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Abstract

Early allograft dysfunction (EAD) significantly affects liver transplantation prognosis. This study evaluated the effec-
tiveness of artificial intelligence (Al)-assisted methods in accurately diagnosing EAD and identifying its causes. The
primary metric for assessing the accuracy was the area under the receiver operating characteristic curve (AUC). Accu-
racy, sensitivity, and specificity were calculated and analyzed to compare the performance of the Al models with each
other and with radiologists. EAD classification followed the criteria established by Olthoff et al. A total of 582 liver
transplant patients who underwent transplantation between December 2012 and June 2021 were selected. Among
these, 117 patients (mean age 33.5 £ 26.5 years, 80 men) were evaluated. The ultrasound parameters, images, and clin-
ical information of patients were extracted from the database to train the Al model. The AUC for the ultrasound-spec-
trogram fusion network constructed from four ultrasound images and medical data was 0.968 (95%Cl: 0.940, 0.991),
outperforming radiologists by 30% for all metrics. Al assistance significantly improved diagnostic accuracy, sensitivity,
and specificity (P<0.050) for both experienced and less-experienced physicians. EAD lacks efficient diagnosis and cau-
sation analysis methods. The integration of Al and ultrasound enhances diagnostic accuracy and causation analysis.
By modeling only images and data related to blood flow, the Al model effectively analyzed patients with EAD caused
by abnormal blood supply. Our model can assist radiologists in reducing judgment discrepancies, potentially benefit-
ting patients with EAD in underdeveloped regions. Furthermore, it enables targeted treatment for those with abnor-
mal blood supply.
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[6, 7]. Additionally, patients with EAD are prone to other
organ injuries, further affecting their long-term progno-
sis [8, 9].

The etiology of post-LT EAD is complex, and current
diagnostic criteria rely solely on laboratory indicators,
which are insufficient to determine its specific cause
[10-13]. Additionally, effective noninvasive imaging
techniques for diagnosing EAD remain limited [14-17].
Blood supply to the graft during the early post-LT stages
is crucial for graft function recovery [18, 19]. Therefore,
it is essential to explore whether abnormal hemody-
namics in the transplanted liver are independent factors
influencing the occurrence of EAD and whether such
abnormalities can be detected through imaging.

LT surgery involves the reconstruction of multiple
blood vessels, making smooth blood flow in the trans-
planted liver essential for graft survival. Stable hemody-
namics are key to ensuring the recovery of graft function.
Although the pathophysiological mechanisms underlying
EAD remain unclear, some studies have suggested that its
occurrence may be related to ischemia/reperfusion injury
[20, 21]. This injury is characterized by a microcircula-
tory blood flow disorder that further affects the hemo-
dynamic status of the transplanted liver. Thus, analyzing
the hemodynamics of the transplanted liver is crucial for
EAD diagnosis.

Ultrasound is a noninvasive, real-time bedside imag-
ing method used for early blood flow detection post-LT.
It can measure the intravascular flow velocity, systolic
and diastolic phases, and blood flow spectrum using
pulsed-wave Doppler, making it particularly suitable
for detecting blood flow abnormalities [22, 23]. As a
real-time dynamic imaging technique, ultrasound can
quantitatively evaluate the hemodynamic status of the
transplanted liver through color Doppler technology,
providing various quantitative hemodynamic parameters,
such as blood flow velocity and resistance index. It ena-
bles repeated, noninvasive perioperative monitoring of
graft blood flow changes in real time post-LT, making it
the preferred method for assessing graft hemodynamics
[24-26].

Deep neural networks can quantify imperceptible
image features in a high-throughput manner [27-29],
enhancing liver diseases diagnosis accuracy [30, 31].
However, deep learning analysis of ultrasound images has
not yet been applied to LT [32]. Previous studies on liver
diseases using deep learning have focused on grayscale,
elastic graphics, and Doppler ultrasound without ana-
lyzing flow spectrograms from Doppler ultrasound. The
ResNeXt architecture was selected for its efficient feature
extraction capabilities and superior performance, dem-
onstrating robustness in other ultrasound imaging clas-
sification tasks [33, 34].
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Based on these insights, the objectives of this study are
as follows:

To develop a deep learning model for the quantita-
tive analysis of ultrasound blood flow spectrograms
of the liver parenchyma, hepatic veins, portal veins,
and hepatic arteries and validate its diagnostic accu-
racy for EAD.

To assess whether deep learning can effectively assist
radiologists in improving the diagnosis of EAD.

To investigate the correlation between EAD occur-
rence and blood flow abnormalities by comparing
the diagnostic efficacy of deep learning models using
ultrasound images of the liver parenchyma and the
three major blood vessels.

Methods

Study design

This retrospective study was approved by the Medical
Ethics Committee of Tianjin First Central Hospital (ethics
approval number: 2021N058KY). We reviewed patients
who underwent LT at our hospital between December
2012 and June 2021. The patients were randomly catego-
rized into training and validation cohorts in a ratio of 5:1.
The training cohort was used to train network models
such as the ultrasonic spectrum fusion network, whereas
the validation cohort was used to validate the model per-
formance and compare the diagnostic accuracy between
the models and radiologists.

