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Abstract
Selecting an optimal donor for living donor liver transplantation is crucial for 
the safety of both the donor and recipient, and hepatic steatosis is an impor-
tant consideration. We aimed to build a prediction model with noninvasive 
variables to evaluate macrovesicular steatosis in potential donors by using 
various prediction models. The study population comprised potential living 
donors who had undergone donation workup, including percutaneous liver bi-
opsy, in the Republic of Korea between 2016 and 2019. Meaningful macrove-
sicular hepatic steatosis was defined as >5%. Whole data were divided into 
training (70.5%) and test (29.5%) data sets based on the date of liver biopsy. 
Random forest, support vector machine, regularized discriminant analysis, 
mixture discriminant analysis, flexible discriminant analysis, and deep neural 
network machine learning methods as well as traditional logistic regression 
were employed. The mean patient age was 31.4 years, and 66.3% of the 
patients were men. Of the 1652 patients, 518 (31.4%) had >5% macrovesicu-
lar steatosis on the liver biopsy specimen. The logistic model had the best 
prediction power and prediction performances with an accuracy of 80.0% 
and 80.9% in the training and test data sets, respectively. A cut- off value of 
31.1% for the predicted risk of hepatic steatosis was selected with a sensitiv-
ity of 77.7% and specificity of 81.0%. We have provided our model on the 
website (https://hanse ungbo ng.shiny apps.io/shiny_app_up/) under the name 
DONATION Model. Our algorithm to predict macrovesicular steatosis using 
routine parameters is beneficial for identifying optimal potential living donors 
by avoiding superfluous liver biopsy results.
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INTRODUCTION

Because living donor liver transplantation (LDLT) was 
confirmed to be as efficacious as deceased donor liver 
transplantation in patients with end- stage liver diseases,[1] 
the number of LDLTs has been increasing, particularly in 
Asian countries where deceased donors are significantly 
limited.[2,3] Selection of the optimal donor is paramount to 
the success of an LDLT and to assure donor safety and 
achieve the best operative outcomes in both donors and 
recipients. Hepatic steatosis in the living donor adversely 
affects the LDLT outcome. In donors, fatty parenchyma 
delays the recovery of the remnant liver and can even 
cause hepatic failure following donor hepatectomy.[4,5] 
When a liver with steatosis is transplanted, the risk of 
complications, including graft failure or even death, is 
increased.[6- 8] Although there is no consensus on the 
threshold of hepatic steatosis in a living liver donor, the 
acceptable limit of hepatic steatosis at many transplant 
centers ranges from 10% to 30%.[9,10]

Potential liver donors are considered to be relatively 
young and generally healthy. However, the prevalence 
of hepatic steatosis has been increasing recently, even 
in the general population, due to the increased prev-
alence of obesity.[11] Indeed, hepatic steatosis is the 
most common cause of rejection of potential liver do-
nors.[12] Therefore, accurate preoperative assessment 
of hepatic steatosis in potential liver donors is crucial.

Percutaneous liver biopsy is the standard method of 
quantitative assessment for hepatic steatosis despite 
its invasiveness and limitations, such as sampling vari-
ability.[13] Many noninvasive methods, including bio-
chemical, clinical, and radiologic modalities, have been 
extensively evaluated to accurately predict hepatic ste-
atosis over the past 2 decades.[14- 18]

Indeed, selective predonation liver biopsy has been 
acknowledged, although the criteria remain controver-
sial.[19] Noninvasive assessments of hepatic steatosis 
for this donor selection process include body mass 
index (BMI),[14] computed tomography (CT),[15] ultraso-
nography (US), magnetic resonance imaging (MRI),[16] 
scoring systems with combination of biochemical 
factors,[17] and controlled attenuation parameters.[18] 
However, the performance of each of these noninva-
sive methods was insufficient to minimize predonation 
liver biopsy or to safely replace the role of liver biopsy in 
those with a high probability of hepatic steatosis.

In this study, we aimed to build a model for the iden-
tification of hepatic steatosis in potential liver donors by 
using machine learning algorithms, discrimination analy-
sis, and classical logistic regression with various nonin-
vasive variables, mostly focusing on identifying potential 
donors with a high probability of hepatic steatosis.

