dice score for the liver, vein, and FNH classes
over five-fold means + standard separately
for each phase.

Among the 30 nnU-Net models trained,
the results were given singularly for each MR
sequence. The arterial phase images had the
highest performance in terms of the average
validation Dice score (0.7998), and this se-
quence was chosen as the best model in the
category of both FNH class success and high
average validation Dice score (Table 2).

In this study, 5 of the 13 FNH lesions were
typical FNH lesions with scar formation. The
list of patients with the histological and in-
terpretation results of each reviewer are
presented in Table 3. Two patients had more
than one FNH lesion in the liver, as seen in
the dataset presented in Table 3. The dimen-
sions of the FNH lesions measured on the ax-
ial plane are presented in Table 4. The mean
was 2.78 + 1.84 for the FNH dimensions.

Table 2. Fold mean results

"

B: image 1

LI: -52.4410mm

Figure 7. Surrounding liver parenchyma (the adjacent 30% of the area of the lesion) was considered to
determine the lesion as hypo-, iso-, or hyperintense relative to the liver tissue.

Sequence Liver Vein FNH EMA Dice Mean val Dice
T2 weighted 0.949 +0.002 0.586 +0.05 0.254+0.253 0.571+0.08 0.512+0.03
T1 weighted 0.954+0.01 0.734+0.02 0.136 +£0.160 0.589+0.04 0.560 + 0.01
Arterial phase  0.955+0.01  0.680 + 0.02 0.733+0.246 0.780+0.09 0.712+0.05
Venous phase  0.961+0.01 0.746 + 0.04 0.645+0.221 0.767 £0.08 0.671 +0.07
Portal phase 0.946 +0.04 0.752+0.03 0.608 +£0.246 0.759+0.09 0.665 + 0.07
HBP 0.948 +0.02 0.629+0.10 0436 +0.262 0.651+0.09 0.633 +0.06

FNH, focal nodular hyperplasia; EMA, exponential moving average; Val, validated; HBP, hepatobiliary phase.

Table 3. Reviewer results for each patient (“+” indicates the presence of FNH, and “-"

represents the absence of FNH in the liver)

Reference diagnosis

RD

Resident

Specialist

—

Normal liver
Hemangioma

Hydatid cyst

PHNT

Simple cyst
Hemangioma

Breast cancer metastasis
FNH

FNH

O 00 N O »un A W N

— =
— S

Hemangioma

— =
w N

Biliary hamartoma

—
N

Complex cyst

E —
o wn

FNH

—
~N

Breast cancer metastasis

—
[ee]

Colon cancer metastasis
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Stomach cancer metastasis

Hepatocellular carcinoma

Low-grade dysplastic nodule
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The liver interpretations on the MRIs ac-
cording to each reviewer were compared
with the histopathological results regarding
the presence of FNH. The sensitivity, specific-
ity, PPV, and NPV obtained from the radiolo-
gy resident, the radiology specialist, and the
Al model are presented in Table 5. According
to these results, the diagnostic parameters of
the Al model were better than those of the
resident and lower than those of the special-
ist.

The results of the radiology resident and
the Al model showed poor agreement (k =
0.374), and the results of the radiology res-
ident and the radiology specialist indicated
good agreement (k = 0.602). The results of
the radiology specialist and the Al model
revealed good agreement (k = 0.777) (Table
6). The AUC values with 95% Cl were 0.794
(0.630-0.959) for the radiology resident,
0.833 (0.682-0.983) for the Al model, and
0.944 (0.851-1.000) for the radiology special-
ist (Table 7). The accuracy values were 0.833,
0.905, and 0.952 for the radiology resident, Al
model, and radiology specialist, respectively.

Discussion

The Al model used in this study had 76.9%
sensitivity, 96.6% specificity, a 90.9% PPV,
and a 90.3% NPV for the diagnosis of FNH
of the liver. The Al results were better than
those of the radiology resident and lower
than those of the radiology specialist. Addi-
tionally, the Al results indicated a good level
of agreement with the specialist.