Patient enrollment
The inclusion criteria were:

(1) Patients undergoing LT (3 months to 77 years old);
(2) patients undergoing ultrasound examination
1-7 days after LT; (3) laboratory data 1-7 days post-
surgery, allowing EAD diagnosis based on standard
criteria; (4) patients with complete ultrasound and
general information data; and (5) those whose ultra-
sound images meet the annotation standards.

By contrast, the exclusion criteria were:

(1) Patients who did not undergo ultrasound examina-
tion 1-7 days after LT; (2) patients whose ultrasound
data or general conditions of the patient are missing;
(3) those whose ultrasound images do not meet the
labeling standards.

Bedside ultrasound examinations
Ultrasound images, liver parenchyma and blood flow
parameters were obtained according to the Chinese
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Technical Specifications for Ultrasound Imaging Diag-
nosis and Treatment of Organ Transplantation (2019
edition) [35]. The collected patient images span a long
period, including various machine models and operators,
which helps mitigate data source variations in model
training.

Images captured for each patient included: (1) grayscale
ultrasound images of the liver parenchyma, (2) color
Doppler ultrasound images of portal vein, the velocity of
portal vein, (3) color Doppler ultrasound images of the
hepatic arteries, the peak systolic velocity, and the end-
diastolic velocity of the hepatic arteries, (4) color Doppler
ultrasound image of hepatic vein, the velocity of hepatic
vein.

All flow velocity measurements were taken three times
and averaged.

The ultrasound diagnostic instruments used were Acu-
son S2000, Acuson Sequoia512, GE Logic E9, Philips
iU22, Mindray DC80, and Mindray M7 bedside ultra-
sound diagnostic instruments with convex array probes
(frequency 3—-5 MHz).

After image acquisition, radiologists reviewed them
based on strict inclusion and annotation criteria. Initially,
a radiologist determined whether each patient’s image
met the established criteria. Specifically, grayscale ultra-
sound images had to be clear and stable without meas-
urement lines or artifacts and must clearly depict the liver
parenchyma structure. Doppler ultrasound images had to
be clear and stable, with a blood flow spectrum clearly
displaying at least three consecutive cardiac cycles.

Conversely, certain cases may involve ultrasound
images that are challenging to annotate owing to irregu-
lar operational procedures, unclear scanning or acquisi-
tion, or the presence of measurement lines or markers
that interfere with the delineation of the region of inter-
est. Such images did not meet the annotation criteria and
were excluded.

Subsequently, the radiologists annotated the grayscale
ultrasound images of the liver parenchyma and blood
flow spectrograms in the Doppler ultrasound images.

For the liver parenchyma, a grayscale ultrasound image
with a clear and stable depiction of the liver structure
was selected. The region of interest was placed within the
liver parenchyma to select an area that was structurally
complete and devoid of measurement lines or artifacts.
The region of interest was then adjusted to include the
largest portion of the liver parenchyma before annotation
and labeling.

The image with a clear and stable spectrum was
selected as the liver blood flow spectrum. The region
of interest was centered on the baseline, ensuring sym-
metry on both sides of the baseline. The hepatic artery
spectrum required a complete cardiac cycle, whereas the
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portal and hepatic vein spectra required two consecutive
complete cardiac cycles.

Al models

Data preprocessing

The model inputs were divided into imaging and clini-
cal data. The image inputs included grayscale ultrasound
images, portal vein blood flow spectrograms, hepatic
artery blood flow spectrograms, and hepatic vein blood
flow spectrograms. Clinical data included portal vein
velocity, peak systolic velocity, end-diastolic velocity, and
hepatic vein velocity.

Images were converted to grayscale, resized to uni-
form dimensions, and standardized using the Z-scoring
method. Data augmentation included random rotation
and random perspective transformation to enhance the
generalization of the model and reduce overfitting. Clini-
cal data were normalized using the min-max method and
transformed into dimensionless values.

Deep learning neural network

Four types of images and clinical data were input into
the ultrasonic spectrum fusion network for multichan-
nel image fusion and analysis. The backbone network
extracted feature maps from all four images. For gray-
scale ultrasound images, which contained more infor-
mation, a deeper network (ResNeXt101) was employed,
while shallower networks (ResNeXt50) were applied to
the three spectral images [36]. Using global average pool-
ing and fully connected layers, 256-dimensional feature
vectors were obtained for each image. The clinical data
were replicated 64 times to form a 256-dimensional fea-
ture vector. These feature vectors were concatenated, and
a fully connected classification head was used to classify
the data, outputting the probability of EAD (Fig. 1).

Training and validation

In the training phase, an auxiliary fully connected clas-
sification head was assigned to the feature vector of
each image input. The cross-entropy loss was calculated
between the gold label and the output of these heads,
including the final head, to optimize the model [30]. In
the validation phase, auxiliary classification heads and
data augmentation methods were excluded. Layer-CAM
was applied to the final stage feature maps of the feature
extractors to visualize the heat maps [33, 34].