PATIENTS AND METHODS

Study population

Between January 2016 and December 2019, 1662 indi-
viduals who had undergone percutaneous liver biopsy 
as a potential living liver donor at Asan Medical Center, a 
tertiary referral and transplant center in Seoul, Republic 
of Korea, were included in this study (Figure 1). Of these 
donors, 10 were excluded due to missing clinical infor-
mation, mostly owing to nonenhanced CT images. This 
study was approved by the Institutional Review Board 
(IRB) of our center (IRB No. 2020- 1181), and the need 
for informed consent was waived owing to the study’s 
retrospective nature.

F I G U R E  1  Study flow diagram
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Clinical, biochemical, and radiologic 
information

Data were obtained from the electronic medical re-
cords. Baseline demographic variables included age, 
sex, and BMI. All potential liver donors were examined 
based on biochemical tests, including hemoglobin, 
platelet, prothrombin time, activated partial throm-
boplastin time, aspartate aminotransferase, alanine 
aminotransferase (ALT), alkaline phosphatase, gamma- 
glutamyltransferase, total bilirubin, direct bilirubin, al-
bumin, protein, creatinine, cholesterol, triglyceride, 
high- density lipoprotein (HDL) cholesterol, low- density 
lipoprotein cholesterol, calcium, phosphorus, and fast-
ing glucose. Additionally, CT scans of the abdomen 
and pelvis were obtained in all potential liver donors as 
a routine predonation evaluation. To estimate the ra-
diologic assessment of hepatic steatosis, we measured 
the Hounsfield units (HUs) of the liver 5 times (3 times in 
the right lobe and 2 times in the left lobe), avoiding ves-
sels, cysts, calcifications, or masses, and of the spleen 
3 times by using the region- of- interest measurement of 
CT attenuation on the nonenhanced phase CT scans.

Histologic information

US- guided percutaneous liver biopsy was routinely 
performed as a predonation evaluation after obtaining 
written informed consent.[13] The degree of total hepatic 
steatosis was also described separately as macrove-
sicular and microvesicular steatoses expressed as a 
percentage. Hepatic steatosis was histologically diag-
nosed when the macrovesicular fatty changes affected 
>5% of the biopsied liver parenchyma.

Outcomes

The primary outcome of interest in this study was the 
identification of potential donors with macrovesicular he-
patic steatosis because microvesicular steatosis has not 
been reported to be associated with graft outcomes.[20,21]

We aimed to develop a model that can discriminate 
between potential donors of two categories using the 
baseline variables: (1) donors with macrovascular ste-
atosis ≤5% who can safely donate their liver without 
liver biopsy and (2) those with macrovascular steatosis 
>5% who require further investigation to ascertain do-
nation adequacy.

Statistical analyses and construction of a 
prediction model

The data are expressed as means ± SDs for continuous 
variables and numbers with percentages for categorical 

