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Abstract

Studies were identified using deep learning artificial intelligence methods for the analysis of computed
tomography images in the assessment of hepatic fibrosis and cirrhosis. A systematic review was conducted
in line with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses of Diagnostic Test
Accuracy Studies protocol to evaluate the accuracy of deep learning algorithms for this objective
(PROSPERO CRD 42023366201). A literature search was conducted on Medline, Embase, Web of Sci-
ence, and IEEE Xplore databases. The search was conducted with a timeline from January 1, 2000,through
November 13, 2022. Our search resulted in 3877 studies for screening, which yielded 6 studies meeting
our inclusion criteria. All studies were retrospective. Three studies performed internal validation, and 2
studies performed external validation. Four studies used image classification algorithms, whereas 2 studies
used image segmentation algorithms to derive volumetric measurements of the liver and spleen. Accuracy
of the algorithms was variable in diagnosing significant and advanced fibrosis and cirrhosis, with the area
under the curve ranging from 0.63 to 0.97. Deep learning algorithms using computed tomography images
have the potential to classify fibrosis stages. Heterogeneity in cohorts and methodologies limits the
generalizability of these studies.
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hronic liver disease is responsible for

considerable morbidity and mortality

worldwide.! The dynamic and over-
lapping nature of various etiologies such as
viral hepatitis, alcoholic liver disease, and
nonalcoholic fatty liver disease creates further
challenges in risk stratification, treatment,
and surveillance."” The spectrum of liver dis-
ease starts with a continuous process of injury,
inflammation, destruction, and regeneration of
liver parenchyma leading to fibrosis, which
can progress to cirrhosis. Data on the global
prevalence of cirrhosis are limited, but esti-
mates of its prevalence range from 0.7% to
1.3%.”" Liver fibrosis estimates range from
3.6% to 13.0% with a high prevalence of silent
liver disease among individuals without
known liver disease.” Liver fibrosis stage rep-
resents an important predictor of clinical out-
comes and mortality in chronic liver disease.
For example, in patients with nonalcoholic
fatty liver disease, the risk of liver-related

mortality increases exponentially with each
fibrosis stage, reaching a hazard ratio of 15:1
for end-stage fibrosis (cirrhosis).® Although
the gold standard for determining liver fibrosis
stage is biopsy, noninvasive tests and serolog-
ical biomarkers are often used instead for risk
stratification and monitoring.”®  Transient
elastography (FibroScan), a technique using
ultrasound waves to measure liver stiffness,
has been widely applied for hepatic fibrosis
staging with high accuracy for the detection
of cirrhosis. However, its accuracy is still
somewhat limited in assessing intermediate
fibrosis stages (precirrhosis) and may be influ-
enced by factors such as body habitus and
serological biomarkers. ™"

Imaging represents an essential compo-
nent of the screening, diagnosis, and moni-
toring of patients with suspected or known
liver disease. Ultrasound 1is the most
commonly used imaging modality given its
availability —and  affordability, — whereas
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DEEP LEARNING CT ASSESSMENT OF HEPATIC FIBROSIS

computed tomography (CT) and magnetic
resonance imaging (MRI) are reserved for
more specific indications.'" Advanced imaging
techniques such as MR elastography provide
high accuracy in fibrosis staging but are
limited to academic settings owing to the
requirement of additional equipment and
expertise."*'” The widespread availability of
CT has led to its increased use in answering
specific questions regarding decompensation,
focal liver lesions, and sudden presenta-
tions. ™" Computed tomography scans are
usually performed with intravenous iodinated
contrast and provide findings on the status
of liver parenchyma, such as morphologic
changes indicating cirrhosis, characterization
of focal liver lesions, and the status of portal
hypertension. The latter may include portal
venous thrombosis, portosystemic shunts,
splenomegaly, and ascites. However, subjec-
tive interpretation of CT in assessment of
cirrhosis is of limited accuracy and suffers
from interobserver variability.'” Furthermore,
subjective assessment of fibrosis (precirrhosis)
is less accurate given that the radiological
changes are more subtle.'™'” To overcome
this limitation, quantitative morphology-
based methods have been suggested, including
manual and semiautomated measurements ac-
quired from CT images. These include 2D
measurements (caudate-to-right lobe ratios,
hepatic vein diameters and ratios), 3D volu-
metric assessment (total liver and spleen vol-
umes, liver segment volumes), and
quantitative semiautomated assessment of liver
surface nodularity. Such methods require
additional measurements by experienced
readers but are still subject to measurement
bias, are often time consuming, and may
require additional software processing.'™'”
Artificial intelligence (Al is a broad field
that includes various automated methods to
analyze imaging and nonimaging data. Deep
learning is a subfield of Al that involves the
use of neural networks to perform such tasks
as image segmentation and classification.
Such methods have been applied to CT and
MRI images to perform volumetric segmenta-
tion of the liver and spleen and to assess and
classify hepatic fibrosis.””*” Previous system-
atic reviews on the use of Al in hepatology
evaluated the literature from a broad perspec-
tive covering diffuse and focal liver disease and

