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ARTICLE INFO ABSTRACT
Keywords: Introduction: Screening for liver fibrosis continues to rely on laboratory panels and non-invasive tests such as FIB-
Steatosis 4-score and transient elastography. In this study, we evaluated the potential of machine learning (ML) methods

Liver fibrosis

Machine learning

Predictive modelling

Gender differences

Patient self-reported outcomes

to predict liver steatosis on abdominal ultrasound and liver fibrosis, namely the intermediate-high risk of
advanced fibrosis, in individuals participating in a screening program for colorectal cancer.

Methods: We performed ultrasound on 5834 patients admitted between 2006 and 2020, and transient elastog-
raphy on a subset of 1240 patients. Steatosis on ultrasound was diagnosed if liver areas showed a significantly
increased echogenicity compared to the renal parenchyma. Liver fibrosis was defined as a liver stiffness mea-
surement >8 kPa in transient elastography. We evaluated the performance of three algorithms, namely Extreme
Gradient Boosting, Feed-Forward neural network and Logistic Regression, deriving the models using data from
patients admitted from January 2007 up to January 2016 and prospectively evaluating on the data of patients
admitted from January 2016 up to March 2020. We also performed a performance comparison with the standard
clinical test based on Fibrosis-4 Index (FIB-4).

Results: The mean age was 58+9 years with 3036 males (52%). Modelling laboratory parameters, clinical pa-
rameters, and data on eight food types/dietary patterns, we achieved high performance in predicting liver
steatosis on ultrasound with AUC of 0.87 (95% CI [0.87-0.87]), and moderate performance in predicting liver
fibrosis with AUC of 0.75 (95% CI [0.74-0.75]) using XGBoost machine learning algorithm. Patient-reported
variables did not significantly improve predictive performance. Gender-specific analyses showed significantly
higher performance in males with AUC of 0.74 (95% CI [0.73-0.74]) in comparison to female patients with AUC
of 0.66 (95% CI [0.65-0.66]) in prediction of liver fibrosis. This difference was significantly smaller in prediction
of steatosis with AUC of 0.85 (95% CI [0.83-0.871) in female patients, in comparison to male patients with AUC
of 0.82 (95% CI [0.80-0.84]).

Conclusion: ML based on point-prevalence laboratory and clinical information predicts liver steatosis with high
accuracy and liver fibrosis with moderate accuracy. The observed gender differences suggest the need to develop
gender-specific models.

Introduction disease, affecting up to 25% of the global population worldwide and
more than 40% in some countries [1]. The development of NAFLD is
Non-alcoholic fatty liver disease (NAFLD) is a highly prevalent closely related to obesity and metabolic syndrome, creating a vicious
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circle with NAFLD [2]. For this reason, it is recommended in the Euro-
pean guidelines that patients with risk factors for NAFLD (such as dia-
betes and obesity) should be examined for the presence of hepatic
steatosis, e.g., using simple abdominal ultrasound [3] since patients with
NAFLD not only suffer significant hepatologic and liver-specific
morbidity and mortality, but also have increased cardiovascular risk [4].

To predict liver-specific outcome, close evaluation with special
attention to development of liver fibrosis is necessary [4,5]. Up to 20%
of patients with NAFLD experience disease progression to NASH [22].
Also, patients with NASH are at significantly increased risk for cirrhosis
and hepatocellular carcinoma and should be managed by hepatologists
[6].

For evaluation of liver fibrosis, biomarker-based scores for broad
screening, transient elastography and liver biopsy as the gold standard
are available in the armamentarium [4]. If biomarkers do not exclude
liver fibrosis, further evaluation with transient elastography is recom-
mended. However, transient elastography can also be performed as a
screening tool, depending on local availability [23], also when consid-
ering low specificity of blood-based biomarkers [24]. The European
Association for the Study of the Liver (EASL) and German Society for
Gastroenterology, Digestive and Metabolic Diseases (DGVS) recommend
screening of high-risk patients, particularly for the presence of steatosis
using ultrasound or FLI if ultrasound is not available. Further evaluation
is recommended with Fib-4 and, if necessary, additional hepatological
work-up in case of a positive finding.