variables. We applied a complete case analysis to de-
velop prediction models such that 1652 observations 
were used for the development. The data were divided 
into two sets, the training and test sets, depending on 
the date of liver biopsy; the training data set comprised 
those who underwent workup between January 2016 
and January 2019, and the test data set comprised 
those who underwent workup between February 2019 
and December 2019 (Figure 1). We used the training 
data set for the learning process and the test data set for 
evaluating model performance. For the binary outcome 
variable, we employed three discrimination- based al-
gorithms, regularized discriminant analysis (RDA), 
flexible discriminant analysis (FDA), and mixture discri-
minant analysis (MDA).[22- 24] The RDA depends on a 
classification rule based on regularized group covari-
ance matrices that are said to be more robust against 
multicollinearity among covariates. It is known that the 
RDA performs well in settings for which the sample 
sizes are small and the number of variables is large. In 
contrast, the FDA uses multivariate nonparametric re-
gression for discriminant analysis to address nonlinear 
classification schemes. The MDA models the classes 
as mixtures of Gaussian distributions to facilitate better 
classification, particularly in clustered non- normal set-
tings. This method produces nonlinear decision bound-
aries. We also used the traditional logistic regression 
as well as three different machine learning algorithms 
comprising random forest (RF), support vector ma-
chine (SVM), and deep neural network (DNN). The 
RF is based on ensemble learning theory, and it con-
structs many decision trees in the training time. The 
predicted class is derived from the mode of predicted 
classes in each individual decision tree. The RF allows 
us to learn both simple and complex classification func-
tions by incorporating interactions between predictors; 
the default parameterization of the RF often produces 
excellent performance.[25] However, the SVM aims to 
find a hyperplane in a high- dimensional space, which 
clearly separates individual data points. It attempts to 
find a plane that has the maximum margin or maximum 
distance between the data points of classes. The SVM 
is robust to the high- dimensional data and can effi-
ciently learn complex classification functions. Because 
it employs a powerful regularization approach, it helps 
to protect models from overfitting.[26] Finally, a DNN 
algorithm was employed because it is highly flexible 
and shows success in many areas (e.g., analyses of 
text, images, voices, and videos). In particular, we used 
the multilayer perceptron network, which comprises a 
series of connected layers of input, hidden, and out-
put layers. Essentially, it minimizes a cost function or 
maximizes the predictive ability. The keras and tensor-
flow R packages were used for both model training and 
prediction. The selected neural network had one input 
layer, two hidden layers, and one output layer, such 
that our multilayer perceptron comprised a three- layer 
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architecture. We considered 50 nodes in the hidden lay-
ers, and the multilayer perceptron can be summarized 
as 15/50/50/1. The learning process was configured 
by specifying rmsprop as the gradient decent method 
(optimizer), binary cross entropy as the loss function 
(loss), and classification accuracy as the metrics. We 
considered relu or sigmoid for the activation function in 
the hidden layers or output layer. The batch size for the 
minibatch and epoch sizes were selected based on the 
grid search. p < 0.05 was considered statistically sig-
nificant (two tailed). All data analyses were performed 
using R software, version 4.0.4. In particular, the mda 
and klaR R packages were used for the FDA, MDA, 
and RDA methods. Furthermore, the SVM and RF were 
fitted using the e1071 and randomForest R packages.

RESULTS

Baseline characteristics of the study 
participants

Of a total of 1652 participants, 1165 (70.5%) were as-
signed to the training data set and 487 (29.5%) to the 
test data set. The baseline characteristics are shown in 
Table 1. The mean ± SD age was 31.4 ± 9.4 years, and 
66.3% were men. The mean ± SD BMI was 24.2 ± 3.4 
kg/m2. Less than 1% of the study population had dia-
betes, and 2.8% had hypertension. The fasting serum 
cholesterol and glucose levels (mean ± SD) were 
174.2 ± 33.0 mg/dL and 95.7 ± 14.6 mg/dL, respectively.

The mean ALT level of the study participants was 
20.2 IU/L, and 110 (6.7%) had an elevated ALT level at 
the predonation evaluation. Aside from blood pressure, 
prothrombin time, and direct bilirubin, creatinine, and 
calcium levels, the baseline characteristics did not sig-
nificantly differ between the training and test data sets. 
Despite these characteristics showing a statistically 
significant difference, the small numerical differences 
did not have clinically significant differences. The 
mean ± SD liver HU was 54.4 ± 10.0. The pathology 
results indicated that 68.6% of participants had mac-
rovesicular steatosis ≤5% whereas 31.4% had steato-
sis >5%. The distributions of macrovesicular steatosis 
>10%, >20%, and >30% were 12.2%, 5.8%, and 2.2% 
of study participants, respectively.

Among participants with macrovesicular steatosis 
>5%, 75.5% were men, while 62.2% of subjects with-
out hepatic steatosis were men (Table S1). Potential 
donors with hepatic steatosis were more likely to be 
older (mean ± SD, 32.8 ± 9.7 vs. 30.8 ± 9.2 years; 
p < 0.01) and have higher BMIs than their counterparts 
(mean ± SD, 25.9 ± 3.3 vs. 23.5 ± 3.2 kg/m2; p < 0.01). 
The ALT (mean ± SD, 26.1 ± 14.5 vs. 17.5 ± 10.8; 
p < 0.01) total cholesterol (mean ± SD, 180.1 ± 37.1 vs. 
171.5 ± 30.5 mg/dL; p < 0.01), and glucose (mean ± SD, 
98.0 ± 15.5 vs. 94.7 ± 14.1 mg/dL; p < 0.01) levels were 

also higher in the steatosis group than in the nonsteato-
sis group, while the HDL cholesterol level (mean ± SD, 
48.6 ± 11.1 vs. 57.4 ± 13.5 mg/dL; p < 0.01) was lower in 
the steatosis group than in the nonsteatosis group. The 
mean HU of the liver was lower in the steatosis group 
than in the nonsteatosis group (mean ± SD, 46.7 ± 11.8 
vs. 57.9 ± 6.6; p < 0.01).