EAD diagnosis

The diagnosis of the EAD group was based on the
criteria established by Olthoff et al: (1) Total biliru-
bin>10 mg/dL on the seventh postoperative day. (2)
International normalized ratio > 1.6 on the seventh post-
operative day. (3) Aspartate aminotransferase or alanine
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Fig. 1 lllustration of the ultrasound-spectrogram fusion network. a Architecture of a network with four images and clinical data as inputs
and EAD probability as the output (2D: Grayscale ultrasound image, PV spectrum: Portal vein blood flow spectrum diagram, HA spectrum: Hepatic
artery blood flow spectrum diagram, HV spectrum: Hepatic vein blood flow spectrum diagram); b Network training and validation strategies;

c Classification head structure; d Flowchart of the two-stage study

aminotransferase >2000 U/L within seven days. Meeting
any of the above criteria qualified a patient for an EAD
diagnosis.

Clinical utility

A two-stage study was conducted to evaluate the diag-
nostic performance and clinical applicability of the
model. Six radiologists participated in the study and were
categorized into two groups based on their work experi-
ence: seniors and juniors. The senior group included chief
physicians with 25 years of experience, associate chief
physicians with 11 years of experience, and attending

physicians with 10 years of experience in transplant ultra-
sound. The junior group included an attending physician
with six years of experience, another attending physician
with five years of experience, and a resident with six years
of experience in transplant ultrasound.

First phase

The validation cohort was shuffled and administered to
both the groups of doctors. Each doctor independently
judged whether EAD had occurred based on the gray-
scale ultrasound image, portal vein blood flow spectrum,
hepatic artery blood flow spectrum, hepatic vein blood
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flow spectrum, and clinical data. The accuracy and other
indicators were recorded.

Second phase

The model provides doctors with a diagnosis heatmap
and EAD probability. Each doctor revised or maintained
their initial judgment after reviewing the model output,
and the accuracy and other indicators were recorded
again.

Statistical analysis

All statistical analyses were conducted using the SPSS
and Python software. Continuous variables are expressed
as mean +SD. Independent sample t-tests were used to
compare the measurement data between the two groups
and x* tests were used for count data comparisons.
Receiver operating characteristic (ROC) curve analy-
sis was used to assess the diagnostic performance of the
model in both cohorts. Micro-averaging was used to plot
multiclass ROC curves. The 95%CI were calculated using
a bootstrap method with 100 re-samples. Differences in
performance between radiologists of different seniorities
and between radiologists with and without AI assistance
were assessed using independent-sample ¢-tests. Statisti-
cal significance was set at P<0.050 was considered statis-
tically significant.

Results

Dataset construction

This retrospective single-center study used the Clinical
LT Ultrasound Image Database Software V1.0 (registra-
tion number: 2021SR0368364), which was developed
independently by our center. A total of 1090 patients who
underwent LT at our hospital between December 2012
and June 2021 were selected based on the diagnostic cri-
teria for EAD and normal postoperative outcomes. After
applying the inclusion criteria and sorting, 582 patients
were included in this study. The ultrasound examination
parameters, images, and clinical data of patients were
extracted from the database.

Model performance

We included 582 patient records, with 280 patients in
the EAD group and 302 in the normal group. To main-
tain class balance, 485 cases were randomly selected for
the training cohort used in model development, whereas
the remaining 97 cases constituted the validation cohort
to simulate prospective experimental conditions. This
validation cohort was also used for doctor-machine com-
parison. No significant differences in patient character-
istics were observed between the training and validation
cohorts (Table 1, Fig. 2).
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Table 1 Characteristics of patients in the training and validation
cohorts

Characteristic Training Validation Pvalue
cohort (n= cohort (n =
465) 117)

EAD incidence NA NA 1.000
EAD 224 56 NA
Non-EAD 241 61 NA

Age (year) 45(0.83,57) 45(0.79,57) 0.933

Sex NA NA 0.826
Male 312 80 NA
Female 153 37 NA

BMI 219+49 219+45 0914

Labortatory MELD score 13(9,17) 13(9,16) 0.533

Liver disease NA NA NA
Alcohol related disease 36 4 0.106
Viral hepatitis 186 51 0.528
Biliary liver disease 172 48 0456
Other 46 8 0.375
Acute liver failure 9 0.715
Carcinoma 130 35 0.731

Donor type NA NA NA
DBCD 294 73 0915
LDLT 171 44 NA

BMI Body mass index, MELD Model for end-stage liver disease, DBCD Donation
after brain and cardiac death, LDLT Living donor liver transplantation, NA Not
applicable

The training and validation cohorts were used to train
and evaluate the ultrasonic fusion network. To explore
EAD caused by abnormal blood supply, separate classi-
fication heads were trained and evaluated for grayscale
ultrasound images, portal vein blood flow spectrograms,
hepatic artery blood flow spectrograms, and hepatic vein
blood flow spectrograms. Additionally, a model incor-
porating only three spectrograms and clinical data was
designed, trained, and evaluated.