FNH is a conservatively managed lesion
for most patients, and surgery is not required
in the management of this condition. Only
patients with pedunculated, exophytic, or
expanding lesions are considered for sur-
gery.” Hepatic adenoma, however, is treated
by surgery because of its well-known compli-
cations, including spontaneous hemorrhage
and malignant transformation.’”® HCC is an-
other lesion that occurs in the differential
diagnosis of FNH, and HCC may also occur
in a non-cirrhotic liver.” The spectrum of pa-
tients that Al will evaluate should comprise
all these lesions as well as cirrhotic livers that
may have diagnostic challenges. Another
important discussion point is distinguishing
hepatic adenomas from FNH lesions. This
may not be easy to accomplish using MRls.
Most adenomas (reported to be between
75% and 90%) are hypointense in the HBP,
whereas FNH is iso- or hyperintense com-
pared with the surrounding liver parenchy-
ma, and these different lesion properties
make the diagnosis easier in daily practice.

Table 3. Continued

Reference diagnosis RD

H Resident A

Specialist

19 Colon cancer metastasis +
20 Hepatic adenoma
21 Hemangioma

22 Simple cyst

-+

23 Pancreas cancer metastasis
24  Hepatocellular carcinoma
25 FNH

26 FNH

27 Simple cyst

28 FNH

+ o+ o+ o+

29 Biliary cystadenoma

30 Biliary cystadenoma

31 FNH

32 FNH

33 FNH

34 FNH +
35 FNH

36 FNH +
37 FNH +
38 Hepatocellular carcinoma

39 Hepatic adenoma +
40 Hepatocellular carcinoma

41 Hepatocellular carcinoma

42 Hepatic adenoma

+ + + +

+
I
+ + o+ 4+ o+ 4+ o+

+ = = =

+ = = =

+ = = =

Al, artificial intelligence; RD, radiological diagnosis (stable in follow-up examinations or typical imaging findings
with primary tumor), H, histologically confirmed lesions; PHNT, primary hepatic neuroendocrine tumor; FNH, focal

nodular hyperplasia.

Table 4. Dimensions of the FNH lesions in axial plane

Patient number* Lesion 1 (TR x AP) Lesion 2 (TR x AP) Lesion 3 (TR x AP)

1 Patient number 8 3.62 % 2.97 cm

2 Patient number 9 1.56 x 1.39 cm

3 Patient number 16 147 x 142 cm

4 Patient number 25 3.39%x2.79cm

5 Patient number 26 0.80 % 0.89 cm

6 Patient number 28 1.98 X 1.59 cm 2.96 X 2.54 cm 6.65 x 7.50 cm
7 Patient number 31 7.17 X549 cm

8 Patient number 32 541x5.15cm

9 Patient number 33 3.51x3.30cm

10 Patient number 34 1.28 x1.49cm 1.94 x2.01 cm

1 Patient number 35 2.24x1.66 cm

12 Patient number 36 0.91 X 0.86 cm

13 Patient number 37 1.75%x2.33cm

*Represents the patient numbers in the study, also shown in Table 3; TR, maximum transvers diameter of the lesion;
AP, maximum anteroposterior diameter of the lesion. TR, time of repetition; AP, anterioposterior.

The uptake and excretion of hepatocyte-spe-
cific contrast agents into the biliary system is
facilitated by hepatocyte-specific membrane
transport proteins, which are not present in
other cells. HCC and hepatic adenoma are

usually hypointense in the HBP; however,
these lesions may have upregulated hepato-
cyte-specific membrane transport proteins,
which make them appear as iso- or hyperin-
tense lesions in HBP images. Approximately
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25% of inflammatory hepatic adenomas and
40-80% of beta-catenin-activated hepatic
adenomas are reported to appear as iso- or
hyperintense on HBP images, and this over-
lap makes diagnosis challenging. Moreover,
beta-catenin-activated hepatic adenomas
have the highest risk for malignant transfor-
mation (40%).*

This study is a step forward in using Al to
diagnose one of the most common hepatic
nodular lesions, FNH. Not only typical but
also atypical nodular hyperplasia lesions,
which have been histologically confirmed,
were evaluated through Al as a reviewer.
The Al model provided a relatively high sen-
sitivity value along with 96.6% specificity in
diagnosing FNH in the liver with one or more
nodular lesions, including non-FNH lesions.

In the literature, researchers have includ-
ed many parameters in their studies. These
include the contrast curve, gray-level histo-
gram, and gray-level co-occurrence matrix
texture properties, as well as risk factors,
such as the presence of steatosis, known
primary tumors, or cirrhosis, and MR se-
quences such as dynamic contrast-enhanced
T1-weighted with T2-weighted images, for
the classification of focal liver lesions.® In
the present study, a simplified approach,
using only certain MR sequences that were
unaware of other risk factors or medical con-
ditions, was used to understand the diagnos-
tic success of Al. The nnU-Net deep learning
algorithm was chosen for this study, which is
considered to be highly impactful for object
identification with successful segmentation
capabilities. This algorithm was designed
to optimize 2D or 3D image segmentation
tasks and is usable for any given input geo-
metrical type. This deep learning modality
optimally segments organs using CT images
based on the use of differences of densities.”’
In this research, signal intensity was used as
the indicator of FNH lesions using the same
algorithm and both 2D and 3D U-Net config-
urations.