Machine learning uses algorithms to detect patterns in large, het-
erogeneous data sets. These patterns would be difficult or impossible to
identify even for experts with many years of training. Especially in view
of the large amount of data generated in modern medicine, the appli-
cation of machine learning in numerous medical fields seems promising.
On the other hand, machine learning should be held to the same stan-
dards as other medical innovations and its benefits should first be
established by means of exploratory studies and ultimately proven by
means of randomised trials [7].

Machine learning has already been applied to predict NAFLD and
showed good sensitivity [8-10]. Conversely, much simpler and thus
more user-friendly scores also showed similar sensitivity [11]. Espe-
cially the prediction of relevant liver fibrosis [12] would be of high in-
terest for clinical practice.

Therefore, the objective of this work was to evaluate performance of
machine learning models in predicting liver steatosis and liver fibrosis
based on cross-sectional data in a Central European cohort of symp-
tomatic patients.

Main contributions

The main contributions of our work are as follows: i) our study is the
first to prospectively evaluate predictive performance of steatosis and
liver fibrosis from only routinely collected clinical data; ii) we show that
steatosis can be predicted with a high performance, paving the way
towards a wide-scale screening instrument; iii) we also show that
routinely collected clinical data is not sufficient for a high-performance
prediction of liver fibrosis; iv) we establish clinically meaningful cut-offs
of clinical parameters where the estimated risk of steatosis significantly
increases; v) we show that patient-reported outcomes related to nutri-
tion and lifestyle do not significantly contribute to risk estimation and,
vi) we show significant differences in risk estimation between genders,
particularly in prediction of liver fibrosis, suggesting the necessity to
develop gender-specific models.

Methods
Ethics statement

The study and data acquisition was performed according to the
Helsinki Declaration and was approved by the local ethics committee
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(Ethics Commission for the Province of Salzburg, committee approval
no. 415-E/1262/2-2010). Written informed consent was obtained from
every participant and all assessments were performed according to na-
tional or international guidelines.

Setting and study population

We included 5834 participants from the Salzburg Colon Cancer
Prevention Initiative (Sakkopi) in this analysis. The participants were
asymptomatic subjects who underwent opportunistic colon cancer
screening in Austria. As part of this study, anthropometric, laboratory,
and sonographic additional findings were collected. The study cohort
consists of asymptomatic subjects screened for colorectal cancer be-
tween January 2007 and March 2020. The study was performed in
Austria at a single centre hospital. We obtained anthropomorphic,
clinical as well as laboratory parameters in all participating subjects [7,
13]. The study participants completed a questionnaire about their
medical history. We defined and calculated body mass index (BMI),
arterial hypertension, smoking status, dyslipidemia, as well as metabolic
syndrome in accordance with published guidelines [14,15]. We per-
formed abdominal ultrasonography in all patients. The liver was
considered normal if the echogenicity was similar to the renal paren-
chyma. The liver was considered steatotic if areas showed a significantly
increased echogenicity compared to the renal parenchyma.

Measurement protocol

A liver stiffness measurement by FibroScan is a non-invasive test that
assesses the degree of fibrosis (scarring) in the liver. The protocol typi-
cally involves the following steps: The patient is asked to lie on their
back with their right arm raised behind their head; A gel is applied to the
skin over the liver area, which helps to conduct sound waves; The
FibroScan probe, which is a small hand-held device, is placed on the skin
over the liver area; The probe sends low-frequency sound waves through
the liver tissue, which bounce back at different speeds depending on the
stiffness of the liver; The FibroScan machine measures the speed of the
sound waves and calculates a liver stiffness measurement (in kilopascals,
kPa). We obtained 10 measurements and only accepted measurements
with a variation range of <15%. All patients had an overnight fast; all
operators were board-certified gastroenterologists or supervised by a
board-certified gastroenterologist and board certification was obtained
according to the Austrian law.

Missing values

To handle the missing values, we used mean and mode imputation
for continuous and categorical variables, respectively. The percentage of
missing values for the main variables were as follows: Amylase 4.5%,
INR 4.7%, Transferrin saturation 7%, Lipase 9%, HOMA-IR 17%, Al-
bumin 38%, Baso 72%, while the rest of variables had less than 3%
missing values. We normalised the variables by scaling them between
zero and one. We excluded patients with known liver disease and
alcohol abuse (>1 standard drink for women, >2 for men). For a sub-
group (n = 1240), liver stiffness measured by transient elastography was
available.