The areas under the curve (AUC) for the models con-
structed using the four images were as follows:

(1) Grayscale ultrasound imaging model: 0.833 (95%CI:
0.769,0.911)

(2) Portal vein blood flow spectrum model: 0.764
(95%CI: 0.692, 0.833)

(3) Hepatic artery blood flow spectrum model: 0.838
(95%CI: 0.758, 0.903)

(4) Hepatic vein blood flow spectrum model: 0.964
(95%CI: 0.951, 0.977)

The AUC for the model with three spectrograms and
clinical data was 0.941 (95%CI: 0.893, 0.980). The AUC
for the ultrasound-spectrogram fusion network, which
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incorporated four images and clinical data, was 0.968
(95%CI: 0.940, 0.991). Ablation experiments were con-
ducted on different data types, and the results indicated
that data fusion significantly improved the performance
of the model (Table 2).

A model incorporating only three spectrograms and
clinical data was used exclusively for blood flow infor-
mation. It achieved 100% specificity and correctly iden-
tified all patients without EAD. However, its sensitivity
was 77.1%, which was lower than the 92.4% sensitivity
of the ultrasonic-spectrogram fusion network. This sug-
gests that some patients with EAD identified by the ultra-
sonic spectrogram fusion network could not be identified
by the model using only the blood flow information.
Therefore, it can be inferred that the EAD identified by
the model with three spectrograms and clinical data was
caused by an abnormal blood supply, while the remain-
ing EAD identified by the ultrasound spectrogram fusion
network was caused by other factors.

A

A

Validation
cohort (n=117)

Two-stage radiologists study

First phase

In the first phase of the study, six radiologists with vary-
ing levels of seniority were recruited to conduct a radi-
ologist-machine comparison without the assistance of
artificial intelligence. There were no significant differ-
ences in the accuracy, sensitivity, specificity, positive
predictive value, or negative predictive value between
doctors with high and low seniority in determining
whether a patient had EAD based on imaging and clinical
data (P>0.050). This suggests that the accuracy of deter-
mining EAD is not related to work experience. Notably,
the accuracy, sensitivity, and specificity of the less experi-
enced radiologists sometimes exceeded those of the more
experienced radiologists. The ultrasonic spectrogram
fusion network outperformed the radiologists on all indi-
ces by approximately 30%, demonstrating its superior
diagnostic performance.

Second phase
In the second phase, with Al-assistance, both senior and
junior radiologists showed significant improvements
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Table 2 Al model metrics
Model Cohort AUC Accuracy (%) Sensitivity (%) Specificity (%)
2D model Training 0.862 (0.832,0.887) 789(75.7,81.6) 75.6(71.5,794) 83.9(79.7,87.5)
Validation 0.833 (0.752,0.890) 80.0(72.2,85.6) 74.5(65.1,81.2) 90.3 (79.4,97.3)
PV model Training 0.875 (0.847,0.902) 79.3(75.7,82.5) 756(715,79.7) 85.0 (804, 83.8)
Validation 0.756 (0.663, 0.829) 67.3(5838,74.2) 67.2(55.2,784) 67.7 (55.6,78.0)
HA model Training 0.833 (0.803, 0.862) 76.6 (73.6,79.2) 704 (65.9, 74.3) 90.7 (86.7,94.3)
Validation 0.763 (0.675, 0.835) 69.9 (62.9,784) 63.9 (55.6,737) 89.0(77.8,100.0)
HV model Training 0.956 (0.935,0.973) 93.7(91.1,95.7) 924 (88.8,95.2) 95.2(92.3,97.7)
Validation 0.879 (0.809, 0.940) 824 (753,89.7) 75.7 (66.7,86.2) 95.2(88.9,100.0)
P of AUCs for single-input models in the training < 0.001 P of AUCs for single-input models in the validation <0.001
cohort cohort
Blood supply model Training 0.994 (0.988, 0.998) 94.3(92.8,95.9) 90.2 (87.3,93.2) 100.0 (100.0,
100.0)
Validation 0.941 (0.898,0.973) 84.1(794,89.7) 76.3(69.2,84.3) 100.0 (100.0,
100.0)
USF model Training 1.000 (1.000, 1.000) 99.6 (99.0, 100.0) 99.6 (98.8, 100.0) 99.5(98.7, 100.0)
Validation 0.968 (0.939, 0.987) 85.6(784,90.7) 92.5(85.2,98.1) 79.8(70.2,87.5)

2D model: using grayscale ultrasound image

PV model: using portal vein blood flow spectrum diagram
HA model: using hepatic artery blood flow spectrum diagram
HV model: using hepatic vein blood flow spectrum diagram
Blood supply model: using 3 spectrum and clinical data

USF model: using 4 image and clinical data

Table 3 Before and after study of heatmaps by radiologists

Differrent level of radiologist group Without—with Al (%) P, P, Py

Junior (n=3) Accuracy (%) 58.76 +236—>70.94 + 148 1 0.206 0.800 0.020
Sensitivity (%) 6438 +530—80.63 + 244 1 0.075 0.580 0.004
Specificity (%) 5724 £222—>6673+ 1241 0.340 0.766 0.020
Positive prediction (%) 3243+ 12.68—51.65+6.78 1 0.670 0.480 0.230
Negative prediction (%) 67.08 +21.19—>8849 +3.03 1 0.280 0.390 0.350