In this study, arterial phase images had
the highest performance for the average
validation Dice score. Dice scores were im-
portant for determining the anomaly and
starting to implement further calculations
to reveal the lesion characterization regard-
ing the presence of FNH. The ground truth-
based border drawn by the radiologists was
analyzed along with a prediction based
on the border of the model. The Dice score
represents the overall segmentation perfor-
mance and indicates the success of the seg-
mentation through the prediction ability of

the model. The Dice score ranges from 0 (no
overlap compared with the segmented bor-
ders of the radiologist) to 1 (perfect overlap
compared with the segmented borders of

the radiologist). This method was used in the
literature for similar purposes, such as the
segmentation of HCC in the liver.2

Table 5. Sensitivity, specificity, and positive and negative predictive values of the reviewers

with 95% confidence intervals

Results for the resident

Radiology resident

Radiology resident Total
Positive Negative
Positive 9 4 13
Pathology result
Negative 3 26 29
Total 12 30 42
Sensitivity: 0.692 (0.388 + 0.896)
Specificity: 0.897 (0.715 + 0.972) P <0.001
Positive predictive value: 0.750 (0.428 + 0.933) :
Negative predictive value: 0.867 (0.683 + 0.956)
Results for artificial intelligence
Al
Al Total
Positive Negative
Positive 10 3 13
Pathology result
Negative 1 28 29
Total 11 31 42
Sensitivity: 0.769 (0.459 + 0.938)
Specificity: 0.966 (0.803 + 0.998) P <0.001
Positive predictive value: 0.909 (0.571 + 0.995) ’
Negative predictive value: 0.903 (0.730 + 0.974)
Results for the radiology specialist
Radiology specialist
Radiology specialist Total
Positive Negative
Positive 12 1 13
Pathology result
Negative 1 28 29
Total 13 29 42
Sensitivity: 0.923 (0.620 + 0.995)
Specificity: 0.966 (0.803 + 0.998) P <0.001
Positive predictive value: 0.923 (0.620 + 0.995) :
Negative predictive value: 0.966 (0.803 + 0.998)
Al, artificial intelligence.
Table 6. Kappa values for the comparison of each reviewer
Value Asymptotic Approximate T°  Approximate
standard error® significance
Resident vs. Al 0.374 0.155 2428 0.015
Specialist vs. Al 0.777 0.106 5.037 <0.001
Resident vs. specialist 0.602 0.135 3.905 <0.001

2, not assuming a null hypothesis; b, using the asymptotic standard error assuming a null hypothesis.

Al, artificial intelligence.

Table 7. Area under the curve for each reviewer’s results

Test result variable (s)  Area Standard Pvalues Asymptotic 95% confidence
error interval
Lower bound Upper bound
Resident 0.794 0.084 0.003 0.630 0.959
Al 0.833  0.077 0.001 0.682 0.983
Specialist 0.944  0.048 0.000 0.851 1.000

Al, artificial intelligence.
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According to theresults presented in Table
2, each imaging phase demonstrates distinct
characteristics in segmenting different parts
of the liver. For instance, the HBP exhibited
the highest overall liver segmentation per-
formance, with a Dice score of 0.948 + 0.02,
whereas the portal phase achieved the best
vein segmentation performance, with a Dice
score of 0.752 + 0.03. Similarly, the most ef-
fective segmentation for FNH was observed
in the arterial phase, yielding a Dice score
of 0.733 + 0.246. In summary, based on the
mean Dice score across phases, the arterial
phase proved most effective in segmenting
the three liver components, achieving a Dice
score of 0.712 £ 0.05. This might be a result
of the increased signal difference between
the lesion and the surrounding parenchyma.
The ability of the model to distinguish the le-
sion borders was considered superior for the
arterial phase images. Consequently, the ar-
terial phase was chosen as the foundational
model. Specifically, the first-fold model of the
arterial phase, which achieved a mean Dice
score of 0.7998, was selected as the base
model for FNH detection and segmentation.
Subsequently, the scoring system was con-
sidered for analyzing the lesion, particularly
for the diagnosis of FNH.