Identification of subjects with hepatic 
steatosis by the various models

The performances of each model in the training and 
test data sets are summarized in Table 2. In the train-
ing data set, the RF model (100.0%) showed the high-
est performance, followed by the SVM (84.7%), RDA 
(81.8%), MDA (81.7%), FDA (81.4%), logistic (80.0%), 
and DNN (77.6%) models, based on accuracy. Most 
models had a high accuracy rate >75%. The area under 
the receiver operating curve (AUROC) was highest for 
the RF model (1.00; 95% confidence interval [CI], 1.00- 
1.00), whereas the RDA model had the lowest AUROC 
(0.86; 95% CI, 0.83- 0.88) (Figures S1- S6).

In the test data set, the logistic and RDA (80.9%) 
models showed the highest accuracy, followed by the 
MDA (79.9%), SVM (79.5%), RF (79.3%), FDA (79.1%), 
and DNN (77.6%) models. The AUROC of the logistic 
(0.87; 95% CI, 0.83- 0.90; Figure 2A) and FDA (0.87; 
95% CI, 0.83- 0.90) models were the highest, followed 
by those of the RDA, MDA, RF, SVM, and DNN mod-
els (Figures S1- S6). The calibration chart, depicted in 
Figure 2B, indicates favorable agreement between the 
risk predicted by the model and the observed risk. The 
Hosmer- Lemeshow test results also suggested ade-
quate agreement in the training and test cohorts with 
p = 0.50 and p = 0.19, respectively (Table 2).

Variable of importance and final 
model selection

We obtained importance scores of predictive variables 
using the RF model (Figure S7). Among the patients’ 
demographic, laboratory, and imaging variables, the 
liver HU had the largest contribution to the prediction 
of the steatosis group, followed by the ALT level, BMI, 
serum HDL cholesterol level, cholesterol, age, and glu-
cose level. Machine learning algorithms, such as the 
RF and DNN, exhibited reduced performance in terms 
of calibration abilities, although their discriminative 
abilities were high. In addition, discrimination analyses 
led to poor calibration metrics in the test data set. The 
SVM and logistic regression models produced com-
parable prediction results, although difficulties were 
encountered in the final model interpretation when we 
used the SVM as the final predictor model. Therefore, 
we adopted the traditional logistic regression model for 
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the final prediction model in light of high discrimination 
and calibration abilities. Logistic regression analysis in 
the training cohort also identified liver HU, ALT level, 

BMI, HDL cholesterol, total cholesterol, age, and glu-
cose levels as predictive factors for hepatic steatosis 
(Table 3). Based on the receiver operating characteristic 

TA B L E  1  Baseline characteristics of the study participants

Entire Data Set Training Data Seta Test Data Seta

p Value(n = 1652) (n = 1165) (n = 487)