included all imaging modalities (ultrasound,
CT, and MRI).””“® Although such general re-
views are important, the technical details
related to each imaging modality were not spe-
cifically explored. Such details are important
in Al methods and can considerably affect
the training, performance, and applicability
of developed algorithms. In this systematic re-
view, we aim to assess the performance of
deep learning methods in staging hepatic
fibrosis and cirrhosis using CT images.

METHODS

The study was conducted on the basis of the
Preferred Reporting Items for Systematic Re-
view and Meta-Analysis of Diagnostic Test Ac-
curacy Studies checklist.”” A meta-analysis
was not performed because of the expected
high heterogeneity of studies.

Search Strategy

A literature search was conducted on Medline,
Embase, Web of Science, and IEEE Xplore da-
tabases. The search was conducted with a
timeline from January 1, 2000, through
November 13, 2022. The search keywords

were “liver diseases,” “liver fibrosis,” “hepatic
fibrosis,” “artificial intelligence,” “algorithms,”
“neural networks,” “deep learning,” and

“computed tomography.” A detailed literature
search methodology is provided in the Supple-
mentary File (available online at https:/www.
mcpdigitalhealth.org)).

Inclusion criteria were as follows: (1)
studies that evaluated deep learning algo-
rithm(s) for volumetric assessment of liver
and spleen or for image classification for the
purpose of hepatic fibrosis staging; (2) used
CT images, (3) included histopathology or
elastography as reference standards; (4) pub-
lished full-text in English; and (5) provided
an accuracy measure of the algorithm(s). Ab-
stracts and nonhuman studies were excluded.

Two reviewers (NK and AD, anonymized
for  manuscript review) independently
screened the results: NK, a hepatobiliary sub-
specialist radiologist, 5 years post fellowship,
and AD, a final year radiology trainee. Results
were screened using the Covidence systematic
review web-based platform (www.covidence.
org). Discrepant results were resolved by
consensus. The study was registered with the
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international prospective register of systematic
reviews (PROSPERO CRD 42023366201).

Data Extraction

Extracted data from included studies were
collated into a standard data sheet. Data
included first author, year of publication,
country, details of study population, number
of participants, size of training and validation
datasets, use of internal and external validation
datasets, augmentation methods, reference
standard, outcome measures, and results.
Technical details related to CT imaging were
extracted where available and included acqui-
sition parameters, reconstructed slice thick-
ness, use of intravenous iodinated contrast,
and phase of contrast imaging. Details on pre-
processing of imaging before deep learning
development, such as segmentation, cropping,
use of single slices or volumes, and labeling
were also extracted. Finally, the availability
of developed algorithms and datasets was
assessed.

Outcome Measures

Outcome measures included area under the
receiver operating characteristic (AUROC)
curve. For studies wusing volumetric
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assessment of the liver and spleen to stage he-
patic fibrosis, accuracy measures for segmenta-
tion, including Dice similarity coefficient were
also assessed.””

Reference Standard

Studies using histopathology and elastography
as reference standards for hepatic fibrosis were
included. Binary classifications of significant vs
nonsignificant fibrosis, advanced vs nonad-
vanced fibrosis, and cirrhosis vs noncirrhosis
were evaluated. For histopathology, where
the meta-analysis of histological data in viral
hepatitis score or the New Inuyama classifica-
tion were used, significant fibrosis was
regarded as F2 or higher, advanced fibrosis
as F3 or higher, and cirrhosis as F4.2920
Where Ishak score was used, significant
fibrosis was regarded as score 3 or higher,
advanced fibrosis as score 4 or higher, and
cirrhosis as score 6.”' Other histopathology
reporting systems, such as Knodell hepatic ac-
tivity index (HAI) were reported as presented
in the corresponding studies.”” If elastography
was used, thresholds for significant fibrosis,
advanced fibrosis, and cirrhosis were reported
as presented.