Senior (n=3) Accuracy (%) 53.61 +543—7008 + 534 1 NA NA 0.002
Sensitivity (%) 5290 +638—7630+ 12191 NA NA 0.008
Specificity (%) 54.00 + 454—67.63 +4.61 1 NA NA 0.003
Positive prediction (%) 38.76 + 2045—>57.02 £ 9.96 1 NA NA 0.080
Negative prediction (%) 67.08 +21.19—81.75 + 11.691 NA NA 0.330

P, values indicate a comparison between different radiologist groups without Al assistance

P, values indicate a comparison between different levels of radiologist groups with Al-assistance

P values indicate a comparison between different experienced radiologists with Al assistance and senior experienced radiologists without Al assistance

The upward arrow () represents indicators that improved owing to Al assistance
NA Not applicable

(P<0.05) in accuracy, sensitivity, and specificity. The
accuracy increased by 12.2%-16.5%, sensitivity by
16.3%—-23.4%, and specificity by 9.5%—13.5%. Although
not statistically significant, the positive predictive values
increased by 18.3% to 19.2%, and the negative predictive
values increased by 14.7% to 21.4%. The benefits of Al-
assistance were more pronounced for senior radiologists,

while also reducing the disparity in diagnostic perfor-
mance between radiologists of different seniority lev-
els, thereby narrowing the variances in metrics. Overall,
the ultrasound-spectrogram fusion network enhanced
the diagnostic precision and consistency of radiologists
(Table 3, Fig. 3).
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Discussion

In this study, we propose an ultrasound-spectrogram
fusion network that integrates grayscale ultrasound
images, portal vein blood flow spectrograms, hepatic
artery blood flow spectrograms, hepatic vein blood flow
spectrograms, and clinical data to determine whether a
patient is experiencing EAD. This model has been vali-
dated to effectively assist radiologists in diagnosing EAD
much faster than the laboratory methods widely used in
clinical practice. By visualizing their decisions using heat
maps, radiologists can learn from these visual aids to
improve the diagnosis of EAD, enabling early and rapid
screening using ultrasound images and clinical data. To
our knowledge, this is the first deep learning-based ultra-
sound model to analyze EAD from ultrasound images
and clinical data involving 580 patients, which ensures
the credibility of the study and provides a solid basis
for future larger-scale investigations. From a blood flow

perspective, our approach offers a novel perspective that
may guide clinical treatment strategies and enable more
precise and timely interventions for patients with EAD.
Notably, by using the ultrasound spectrogram fusion
network, both junior and senior radiologists achieved
similarly high accuracy rates, reducing the performance
gap between junior and senior radiologists. This demon-
strates the network’s potential to help radiologists avoid
the subjective biases associated with professional expe-
rience, potentially reducing unnecessary investigations
and inappropriate or delayed treatments. This is particu-
larly relevant for patients in less developed countries and
regions. Regarding model visualization, the heat maps
generated by the model can inform doctors better iden-
tify the region of interest and avoid missing key areas.
Additionally, existing laboratory tools cannot analyze
the causes of EAD, limiting treatment precision and
effectiveness. Our model analyzes the portal vein blood
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flow spectrum, hepatic artery blood flow spectrum,
hepatic vein blood flow spectrum, and clinical data to
determine whether EAD results from an abnormal blood
supply, facilitating targeted therapy.

This study had some limitations. First, the dataset used
for model development was sourced from a single medi-
cal center. A larger and more diverse dataset is required
to develop a more robust model and validate its perfor-
mance. Second, this study did not address the long-term
prognosis of patients with and without EAD. Determin-
ing the patient prognosis based on early imaging and
data analysis is essential to improving patient survival
rates and reducing complications. Finally, the retrospec-
tive nature of this study introduced an unavoidable bias.
Future studies should incorporate Al systems into rou-
tine clinical workflows for prospective validation.

The ultrasound-spectrogram fusion network based on
ultrasound images and medical data demonstrated supe-
rior accuracy, sensitivity, and specificity compared with
radiologists for the early and rapid screening of EAD.
It also helps to reduce judgment discrepancies among
radiologists, which could be potentially significant for
patients in underdeveloped countries and regions. Using
only blood flow-related spectrograms and medical data
to construct similar models, EAD caused by blood flow
abnormalities can be identified, effectively guiding subse-
quent treatment.

Conclusions

The ultrasound-spectrogram fusion network offers supe-
rior accuracy, sensitivity, and specificity in the early
and rapid screening of EAD compared to radiologists,
demonstrating its value in clinical practice. The model
also reduced diagnostic discrepancies among radiolo-
gists, which is crucial for enhancing the quality of care,
especially in underdeveloped regions. By focusing on
blood flow-related spectra and clinical data, the model
accurately identifies EAD cases stemming from blood
flow abnormalities and guides appropriate and timely
treatments. This study underscores the importance of
integrating Al into diagnostic workflows and lays the
groundwork for further research and broader clinical
adoption to improve patient outcomes.