Demographic findings

Sex, male, n (%) 1096 (66.3) 780 (67.0) 316 (64.9) 0.45

Age (years) 31.4 ± 9.4 31.2 ± 9.4 31.9 ± 9.4 0.21

Diabetes, n (%) 15 (0.9) 10 (0.9) 5 (1.0) 0.97

Hypertension, n (%) 47 (2.8) 31 (2.7) 16 (3.3) 0.59

Hepatitis, n (%) 3 (0.2) 1 (0.1) 2 (0.4) 0.44

Hypothyroidism, n (%) 3 (0.2) 3 (0.3) 0 (0.0) 0.63

Hyperthyroidism, n (%) 4 (0.2) 4 (0.3) 0 (0.0) 0.46

Height (cm) 170.0 ± 8.5 170.2 ± 8.7 169.6 ± 8.1 0.23

Weight (kg) 70.3 ± 12.7 70.4 ± 12.5 70.0 ± 13.2 0.57

BMI (kg/m2) 24.2 ± 3.4 24.2 ± 3.4 24.2 ± 3.6 0.99

Systolic blood pressure (mm Hg) 123.4 ± 14.9 122.7 ± 15.0 125.0 ± 14.6 0.01

Diastolic blood pressure (mm Hg) 77.8 ± 10.8 77.4 ± 11.1 78.9 ± 10.0 0.01

Laboratory findings

Hemoglobin (g/dL) 14.4 ± 1.6 14.4 ± 1.6 14.4 ± 1.5 0.35

Platelet (×10³/µL) 259.9 ± 54.9 261.4 ± 55.1 256.5 ± 54.4 0.10

PT (seconds) 11.9 ± 0.8 11.8 ± 0.8 12.1 ± 0.7 <0.01

aPTT (seconds) 28.0 ± 2.4 28.0 ± 2.4 28.1 ± 2.4 0.24

AST (IU/L) 20.4 ± 7.9 20.3 ± 7.7 20.7 ± 8.1 0.38

ALT (IU/L) 20.2 ± 12.7 20.2 ± 11.6 20.2 ± 15.0 0.99

Alkaline phosphatase (IU/L) 64.0 ± 18.7 63.7 ± 19.1 64.6 ± 17.9 0.38

GGT (IU/L) 23.4 ± 24.0 24.0 ± 25.2 22.1 ± 20.9 0.12

Total bilirubin (mg/dL) 0.7 ± 0.3 0.7 ± 0.3 0.7 ± 0.3 0.72

Direct bilirubin (mg/dL) 0.3 ± 0.2 0.3 ± 0.2 0.3 ± 0.2 0.02

Albumin (g/dL) 4.2 ± 0.3 4.2 ± 0.3 4.2 ± 0.3 0.39

Total protein (g/dL) 7.3 ± 0.4 7.3 ± 0.4 7.3 ± 0.4 0.27

Creatinine (mg/dL) 0.8 ± 0.2 0.8 ± 0.2 0.8 ± 0.2 0.01

Total cholesterol (mg/dL) 174.2 ± 33.0 174.6 ± 32.1 173.1 ± 34.9 0.41

Triglyceride (mg/dL) 113.0 ± 86.6 111.7 ± 73.0 116.2 ± 112.6 0.42

HDL cholesterol (mg/dL) 54.6 ± 13.5 55.0 ± 13.7 53.8 ± 12.8 0.10

Uric acid (mg/dL) 5.5 ± 1.5 5.5 ± 1.5 5.5 ± 1.5 0.94

Total calcium (mg/dL) 9.3 ± 0.5 9.4 ± 0.5 9.3 ± 0.6 <0.01

Phosphorus (mg/dL) 3.6 ± 0.5 3.6 ± 0.5 3.6 ± 0.5 0.37

Glucose (mg/dL) 95.7 ± 14.6 95.9 ± 15.3 95.3 ± 13.0 0.46

Image findings

Liver (HU) 54.4 ± 10.0 54.4 ± 9.5 54.4 ± 11.2 0.99

Liver/spleen (HU) 1.2 ± 0.3 1.2 ± 0.3 1.2 ± 0.3 0.92

Pathologic findings

Macrovesicular steatosis 4.9 ± 8.6 4.6 ± 7.9 5.7 ± 10.0 0.02

Note: Values are presented as mean ± SD or frequency (percentage).
Abbreviations: aPTT, activated partial thromboplastin time; AST, aspartate aminotransferase; PT, prothrombin time; GGT, gamma- glutamyltransferase.
aThe training data set comprised subjects who underwent predonation evaluation between January 2016 and January 2019; the test data set comprised those 
who underwent evaluation between February 2019 and December 2019.
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curve analysis, we maximized the Youden index to se-
lect a cut- off value classifying a patient into the hepatic 
steatosis group. A cut- off value of 31.1% was selected, 
which resulted in high sensitivity (77.7%) and specificity 
(81.0%).

Model application

Our model was named DONATION Model from “pre-
DictiON hepatic sTeatosis In dONor.” To test our model, 
we applied it to a real- world scenario (Figure 3). For 
example, a 24- year- old man with a BMI of 23.2 kg/m2 
was considered a donor for living liver donation. He 
underwent predonation evaluation, and all his result 
outcomes were input to our model (https://hanse ungbo 
ng.shiny apps.io/shiny_app_up/). Collectively, his prob-
ability of having hepatic steatosis (macrovesicular stea-
tosis >5%) was computed as 11.0%, which was less 
than the predefined cut- off value of 31.1%.