There are attempts in the literature to use
autotomized Al models to diagnose focal
liver lesions. In Goehler et al's® study, the
researchers tried to detect liver metastases
and evaluate changes in tumor size on con-
secutive MR examinations. A convolutional
neural network (CNN) and Kuhn-Munkres
algorithm were used for 64 patients with
neuroendocrine tumors with two consecu-
tive liver MR examinations using gadoxetic
acid. The results of this study indicated that
this evaluation system was 91% concordant
with the radiologists’ decision, and the sen-
sitivity and specificity were 0.85 and 0.92, re-
spectively. In addition, the model was capa-
ble of assessing the interval change in tumor
burden between two MRI examinations.”
A computer-assisted diagnosis system, the
liver artificial neural network (ANN), was an-
alyzed by Zhang et al** regarding its feasi-
bility for identifying focal liver lesions. Using
an ANN technique, this system classified the
liver lesions into five categories. Their inves-
tigation used 320 MRIs (from 80 patients);
however, the system was human assisted,
and a radiologist had to delineate an ROI
for the lesion. The five hepatic categories
for the lesions in their study were cavernous
hemangioma, HCC, hepatic cyst, dysplasia
in cirrhosis, and metastasis. This liver ANN
system was developed to assist the radiolo-

gists, giving a second opinion with a training
accuracy of 100% and a testing accuracy of
93%.% For the diagnosis of focal liver le-
sions, Hamm et al.?* performed a study using
multi-phasic MRIs, and 92% sensitivity, 98%
specificity, and 92% accuracy were achieved
with their CNN. In the same study, the model
displayed a sensitivity of 90% for the diagno-
sis of HCC, whereas the radiologist achieved
70%.% Jansen et al.?° utilized a system of au-
tomatic classification to classify focal liver
lesions using MRIs and the risk factors for
a more accurate diagnosis. They achieved
an overall accuracy for focal liver lesions of
0.77.The sensitivity and specificity values for
hepatic hemangioma were 84% and 82%,
respectively, for hepatic cyst, 93% and 93%,
for hepatic adenoma, 80% and 78%, for HCC,
73% and 56%, and for metastasis, 62% and
77%.% Zhen et al.?*® analyzed the efficiency of
a deep learning-based tool based on the fact
that dynamic contrast-enhanced MRI pro-
vides the most precise diagnosis of hepatic
tumors. In their analysis, enhanced and un-
enhanced MRIs, along with relevant patient
clinical information, were used. The results
indicated that the deep learning-based sys-
tem differentiated malignant from benign fo-
cal liver lesions well using only unenhanced
images (AUC: 0.946; 95% Cl: 0.914-0.979 vs.
AUC: 0.951; 95% Cl: 0.919-0.982, P = 0.664).
Moreover, the performance of the deep
learning-based system was improved when
combining unenhanced images with clinical
data to classify malignancies as metastatic
tumors (AUC = 0.998; 95% Cl: 0.989-1.000),
HCC (AUC: 0.998; 95% Cl: 0.989-1.000), HCC
(AUC: 0.985; 95% Cl: 0.960-1.000), and other
primary malignancies (AUC: 0.963; 95% ClI:
0.896-1.000). Compared with the patholog-
ical examination, the agreement was 91.9%,
and the sensitivity and specificity values for
almost every liver lesion category achieved
the same accuracy as those of experienced
radiologists.?® A study by Stollmayer et al.?”
used deep learning with 2D and 3D networks
to diagnose FNH, HCC, and liver metastases
on hepatocyte-specific contrast-enhanced
MRIs. In total, 216 MRIs from 69 patients
were analyzed. Overall, the 2D model per-
formed better, with AUCs of 0.990, 0.966, and
0.960, respectively, for the investigated liver
lesions.?” Wang et al/s® CNN-based model
differentiated various focal liver lesions as
either benign or malignant. Then, detailed
classification was performed depending on
tumor types. A total of 557 images were sep-
arated into a training and a testing set, and
the AUCs for the classifications were 0.969
and 0.919, respectively. Seven focal liver le-
sions—Iliver cyst, cavernous hemangioma,

hepatic abscess, FNH, HCC, intrahepatic chol-
angiocarcinoma, and hepatic metastasis—
were investigated in their research using
seven MR sequences (T2 weighted, diffusion
weighted, apparent diffusion coefficient, T1
weighted, late arterial phase, portal venous
phase, and delayed phase), and the accuracy
for performing the seven-way classification
was 79.6%.2 The present study focused on a
specific lesion, and it is difficult to compare
the results with those of other studies in
which some of the lesions were grouped and
some were focused on distinguishing benign
and malignant lesions.