Abbreviations
EAD Early Allograft dysfunction

Al Artificial intelligence
LT Liver transplantation
ROC Receiver operating characteristic

BMI Body mass index

MELD  Model for end-stage liver disease
DBCD  Donation after brain and cardiac death
LDLT Living donor liver transplantation

AUC Areas under the curve

(2025) 8:13

Page 9 of 10

Acknowledgements

The authors acknowledge instrumental and technical support from the Mul-
timodal Biomedical Imaging Experimental Platform, Institute of Automation,
Chinese Academy of Sciences.

Authors’ contributions

YT and KW designed and conceived the study; JL performed the data and
image curation; MYW and GYZ performed the data analysis; NNN performed
the formal analysis; YQM developed the deep learning model and interpreted
the results; YQM and MYW wrote the initial manuscript; HYZ and JHY revised
and improved the manuscript; and YT and KW supervised the research. All the
authors have read and approved the final manuscript. KW from the CAS Key
Laboratory of Molecular Imaging, Institute of Automation, Chinese Academy
of Sciences, was responsible for all parts of the study.

Funding

This work was supported by the National Key Research and Development
Program of China, Nos. 2023YFF1204600 and 2022YFC2407405; the National
Natural Science Foundation of China, Nos. 92159305, 92259303, 62027901,
82272029, and 82172031; the Beijing Science Fund for Distinguished Young
Scholars, No. JQ22013; Tianjin Science and Technology Plan Project, No. 21JCY-
BJC01800; and Tianjin Health Technology Project, No. TJWJ2023QN032.

Data availability

The data that support the findings of this study are available from Tianjin First
Central Hospital, but restrictions apply to the availability of these data, which
were used under the license for the current study and are not publicly avail-
able. The data are available from the corresponding author upon request.

Declarations

Competing interests
The authors declare that they have no competing interests.

Received: 13 September 2024 Accepted: 21 March 2025
Published online: 12 May 2025

References

1. Bodzin AS, Baker TB (2018) Liver transplantation today: where we are now
and where we are going. Liver Transpl 24(10):1470-5. https://doi.org/10.
1002/1t.25320

2. Samuel D, Coilly A (2018) Management of patients with liver diseases
on the waiting list for transplantation: a major impact to the success
of liver transplantation. BMC Med 16(1):113. https://doi.org/10.1186/
$12916-018-1110-y

3. Kerkar N, Danialifar T (2014) Changing definitions of successful outcomes
in pediatric liver transplantation. Curr Opin Organ Transplant 19(5):480-5.
https://doi.org/10.1097/MOT.00000000000001 16

4. Masiort, Grat M (2022) Primary nonfunction and early allograft dysfunc-
tion after liver transplantation. Dig Dis 40(6):766-76. https://doi.org/10.
1159/000522052

5. Quintini C, Muiesan P, Detry O, Gastaca M, de Jonge J, Clavien PA et al
(2021) Early allograft dysfunction and complications in DCD liver
transplantation: expert consensus statements from the international liver
transplantation society. Transplantation 105(8):1643-52. https://doi.org/
10.1097/TP0000000000003877

6. Lee DD, Singh A, Burns JM, Perry DK, Nguyen JH, Taner CB (2014) Early
allograft dysfunction in liver transplantation with donation after cardiac
death donors results in inferior survival. Liver Transpl 20(12):1447-53.
https://doi.org/10.1002/1t.23985

7. Lee DD, Croome KP, Shalev JA, Musto KR, Sharma M, Keaveny AP et al
(2016) Early allograft dysfunction after liver transplantation: an inter-
mediate outcome measure for targeted improvements. Ann Hepatol
15(1):53-60. https://doi.org/10.5604/16652681.1184212

8. Wadei HM, Lee DD, Croome KP, Mai L, Leonard D, Mai ML et al (2018) Early
allograft dysfunction is associated with higher risk of renal nonrecovery


https://doi.org/10.1002/lt.25320
https://doi.org/10.1002/lt.25320
https://doi.org/10.1186/s12916-018-1110-y
https://doi.org/10.1186/s12916-018-1110-y
https://doi.org/10.1097/MOT.0000000000000116
https://doi.org/10.1159/000522052
https://doi.org/10.1159/000522052
https://doi.org/10.1097/TP.0000000000003877
https://doi.org/10.1097/TP.0000000000003877
https://doi.org/10.1002/lt.23985
https://doi.org/10.5604/16652681.1184212

Meng et al. Visual Computing for Industry, Biomedicine, and Art

20.

21

22.

23.

24.

25.

26.