Quality Assessment

The Quality Assessment of Diagnostic Accu-
racy Studies (QUADAS-2) tool was used to
assess the risk of bias for the included studies.
Modifications of questions to allow assessment
of Al studies was made on the basis of previ-
ously suggested QUADAS-AL’""* Questions
were related to 4 domains and are as follows:
(1) subject selection; (2) index test; (3) refer-
ence standard; and (4) work flow. Studies
were rated as low, high, or unclear, reflecting
the rtisk of bias and concermns regarding
applicability.

RESULTS
We screened 3,877 studies from our search re-
sults and identified 6 studies meeting our in-
clusion criteria (Figure 1). The PRISMA-DTA
checklist is presented in Supplementary
Materials.

Characteristics of Selected Studies

Six studies met our inclusion criteria and
included 10,408 individuals, including 7331
men (70.4%), with mean ages of 44-66
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16,35-39

years. Four studies were from Asia (2
from Korea, 1 from Japan, and 1 from China);
1 was from Europe (Netherlands); and 1 from
North America (United States). Table 1 sum-
marizes the study characteristics, and Table 2
summarizes the technical details, including
CT parameters, image analysis, and process-
ing. Tables 3 and 4 summarize performance
scores. All studies were retrospective, and 5
studies evaluated algorithm performance on
validation datasets, including 2 studies with
external validation."™”” The study by Li
et al’® did not report on algorithm perfor-
mance in a separate validation dataset. Yasaka
et al’® used 496 CT scans from 286 patients
and Yin et al’” included 2 patients twice as
they underwent repeat transplantation. The
remaining studies used 1 CT scan per patient.
None of the datasets in the included studies
were derived from public datasets and none
of them have been made publicly available.

Included studies fall into 2 types of ap-
proaches in fibrosis staging: (1) studies with
classification algorithms;'("’%’ﬁ’&” and (2)
studies with liver and spleen segmentation
and volume measurements.” "’

Studies With Classification Algorithms

Four studies used an image classification
approach. Choi et al'® performed the largest
multicenter study with 8352 patients from 4
centers and evaluated their algorithm on
external datasets. They randomly selected 50
CT scans to develop an initial liver segmenta-
tion algorithm, which was used to segment the
liver for the entire dataset as a first step. The
Dice similarity coefficient for this segmenta-
tion algorithm was 0.92. A classification algo-
rithm for fibrosis staging was then developed
and applied to the dataset as a second step.'”
Yin et al’” also used volumetric data but
applied the soft tissue window density range
(—150 to +225 Hounsfield units) to the CT
slices as a first step rather than creating a
segmentation algorithm to exclude irrelevant
densities from the imaging field. The pro-
cessed CT slices were then used for classifica-
tion of fibrosis stages. They provided heat
maps for their algorithm, which highlighted
liver and spleen parenchyma as contributors
to their neural network predictions. Limita-
tions of their study included a lack of external
validation and a relatively small sample size of

252 patients, including 133 CT scans from a
trauma setting considered as normal livers
(FO) without a liver biopsy.”” The study by
Yasaka et al’® used a manually selected single
slice of the liver, which was then manually
cropped as a JPEG image of the anterior left
lobe of the liver. The images were used to
develop and test a classification algorithm. In
the study by Li et al,” 3 adjacent axial slices
were manually selected at the expected level
of liver biopsy in the eighth or ninth inter-
costal spaces, which were then manually con-
toured around the liver. The stacks of images
were then used for a classification algorithm.
Their study was the only one without a valida-
tion dataset (internal or external)—an impor-
tant limitation. Unlike other studies, their
study used noncontrast CT scans, whereas
others exclusively used portal venous phase
contrast-enhanced CT images.”

Most of these studies described data
augmentation. Choi et al'® used multiple tech-
niques including rotating the original CT im-
ages (—15 to +15°) or adding Gaussian
noise on a random basis. They applied these
techniques to fibrosis stages F1, F2, and F3
only instead of the entire cohort acknowl-
edging a class imbalance in these subgroups
compared with FO and F4. Yasaka et al™
augmented their entire cohort by changing
the location of cropping and by rotation
(through 5, 90, 180, 270, and 355°) and add-
ing Gaussian noise. Li et al’® augmented their
data with random horizontal and vertical flip-
ping, rotation (within 10°), image magnifica-
tion, and horizontal and vertical shift. Yin
et al” did not describe any augmentation of
their imaging data before neural network
training.