Outcomes definition

The primary outcome was the diagnosis of liver steatosis as defined
above, namely areas with a significantly increased echogenicity
compared to the renal parenchyma. For this purpose, the echogenicity of
the liver is dichotomized by the examiner. Further, we defined liver
fibrosis as a binary outcome using LSM >8 kPa [25]. Throughout this
work, fibrosis is meant to signify intermediate-high risk of advanced
fibrosis.



B. Mamandipoor et al.

Table 1
Variables used in the development and validation of the predictive models for
steatosis and liver fibrosis.
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Table 2
Baseline characteristics of the steatosis patient cohort, including interquartile
range in square brackets. Measurement units are provided in round brackets.

Type Variables

Demographic
Laboratory

Age, gender, weight, height, BMI

ALT, AST, AP, Bilirubin, Cholinestherase,
GGT, Blood_glucose, Cholesterol, C-reactive
protein, Uric acid, HDL cholesterol,
hemoglobin, LDH, LDL cholesterol,
Platetelets, Triglycerides, TSH, INR, Lipase,
Amylase, Baso, Blood sedation rate, Iron,
Ferritin, Transferrin saturation, Transferrin,
Albumin, HOMA-IR, Oral glucose tolerance
test

Alcohol per day, coffee cups, vegetable
portions, sugar sweetened beverages, red
meat consumption, fast food meals, fruits
porition, current or past smoker

Systolic arterial pressure, diastolic arterial
pressure, ACE Inhibitors, Statins, Family
history, aspirin use

Patient-reported (interval is per
week, if not specified otherwise)

Other measurements

Study design and sensitivity analysis

We prospectively evaluated the performance of machine learning
methods to predict the outcomes of interest. Namely, the dataset was
divided into a cohort of patients admitted in the first 8 years (from
January 2007 up to January 2016) which comprised the model deri-
vation cohort. The validation cohort comprised the patients admitted in
the last 4 years (from January 2016 up to March 2020), in which the
performance of the model for predicting steatosis and liver fibrosis was
evaluated on.

Furthermore, we performed sensitivity analysis to investigate pre-
dictive performance of objective laboratory variables only and compare
these results with the performance of our method when subjective,
patient-reported variables are included. The patient-reported variables
measured the amount of alcohol consumption, coffee, sweetened drinks,
highly processed food, smoking, red meat, vegetables and fruit.

Finally, we also perform analyses to investigate the performance of
our models in predicting the outcomes of interest in male and female
patients separately.

Variables of interest

We collected several demographic variables, including age, gender,
weight, height and Body Mass Index (BMI) for each patient visit. Addi-
tionally, we also collected several laboratory variables, as well as patent
reported variables, as shown in Table 1.

Statistical analysis

We analysed baseline characteristics of patients using medians
(IQRs) for continuous variables and frequencies (percentages) for cate-
gorical variables. We used the Kruskal-Wallis test for continuous vari-
ables and the chi-square test for categorical variables to compare
subgroups of alive and deceased patients.

Machine learning model development and validation

We compare the predictive performance of three algorithms, namely,
Extreme Gradient Boosting (XGBoost) [16], Feed-Forward (FF) neural
network and Logistic Regression (LR) [17,18] (details shown in Ap-
pendix 5) .

All the three models were tuned for the best hyperparameters on the
internal evaluation cohorts in each study design and outcome defini-
tions. The models’ hyperparameters were optimised through exhaustive
grid-search for maximising the F-1 score metric and set for the final
prospective validation.