DISCUSSION

We built a prediction model to identify potential living 
liver donors with hepatic steatosis. We used a conven-
tional logistic model with various noninvasive predona-
tion variables considering the high performance and 
convenience from a readily applicable website. With 
our prediction model, potential living donors who are 
less likely to have hepatic steatosis may be exempt 
from liver biopsy as a predonation evaluation before 
transplantation.

The optimal selection of a living liver donor is crucial 
for successful liver transplantation for any indication. 
Hepatic steatosis is a major determinant of eligibility of 
a living liver donor and is the main cause of rejection 
of a donor.[12,27] In general, hepatic steatosis <10% in 
a potential living donor is considered suitable and ≤5% 
is considered satisfactory for living liver donation. At 
some transplant centers, if a potential living liver donor 
appears to have hepatic steatosis <10% based on var-
ious noninvasive assessments at predonation evalua-
tion, liver biopsy may not be required for re- evaluating 
the degree of hepatic steatosis.[17,28]

When building a model for living liver donor selec-
tion, two contrasting perspectives may arise. The first 
is that a model for predicting a high level of hepatic 
steatosis enables early exclusion of candidates, pre-
venting unnecessary subsequent tests. The remaining 
candidates can proceed to further testing for donor eli-
gibility. The second perspective is that a model predict-
ing not having steatosis enables candidates to proceed 
to liver donation without liver biopsy. Donor eligibility 
of the remaining candidates will be determined by fur-
ther testing, including liver biopsies. Both perspectives 
are reasonable. However, we believe that the second T
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perspective may be stronger for the reasons given 
below.

Eastern countries, including Korea, have a shortage 
of cadaveric liver donors owing to the cultural back-
ground. Therefore, ≥75% of liver transplantations in 
Korea are LDLTs. In this situation, the early exclusion 
of donor candidates using the model may reduce the 
pool of living liver donors. For example, a candidate 
predicted to have a high level of hepatic steatosis by the 
model (e.g., >20% or >30%) may show a lesser degree 
of hepatic steatosis on liver biopsy than initially thought. 
This candidate may thus be eligible for living liver do-
nation but may be excluded by the model considering 

that no model has perfect performance. Therefore, our 
approach is more important in our situation to secure 
the pool of donor candidates without losing potential 
candidates.

In addition, there has been a trend of expanding the 
threshold of hepatic steatosis for donor eligibility be-
cause a relatively high degree of hepatic steatosis may 
be compensated by sufficiently large liver volume. If a 
candidate is excluded by a prediction model owing to a 
high level of hepatic steatosis, the candidate could be 
excluded from liver donation despite being selectively 
eligible if the candidate has a sufficient remnant liver 
volume.

F I G U R E  2  Logistic regression analysis in the training and test cohorts. (A) Receiver operating characteristic curves (B) Calibration 
charts
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Potential living donor candidates are generally 
young and healthy. Therefore, the number of patients 
with a high degree of hepatic steatosis is very low. 
Indeed, only 2% of our study population showed >30% 
hepatic steatosis (approximately 30 of 1600 patients). 
Thus, building the model for identifying a high level 
of hepatic steatosis was difficult due to the very small 
number of outcomes, including multicollinearity and 
low performance. Therefore, our most important goal 
was to secure as many donor candidates as possible 
given our current situation. Thus, we could safely omit 
unnecessary liver biopsies in selected candidates with 
the use of our model. In addition, we need a model that 
is statistically stable and justifiable.

We set a stricter cutoff for hepatic steatosis >5% 
to minimize as many false negatives as possible. 
Therefore, our model may render a false- positive as-
sessment of hepatic steatosis, whereby liver biopsy will 
be considered as usual. However, based on our model, 
if a potential living liver donor is determined not to pro-
ceed for liver biopsy by showing a very low likelihood of 
hepatic steatosis, the actual probability of hepatic ste-
atosis would have to be extremely low for the safety of 
the living donor and recipient. Using a logistic model, 
the false- negative rates of hepatic steatosis were 13.2% 
(154/1165) and 10.1% (49/487) in the training and test 
data sets, respectively. However, only 1 potential donor 
showed hepatic steatosis ≥30%, which was not eligible 
for living liver donation, despite our model predicting 
this subject did not have hepatic steatosis. This clini-
cally significant false negative by our prediction model 
was about 0.1%.