Studies With Segmentation Algorithms

Two studies used a segmentation approach of
the liver and spleen to derive volume measure-
ments. These measurements were then used to
derive numeric indices and ratios to classify
fibrosis stages. Son et al’” used CT scans of
558 patients from 3 centers, which were part
of the study by Choi et al.'® They used the
segmentation algorithm developed in the
study by Choi et al and reported on manual
checking and editing of segmentation results
that required additional reporting time
(9.1£5.0 min, range 2-43 min). The liver
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TABLE 1. General Characteristics of Included Studies®

Choi Korea Retrospective Multicenter 2007-2016 8352 442+4147°
etal'® 51.54133¢
2018

Lietal®® China Retrospective Single 2017-2019 347 45 (35-54)°
2020

Son et al,”’ Korea Retrospective Multicenter 2007-2017 558 487 (13.1)

2020

5896
(70.6%)

213
(61.4%)

284
(509%)

3475/222/  40.1% HBV and 45.2% no disease” Histopathology

445/633/
3577

74/59/35/
20/159

781671109/
86/218

57% HBV and 21.1% other

Mixed; viral hepatitis 41.2%
and no liver disease 8.1%

Histopathology

Histopathology

Height and
weight”
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TABLE 2. Technical Characteristics of Included Studies

Reference, Acquisition Details

Year Provided Slice Thickness

Phase of CT
Imaging

Single Slice vs

Volumetric Preprocessing Augmentation

Choi et al,'® Yes

S5mm in 71.2% Portal venous Volumetric

Normalization and resizing Yes for FI, F2 and F3

2018 Automated liver segmentation before subgroups
classification algorithm
Yasaka Yes 0.5 mm or Portal venous Single axial slice  Manually cropped image of anterior left Yes
etal*® 0.625 mm lobe, resized JPEG
2018
Li et al,* Yes 3 mm Noncontrast Three adjacent  Manually selected slices Yes
2020 axial slices Manually segmented
Density width 350 HU and window 40
HU
Yin et al””  Not mentioned  Not mentioned Portal venous Volumetric Automated volumetric segmentation of Not described
2021 liver
Density range applied — 125 to +225
HU
Son et aI,37 Yes 3 mmin 27% Portal venous Volumetric Same as automated segmentation in N/A

2020 5 mm in 72%
Lee etal®® Yes
2022 in 98%
Dataset?: all
5 mm.

Dataset|: 5mm Portal venous Volumetric

study by Choi et al'®

Soft tissue density range —150 to 240  Yes
HU

CT, computed tomography; N/A, not available.

and spleen volumes were standardized to body
surface area to derive standardized liver and
spleen volumes rather than absolute volumes.
They also calculated a liver-to-spleen volume
ratio using absolute volumes. These standard-
ized indices were then correlated with fibrosis
stage.”” Lee et al”” used 2 segmentation algo-
rithms to segment the 8 liver Couinaud seg-
ments and the spleen. From these
segmentations, total liver volume, spleen vol-
ume, and liver segmental volume ratio (seg-
ments [-III divided by segments IV-VIII)
were derived and correlated with fibrosis
stages.

Reference Standard

Histopathology was used as a reference
standard in the studies (Supplemental
Table 1, available online at https:/www.
mcpdigitalhealth.org/). In addition to histo-
pathology, Yin et al’” used 133 CT scans
from patients from a trauma setting as con-
trols (FO) without histopathology, represent-
ing 53% of their cohort.”” Most studies used

TABLE 3. Performance of Classification Algorithm Studies®

Validation dataset

AUROC
Sensitivity
Specificity
Reference,  Training or Vali- Significant ~ Advanced
Year dation % Validation Fibrosis Fibrosis  Cirrhosis
Choi etal,'® 90/10 Internal and 096 097 095
2018 external 85.50% 94.60%  84.60%
89.90% 9540%  96.60%
Yasaka et al,”® 80/20 Internal 0.74 0.76 073
2018 76% 75% 75%
68% 65% 57%
Li et al,*® 80/20 N/A 09 0.94 097
2020° 83% 79% 81%
59% 79% 89%
Yin etal,”  Not described Internal 092 0.89 0.88
2021 83.00% 7950%  75.10%
91.70% 88.20%  86.50%