27.

after liver transplantation. Transplant Direct 4(4):e352. https://doi.org/10.
1097/TXD.0000000000000771

Raveh Y, Nicolau-Raducu R (2022) Diastolic dysfunction and early liver
allograft dysfunction. Echocardiography 39(7):959-959. https://doi.org/
10.1111/echo.15406

Wadei HM, Keaveny AP, Taner CB, Yang L, Mai ML, Hodge DO et al (2021)
Post-liver transplant early allograft dysfunction modifies the effect of pre-
liver transplant renal dysfunction on post-liver transplant survival. Liver
Transpl 27(9):1291-301. https://doi.org/10.1002/1t.26047

. Olthoff KM, Kulik L, Samstein B, Kaminski M, Abecassis M, Emond J et al

(2010) Validation of a current definition of early allograft dysfunction

in liver transplant recipients and analysis of risk factors. Liver Transpl
16(8):943-9. https://doi.org/10.1002/1t.22091

Pomposelli JJ, Goodrich NP, Emond JC, Humar A, Baker TB, Grant DR et al
(2016) Patterns of early allograft dysfunction in adult live donor liver
transplantation: the A2ALL experience. Transplantation 100(7):1490-9.
https://doi.org/10.1097/TP.O000000000001240

Pulitano C, Joseph D, Sandroussi C, Verran D, Ho P, Debiasio A et al (2017)
Postreperfusion microcirculatory derangements after liver transplanta-
tion: relationship to hemodynamics, serum mediators, and outcome.
Liver Transpl 23(4):527-36. https://doi.org/10.1002/1t.24721

Yi JF, Zhou ZJ, Li Q, Chen GS, He ZY, Ma YQ et al (2022) Risk factors of early
allograft dysfunction in patients with hepatitis B virus-related acute-
on-chronic liver failure after deceased donor liver transplant. Exp Clin
Transplant 20(7):668-73. https://doi.org/10.6002/ect.2022.0079

Frick K, Beller EA, Kalisvaart M, Dutkowski P, Schtipbach RA, Klinzing S
(2022) Procalcitonin in early allograft dysfunction after orthotopic liver
transplantation: a retrospective single Centre study. BMC Gastroenterol
22(1):404. https://doi.org/10.1186/512876-022-02486-5

Vetrugno L, CherchiV, ZaniniV, Cotrozzi S, Ventin M, Terrosu G et al (2022)
Association between preoperative diastolic dysfunction and early allo-
graft dysfunction after orthotopic liver transplantation: an observational
study. Echocardiography 39(4):561-7. https://doi.org/10.1111/echo.
15328

Hudcova J, Qasmi ST, Ruthazer R, Waqgas A, Haider SB, Schumann R (2021)
Early allograft dysfunction following liver transplant: impact of obesity,
diabetes, and red blood cell transfusion. Transplant Proc 53(1):119-23.
https://doi.org/10.1016/j.transproceed.2020.02.168

Szewc UZ, Tronina O, Wyzgal J (2020) Assessment of hemodynamic
parameters in recipients of a liver transplant. Transplant Proc 52(8):2459—
62. https://doi.org/10.1016/j.transproceed.2020.03.037

Maynard E (2019) Liver transplantation: patient selection, perioperative
surgical issues, and expected outcomes. Surg Clin North Am 99(1):65-72.
https://doi.org/10.1016/j.5uc.2018.09.005

Zhou JB, Chen J, Wei Q, Saeb-Parsy K, Xu X (2020) The role of ischemia/
reperfusion injury in early hepatic allograft dysfunction. Liver Transpl
26(8):1034-48. https://doi.org/10.1002/1t.25779

lIto T, Naini BV, Markovic D, Aziz A, Younan S, Lu M et al (2021) Ischemia-
reperfusion injury and its relationship with early allograft dysfunction in
liver transplant patients. Am J Transplant 21(2):614-25. https://doi.org/10.
1111/ajt.16219

Maheshwari E, Tublin ME (2021) Sonography of liver transplanta-

tion. Abdom Radiol (NY) 46(1):68-83. https://doi.org/10.1007/
500261-020-02799-7

Tang Y, Kong WN, Zhao JW, Chen'Y, Liu L, Zhang GY (2020) Can viscoe-
lasticity measurements obtained through shear-wave US elastography
be used to monitor hepatic ischemia-reperfusion injury and treatment
response? An animal study. Ultrasound Med Biol 46(9):2464-71. https.//
doi.org/10.1016/j.ultrasmedbio.2020.04.021

Abdelaziz O, Attia H (2016) Doppler ultrasonography in living donor liver
transplantation recipients: intra- and post-operative vascular complica-
tions. World J Gastroenterol 22(27):6145-72. https://doi.org/10.3748/wjg.
v22.i27.6145

Tang Y, Zhang GY, Kong WN, Yu HM, Niu NN, Liu J et al (2021) Pediatric
living donor left lateral segment liver transplantation for biliary atresia:
Doppler ultrasound findings in early postoperative period. Jpn J Radiol
39(4):367-75. https://doi.org/10.1007/511604-020-01067-4

Craig EV, Heller MT (2021) Complications of liver transplant. Abdom
Radiol (NY) 46(1):43-67. https://doi.org/10.1007/500261-019-02340-5
Zhu'YY, Meng ZL, Wu H, Fan X, Lv WH, Tian J et al (2024) Deep learning
radiomics of multimodal ultrasound for classifying metastatic cervical

(2025) 8:13

29.

30.

31

32.

33.

34.

35.

36.