To the best of our knowledge, this is the
first study focused solely on the presence
of FNH of the liver, and the results indicate
promising results for the future. The sensitivi-
ty and specificity of the Al model were 76.9%
and 96.6%, respectively, which were lower
than those of the radiology specialist. The
AUC value was 0.833 (95% Cl: 0.682-0.983)
and the accuracy was 0.905 for the Al mod-
el for indicating the presence of FNH using
six MR sequences. These AUC values seem
to be lower than some values from previous
studies, and a higher accuracy value was ob-
tained than from some other investigations.
However, this study cannot be compared
exactly with the other studies mentioned
above. Datasets from previous studies in-
cluding various lesions cannot be compared
with the dataset from this study since this
research was solely focused on FNH lesions.
The Al results were better than those of the
radiology resident; however, they were low-
er than those of the radiology specialist.
Nonetheless, it was remarkable that a good
agreement level was indicated between the
radiology specialist and the Al model accord-
ing to the results of this study. This might be
caused by the lack of diversity among the
FNH lesions in the MRIs experienced by the
Al model in the training session. The radiolo-
gy specialist’s years of experience cannot be
compared with the Al’s training image data-
set, which only included 30 patients with
FNH lesions. This gap between Al and the ra-
diology specialist might be compensated for
by introducing a larger number and greater
variety of FNH lesions to the Al model.

Important factors such as feasibility, eth-
ical concerns, precision, safety, and overall
acceptability influence the application speed
of auto-diagnosis systems in medicine. Col-
laboration between healthcare professionals
and Al-based diagnostic systems remains a
mandatory objective for succeeding in this
difficult task, and Al can still not replace
skilled diagnosticians.?
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There are limitations to this study, which
must be considered when interpreting its
outcomes. First, the presence of FNH was
determined with only six MR sequences on
axial planes to standardize, simplify, and eas-
ily compare the interpretation results. It also
helped the standardization of the segmen-
tation process, which should have been per-
formed meticulously as part of a long-lasting
process. However, a standard interpretation
of the liver MRIs needed all the sequences
obtained during the imaging procedure. If
the patient had one or more lesions consis-
tent with FNH, they were accepted as FNH
positive by each reviewer, and chi-square
tests were performed using these results.
The Al model used in the study indicated the
results regarding the presence or absence of
FNH as an outcome. To compare the results
and calculate interobserver reliability accu-
rately, the study was planned in this way. This
methodological approach might be criticized
in terms of its appropriateness for indicating
the sensitivity and specificity values. A le-
sion-based model rather than patient-based
evaluation results would provide more accu-
rate outcomes. The detection of the lesion
was based on signal properties and dynamic
enhancement patterns, but the borders of
the lesion were underestimated. A morpho-
logical approach using the border attributes
would be a more realistic approach, similar to
the routine radiological liver interpretations
on MRIs. Having more patients with hepatic
adenomas and HCC to evaluate the ability of
Al in distinguishing FNH from other lesions
would be better. Some of the patients in this
study were used in the Al training process,
and some were not suitable for the investiga-
tion because of motion artifacts orimage dis-
tortions. Moreover, we could only share the
results of patients confidently diagnosed ei-
ther radiologically or histologically. Although
a variety of lesions with different histological
and imaging features were evaluated in this
study, additional studies with larger sample
sizes are needed to confirm the results of this
investigation. Due to the extremely detailed
and very long-lasting process of segmenta-
tion, the proximal branches of the hepatic
and portal veins were mapped to introduce
them to the Al model. It was expected that
the more distant segments would be per-
ceived by the Al model, as it was part of the
program. To minimize the Al model’s possi-
ble segmentation and interpretation errors,
the more distant segments of the vessels
might also be drawn manually.

In conclusion, the Al model provided re-
markable sensitivity, specificity, PPV, and

NPV results regarding the detection of FNH in
this study. The potential of Al should not be
underestimated since this current investiga-
tion indicated that Al achieved better results
than a radiology resident. Through multidis-
ciplinary studies based on the increasing in-
terest of physicians and engineers, Al might
become a crucial element in diagnostics and
play a major role in the detection and char-
acterization of liver lesions. Targeted studies
focused on specific lesions may be combined
in the same diagnostic tool, using the expe-
rience of all focal lesions of the liver to widen
the spectrum of lesions recognized by Al.
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