“AUROC, area under the receiver operating characteristic curve; N/A, not available
®Lj et al*“used 5-fold cross validation across the cohort with 80/20 split. The mean AUROC,
sensitivity and specificity as reported for 5-fold cross validation.
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TABLE 4. Performance (AUROC) of Segmentation Studies®®

Reference, Year Volumetric Parameter Significant Fibrosis Advanced Fibrosis Cirrhosis
Son et al,”’ 2020° - Whole dataset
sVolL - 0.63 0.68
sVolS - 0.82 0.84
sVolL / sVolS - 0.82 0.85
Lee et al,” 2020° - Dataset |
Liver 0.57 - 0.46
Spleen 0.77 - 0.85
LSVR 072 - 0.79
- Dataset2
Liver 0.49 - 046
Spleen 0.66 - 0.65
LSVR 0.63 - 0.75

?AUROC, area under receiver operating characteristic curve; LSVR, liver segmental volume ratio; N/A, not available

®sVolL and sVolS represent liver and spleen volumes standardized to body surface area, respectively.

“Did not report on segmentation accuracy.
“Reported Dice similarity coefficients of 0.98 and 095, respectively for whole liver and spleen.

580

the meta-analysis of histological data in viral
hepatitis score for fibrosis staging with F2-
F4, F3-F4, and F4 indicating significant
fibrosis, advanced fibrosis, and cirrhosis,
respectively. Son et al’’ further divided F4
into compensated (F4C) and decompensated
(F4D) subgroups. Lee et al’” used meta-
analysis of histological data in viral hepatitis
scores for their training Datasetl and re-
ported on Ishak and Knodell HAI scores in
their validation Dataset2 with cut-offs for
significant fibrosis and cirrhosis. In their
study, they referred to stages F2-F4 as
advanced fibrosis rather than significant
fibrosis.”” This is presented accordingly in
Table 4.

Subgroups

All studies included patients with different
fibrosis stages. Yasaka et al’® did not report
on aetiologies of liver disease in their cohort.
Other studies from Asia had higher propor-
tions of patients with hepatitis B virus
compared with the studies from the
Netherlands and the United States. The
Netherlands cohort reported by Yin et al’”
comprised 134 healthy controls and 119 pa-
tients with liver disease, of whom 38% had
unknown etiology, 22% were alcohol-related,
and 11% reported viral hepatitis.”” The
training dataset in the study by Lee et al”’
exclusively comprised patients with hepatitis

C virus, but their validation dataset was of
mixed etiologies, including hepatitis C virus
(38%), steatohepatitis (27%), and hepatitis B
virus (12%).> In all studies, the proportions
of patients within each fibrosis stage were
weighted heavily at the ends of the distribu-
tion (FO and F4) (Table 1 and Figure 2).

Performance in Fibrosis Staging

Three of the 4 classification algorithm studies
reported high AUROC (0.88-0.97) for signifi-
cant and advanced fibrosis and for
cirrhosis.'*”*" Yasaka et al’® reported mod-
erate. AUROC (0.73-0.76).” For volumetric
indices in the 2 relevant studies, splenic vol-
ume (absolute and standardized to body sur-
face area) revealed moderate AUROC (0.65-
0.85). Liver-to-spleen volume ratio and liver
segmental volume ratio also revealed moderate
results, whereas liver volume (absolute and
standardized to body surface area) revealed
poor results.””’" Tables 3 and 4 summarize
performance results.

Quality Assessment

All included studies reported ethical approval
statements. All studies included conflict of in-
terest disclosures and funding declaration
statements.
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Bias

Three studies that did not perform external
validation” " received unclear risk of bias
scores, and 1 study with no internal or
external validation™ received a high risk of
bias for the index test. A high risk of bias
regarding patient flow and index test timing
was attributed to 1 study owing to the afore-
mentioned use of control patients without pre-
vious histopathological liver data as more than
half the studied cohort.”

Applicability

Three studies received an unclear risk of bias
regarding the index test’™’™” and 1 study
received an unclear risk of bias regarding the
reference standard.”” A quality assessment
summary and scores for each study are pro-
vided in  Supplemental  Figure and
Supplemental Tables 2 and 3, available online
at https://www.mcpdigitalhealth.org/.