Previous studies suggested several noninvasive 
indices and models to assess hepatic steatosis, in-
cluding the fatty liver index, hepatic steatosis index, 
SteatoTest, and nonalcoholic fatty liver disease 
ridge score.[29- 32] However, these metrics were es-
sentially developed from a small number of patients 
or populations who were at risk of having hepatic 
steatosis. The purpose of the previous metrics was 
a potential diagnosis of clinically meaningful he-
patic steatosis or early identification of populations 
at higher risk of advanced fibrosis or cirrhosis due 
to hepatic steatosis. In contrast, the target popula-
tion of the current study included generally young 

TA B L E  3  Summary of logistic regression analysis

Odds 
Ratio 95% CI p Value

(Intercept) 0.31 0.27- 0.37 <0.01

Age (years) 1.23 1.05- 1.45 0.01

BMI (kg/m2) 1.30 1.09- 1.55 <0.01

ALT (IU/L)a 1.61 1.35- 1.91 <0.01

Total cholesterol (mg/dL) 1.40 1.19- 1.66 <0.01

HDL cholesterol (mg/dL) 0.68 0.56- 0.82 <0.01

Glucose (mg/dL)a 1.16 1.00- 1.36 <0.01

Liver (HU) 0.28 0.23- 0.37 <0.01

Note: All included variables in the above table were standardized.
aLog- transformed variables.

F I G U R E  3  An example of applying the DONATION Model. The probability of hepatic steatosis (≥5% of macrovesicular steatosis) by the 
logistic model is 11.0% 
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and healthy individuals with a very low prevalence 
of hepatic steatosis.

The strength of our study was the sufficient sam-
ple size for analysis. Over 1600 potential living liver 
donors were biopsied and assessed for the pres-
ence of hepatic steatosis, thus enabling the con-
struction and validation of various machine learning 
models. We also incorporated radiologic informa-
tion as measured by HU on the noncontrast CT scan 
together with demographic and laboratory variables 
in our model. Indeed, radiologic information had the 
highest variable importance score in the logistic 
model, suggesting that liver HU may play an import-
ant role in our model. As all variables in our model 
were routinely collected in the predonation evalu-
ation, no additional examinations or tests were re-
quired. We built a readily available website to apply 
our model in the real- world setting. The probability 
of having hepatic steatosis could then be calculated 
by simply including several variables for a potential 
donor.

Our study has some limitations. Our study results, 
gathered retrospectively from a single transplant cen-
ter in the Republic of Korea, have some unavoidable 
biases. However, we included consecutive participants 
over a period of 3 years, and our models were built and 
validated with >25 variables from the predonation eval-
uation. Although we have conducted internal validation, 
the generalizability of our model may be limited by the 
lack of external validation, particularly in a population 
with different demographic characteristics, including a 
higher average BMI. In addition, our model should un-
dergo further prospective validation. Indeed, we plan 
to prospectively validate and continuously upgrade our 
model by adding additional imaging modalities, such as 
transient elastography. From a statistical perspective, 
RF counts on the bagging algorithm as well as an en-
semble learning technique. It combines the outputs of 
many trees on a subset of the data and may reduce the 
overfitting problem in the prediction. Additionally, as a 
retrospective cohort study, we were unable to obtain 
data on alcohol or drug consumption, both of which af-
fects macrovesicular steatosis. Significant alcohol use 
is related to macrovesicular steatosis,[33] although the 
chance of binge drinking would be lower than that in 
the general population. Lastly, our center has not ad-
opted newly developed imaging modalities, such as 
MRI- derived proton density– fat fraction (MRI- PDFF) to 
assess hepatic steatosis owing to its high cost and lim-
ited availability. Considering the excellent performance 
of this modality in the quantitative assessment of he-
patic steatosis, MRI- PDFF could be widely used in the 
process of living liver donor selection in the near future.

In conclusion, we developed a model to identify he-
patic steatosis in potential living liver donors by using 
a logistic model. Our model comprised only noninva-
sive variables routinely collected in the predonation 

evaluation. Using our model, unnecessary liver biop-
sies can be safely omitted in the selection of living 
donor candidates.
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