Page 10 of 10

lymphadenopathy into primary cancer sites: a feasibility study. Ultraschall
Med 45(3):305-15. https://doi.org/10.1055/a-2161-9369

Long B, Zhang HY, Zhang H, Chen W, Sun Y, Tang R et al (2023) Deep
learning models of ultrasonography significantly improved the differen-
tial diagnosis performance for superficial soft-tissue masses: a retrospec-
tive multicenter study. BMC Med 21(1):405. https://doi.org/10.1186/
$12916-023-03099-9

Zhang HY, Meng ZL, Ru JY, Meng YQ, Wang K (2023) Application and
prospects of Al-based radiomics in ultrasound diagnosis. Vis Comput Ind
Biomed Art 6(1):20. https://doi.org/10.1186/542492-023-00147-2
ZhuYY,Meng ZL, Fan X, Duan Y, JiaYY, Dong TT et al (2022) Deep learning
radiomics of dual-modality ultrasound images for hierarchical diagnosis
of unexplained cervical lymphadenopathy. BMC Med 20(1):269. https://
doi.org/10.1186/512916-022-02469-7

Tong T, Li DY, Gu JH, Chen G, Bai GT, Yang X et al (2023) Dual-input trans-
former: an end-to-end model for preoperative assessment of pathologi-
cal complete response to neoadjuvant chemotherapy in breast cancer
ultrasonography. IEEE J Biomed Health Inform 27(1):251-62. https://doi.
org/10.1109/JBHI.2022.3216031

Bhat M, Rabindranath M, Chara BS, Simonetto DA (2023) Artificial intel-
ligence, machine learning, and deep learning in liver transplantation. J
Hepatol 78(6):1216-33. https://doi.org/10.1016/jjhep.2023.01.006

Uysal F, K6se MM (2023) Classification of breast cancer ultrasound images
with deep learning-based models. Eng Proc 31(1):8. https://doi.org/10.
3390/ASEC2022-13791

Pasyar P, Mahmoudi T, Kouzehkanan SZM, Ahmadian A, Arabalibeik H,
Soltanian N et al (2021) Hybrid classification of diffuse liver diseases in
ultrasound images using deep convolutional neural networks. Inform
Med Unlocked 22:100496. https://doi.org/10.1016/j.imu.2020.100496
Culjak I, Abram D, Pribanic T, Dzapo H, Cifrek M (2012) A brief introduction
to OpenCV. In: Proceedings of the 35th international convention MIPRO,
IEEE, Opatija, 21-25

Jiang PT, Zhang CB, Hou QB, Cheng MM, Wei YC (2021) LayerCAM: explor-
ing hierarchical class activation maps for localization. IEEE Trans Image
Process 30:5875-88. https://doi.org/10.1109/TIP2021.3089943

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.1097/TXD.0000000000000771
https://doi.org/10.1097/TXD.0000000000000771
https://doi.org/10.1111/echo.15406
https://doi.org/10.1111/echo.15406
https://doi.org/10.1002/lt.26047
https://doi.org/10.1002/lt.22091
https://doi.org/10.1097/TP.0000000000001240
https://doi.org/10.1002/lt.24721
https://doi.org/10.6002/ect.2022.0079
https://doi.org/10.1186/s12876-022-02486-5
https://doi.org/10.1111/echo.15328
https://doi.org/10.1111/echo.15328
https://doi.org/10.1016/j.transproceed.2020.02.168
https://doi.org/10.1016/j.transproceed.2020.03.037
https://doi.org/10.1016/j.suc.2018.09.005
https://doi.org/10.1002/lt.25779
https://doi.org/10.1111/ajt.16219
https://doi.org/10.1111/ajt.16219
https://doi.org/10.1007/s00261-020-02799-7
https://doi.org/10.1007/s00261-020-02799-7
https://doi.org/10.1016/j.ultrasmedbio.2020.04.021
https://doi.org/10.1016/j.ultrasmedbio.2020.04.021
https://doi.org/10.3748/wjg.v22.i27.6145
https://doi.org/10.3748/wjg.v22.i27.6145
https://doi.org/10.1007/s11604-020-01067-4
https://doi.org/10.1007/s00261-019-02340-5
https://doi.org/10.1055/a-2161-9369
https://doi.org/10.1186/s12916-023-03099-9
https://doi.org/10.1186/s12916-023-03099-9
https://doi.org/10.1186/s42492-023-00147-2
https://doi.org/10.1186/s12916-022-02469-z
https://doi.org/10.1186/s12916-022-02469-z
https://doi.org/10.1109/JBHI.2022.3216031
https://doi.org/10.1109/JBHI.2022.3216031
https://doi.org/10.1016/j.jhep.2023.01.006
https://doi.org/10.3390/ASEC2022-13791
https://doi.org/10.3390/ASEC2022-13791
https://doi.org/10.1016/j.imu.2020.100496
https://doi.org/10.1109/TIP.2021.3089943

	Artificial intelligence-assisted diagnosis of early allograft dysfunction based on ultrasound image and data
	Abstract 
	Introduction
	Methods
	Study design
	Patient enrollment
	Bedside ultrasound examinations
	AI models
	Data preprocessing
	Deep learning neural network
	Training and validation

	EAD diagnosis
	Clinical utility
	First phase
	Second phase

	Statistical analysis

	Results
	Dataset construction
	Model performance
	Two-stage radiologists study
	First phase
	Second phase


	Discussion
	Conclusions
	Acknowledgements
	References