DISCUSSION

Accurate staging of hepatic fibrosis requires
the use of an invasive procedure (liver biopsy)
or advanced imaging (MR elastography).””
Such tools are relatively expensive, not widely
available, and, in the case of liver biopsy, carry
a risk of morbidity and mortality.™ Therefore,
noninvasive tools have been increasingly used
in clinical practice for staging hepatic fibrosis.
With the increasing availability of CT,

harnessing information within images beyond
routine radiologist interpretation has been a
subject of Al research throughout the past
decade. Our review demonstrates that Al algo-
rithms using CT images can help in staging he-
patic fibrosis in 2 domains: (1) image
classification; and (2) volumetric segmentation
of the liver and spleen.

Image classification algorithms require
processing before use in training neural net-
works. In the study by Choi et al,'® the first
step was segmenting the liver from volumetric
CT data.'® Yin et al™” used volumetric CT data
but did not segment the liver. Instead, they
applied a density range to preprocess the im-
ages to remove unnecessary data (eg, air, fat,
and bone) before training their network. This
approach used structures, in addition to the
liver, within the imaging field (specifically
the spleen) in their algorithm predictions.””
Studies by Yasaka et al’® and Li et al’® used
manually selected slices. Yasaka et al’ crop-
ped a single slice to include the anterior
margin of the liver (without segmenting the
liver in the image) to focus the algorithm on
the liver capsule because of the known associ-
ation of liver capsule nodularity with fibrosis
stage. Li et al’® selected 3 adjacent slices of
the CT stack and then manually contoured
the liver on these slices. In the latter 2 studies,
manual handling of images required experi-
enced radiologists. It is not known whether
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including the anterior left lobe of the liver and
adjacent fat in segmentation of the liver would
result in improved prediction of fibrosis
stages. Quantifying liver surface nodularity
with semiautomated methods for fibrosis stag-
ing has shown good accuracy in a few
studies.”' In a study of hepatitis C virus pa-
tients, liver surface nodularity and a clinical
marker (fibrosis-4 index) were similar to
more advanced quantification methods such
as volumetric measurements and texture anal-
ysis.”* The cohort of this study is the original
cohort from the study by Lee et al.”” Training
algorithms on all components of the CT scan,
such as the approach by Yin et al,”” may result
in improved accuracy of classification algo-
rithms, particularly in more advanced stages
of liver disease (splenomegaly, portosystemic
shunts, and ascites). However, when there is
already obvious portal hypertension or
decompensation, fibrosis staging is of dubious
clinical value.

Two studies evaluated segmentation of the
entire liver and spleen to provide volume mea-
surements that could then be used for hepatic
fibrosis staging.”””" Previous studies on this
topic using manual and semiautomated ap-
proaches found that liver-to-spleen ratio, liver
segmental volume ratio, and spleen volume
alone can be used for staging hepatic
fibrosis.**** Son et al *’did not report on seg-
mentation accuracy in their study but reported
on additional time for review of segmentation
masks generated by the deep learning algo-
rithm (average 9.145.0 min per case). Subse-
quently, their group improved their algorithm
in 2 separate studies (<5% error) with Dice
similarity coefficients of 0.973 and 0.974,
respectively for the liver and spleen, and a pro-
cessing time of 33 seconds.””"” Lee et al,” in
a subset of 70 patients with manual measure-
ments, reported Dice similarity coefficients of
0.98 and 0.95, respectively for the whole liver
and spleen, and 0.91 and 0.96, respectively for
left and right lobes of liver (Couinaud seg-
ments I, II, and III and segments IV, V, VI,
VII, and VIII).

The studies by Yasaka et al’ and Li et a
recruited patients over 2 and 3 years respec-
tively. However, the remainder of studies
recruited patients over periods of 10 years or
more. Such long periods of recruitment result
in a variety of patients with different liver
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disease etiologies undergoing CT imaging us-
ing various software and hardware technolo-
gies. The indications for liver biopsies and
the distribution of liver disease etiologies
have changed considerably over the past 2 de-
cades, with fewer biopsies performed for viral
hepatitis indications currently compared with
those in the past.” There is also a growing
proportion of nonalcoholic steatohepatitis pa-
tients in different countries,””"™® which are
not necessarily appropriately represented in
the studies included in this review. Further-
more, developments in CT technology have
resulted in a change in how the images are
reconstructed and their quality.” The effect
of such developments on the accuracy of im-
age classification algorithms trained on older
technology is unknown. Using volumetric
measurements of the liver and spleen in
fibrosis staging means that changes in image
quality should not greatly affect volume mea-
surements. One advantage of image segmenta-
tion and volumetric measurements over image
classification approaches is the improvement
of fibrosis classification on the basis of known
morphological changes in liver disease.’”
However, different etiologies of liver disease
may lead to different morphological changes
of the liver in different stages of chronic liver
disease.””" An additional benefit of volu-
metric measurements in chronic liver disease
is their value in predicting clinical outcomes
in patients with established cirrhosis.””” Im-
age classification approaches have been
described as “black boxes” and are generally
considered less trustworthy compared with
segmentation approaches.sdr However, at-
tempts to provide explainable or interpretable
Al approaches (eg, providing heat maps) to
show which pixels or regions of images were
used by a classification algorithm to reach a
specific decision (class) may overcome this
trustworthiness issue.”””*

Additional information available on CT
images has not been fully explored using
deep learning methods for the purpose of liver
fibrosis staging. For example, using manual
measurements of liver enhancement and semi-
automated volumetry on multiphase CT, Tago
et al’” have shown good accuracy in fibrosis
staging. Applying deep learning methods to
segmentation of the liver on multiphase CT
may improve fibrosis staging accuracy
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compared with using noncontrast or portal
venous phase images only. Furthermore,
applying deep learning methods for segmenta-
tion of other regions in the imaging field, such
as the skeletal muscle area, may result in
improved accuracy in fibrosis staging and
detection of cirrhosis given its association
with sarcopenia.’® A deep learning approach
for the identification of ascites or large porto-
systemic shunts on CT images could also
prove beneficial, but is yet to be tested in
this setting.

Incorporating nonimaging data into imag-
ing deep learning algorithms can result in bet-
ter accuracy.’’ Yasaka et al”” incorporated age
and sex into their algorithm. However, the ac-
curacy of their algorithm using only imaging
data was not reported. Son et al’” standardized
liver and spleen volumes to body surface area
using a height and weight formula but did not
include other data such as age or sex.”’ The
remainder of studies did not incorporate non-
imaging data. Previous studies incorporating
imaging and nonimaging data for fibrosis stag-
ing found promising results.”” However,
real-world application of these systems is chal-
lenged by the not infrequent absence of some
relevant clinical data. To assess hepatic fibrosis
of the liver using available clinical data (ie, no
imaging data), Blanes-Vidal et al’® built 6
separate Al models reporting a relatively high
performance for excluding significant fibrosis
in a screening population. Therefore, incorpo-
ration of a variety of inputs including imaging,
demographic characteristics, and laboratory
results should ideally be explored in future
studies. Choi et al'® and Son et al’’ found
that their models were superior to serum
fibrosis tests (aspartate aminotransferase to
platelet ratio index and fibrosis-4 index).
However, other studies did not perform such
comparisons, and none of the included studies
performed comparisons to other modalities
such as transient elastography.

None of the datasets in the included
studies are open-source. In addition, there
are no publicly available CT datasets for
chronic liver disease without cancer. The
HCC-TACE-Seg dataset from the Cancer Im-
aging Archive includes cirrhotic and noncir-
rhotic  patients, but all cases have
hepatocellular carcinoma.” Other CT datasets
include healthy individuals (eg, CHAOS)® or

liver lesions (eg, CT-ORG).°! The lack of avail-
ability of such datasets limits independent vali-
dation. Furthermore, multimodality imaging
approaches such as incorporating ultrasound
or MRI with CT may improve the accuracy
of algorithms using a single modality.

Our systematic review has some limita-
tions. The heterogeneity of the included
studies limited our ability to perform a mean-
ingful meta-analysis of performance results.
Our review focused on CT, which resulted in
a small number of included studies but
allowed for more in-depth exploration of
important cohort characteristics and technical
details across studies.

CONCLUSION

Deep learning algorithms using CT images
have the potential to classify fibrosis stages.
High heterogeneity, the retrospective nature
of the studies, and the lack of external valida-
tion limit the generalizability of these studies.
Sharing datasets that include cohorts of pa-
tients representative of the current chronic
liver disease population would greatly enhance
and expedite advancements in this field.
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