Patients 5834 Cholesterol, 219.0
median [Q1,Q3] [191.0,248.0]
(mg/dL)
Age, median [Q1, 57.8 [51.8,65.7] C-reactive protein, 0.2 [0.1,0.4]
Q3] (years) median [Q1,Q3]
(mg/dL)
Gender, n (%) male 3036 (52.0) Uric acid, median 5.6 [4.6,6.7]
[Q1,Q3] (mg/dL)
Gender, n (%) 2798 (48.0) HDL Cholesterol, 56.0
female median [Q1,Q3] [47.0,67.0]
(mg/dL)
Weight, median 78.0 [68.0,89.0] Haemoglobin, 14.6
[Q1,Q3] (kg) median [Q1,Q3] [13.8,15.4]
(g/dL)
Height, median 170.0 Lactate 170.0
[Q1,Q3] (cm) [164.0,178.0] dehydrogenase [153.0,191.0]

BMI, median [Q1,
Q3]

Systolic Blood
Pressure, median

26.6 [24.0,29.7]

130.0
[120.0,140.0]

(LDH), median
[Q1,Q3] (1IU/L)
LDL Cholesterol,
median [Q1,Q3]
(mg/dL)

Platelets, median
[Q1,Q3] (x 109/L)

140.0
[116.0,167.0]

230.0
[197.0,268.0]

[Q1,Q3]
(mmHg)

Diastolic Blood 80.0 [75.0,90.0] Triglycerides, 107.0
Pressure, median median [Q1,Q3] [79.0,149.0]
[Q1,Q3] (mg/dL)

(mmHg)

ALT, median [Q1, 21.0 [15.0,30.0] TSH, median [Q1, 1.4 [1.0,2.0]
Q3] (Iu/L) Q3] (mIU/L)

AST, median [Q1, 21.0 [17.0,26.0] INR, median [Q1, 1.0 [1.0,1.0]
Q3] (Iu/L) Q3]

Alkaline 63.0 [53.0,76.2] Lipase, median 28.0
Phosphatase [Q1,Q3] (U/L) [20.0,38.0]
(AP), median
[Q1,Q3] (U/L)

Bilirubin, median 0.7 [0.5,0.9] Amylase, median 25.0
[Q1,Q3] (umol/ [Q1,Q3] (U/L) [20.0,32.0]
L)

Cholinesterase, 9900.0 Basophils, median 0.6 [0.4,0.8]
median [Q1,Q3] [8414.5,11,369.0] [Q1,Q3] (x 109/L)

(U/mL)

GGT, median [Q1, 26.0 [17.0,43.0] Blood sed. rate, 6.0 [3.0,10.0]

Q3] (IU/L) median [Q1,Q3]
(mm/hr)

Blood Glucose, 97.0 [90.0,106.0] Iron, median [Q1, 104.0

median [Q1,Q3] Q3] (mcg/dL) [81.0,130.0]

(mg/dL)

Performance metrics

We evaluated predictive performance of the models using area under
the receiver operator characteristic curve (AUC) and area under the
precision-recall curve (AUPRC). Furthermore, since machine learning
models can be discriminative but with low calibration quality, we also
plotted the calibration curve for all the analyses. The calibration curve
shows the actual class probabilities (x-axis) against the models’ proba-
bility predictions (y-axis) and is evaluated using Brier scores (a lower
Brier score indicates higher calibration quality). To assess the predictive
performance, we calculated additional metrics including Positive Pre-
dictive Value (PPV), Negative Predictive Value (NPV), F-1 score, and
Matthews correlation coefficient (MCC), shown in Appendix 1 to Ap-
pendix 4. We note that in addition to MCC that considers the class
imbalance [27], other methods could also be applicable such as sub-
group analysis [28,29].

Predictive model interpretability

To increase the transparency of our predictive models, we also
investigated model interpretability based on Shapley Additive exPla-
nations (SHAP). SHAP method deconstructs each prediction into a sum
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Table 3
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Baseline characteristics of the steatosis patient cohort divided by outcome and derivation and validation cohort.

Model derivation cohort

Prospective validation cohort

Negative Positive p-value Negative Positive p-value
Patients 2168 1930 - 948 788 -
Age, median [Q1,Q3] 56.6 [50.7,65.2] 59.9 [53.1,67.1] <0.001 56.1 [51.7,62.7] 58.8 [53.3,65.7] <0.001
Gender Male, (%) 946 (43.6) 1201 (62.2) <0.001 388 (40.9) 501 (63.6) <0.001
Weight, median [Q1,Q3] 72.0 [63.0,81.0] 86.0 [77.0,96.0] <0.001 70.0 [62.0,80.0] 87.0 [77.0,96.0] <0.001
Height, median [Q1,Q3] 169.0 [163.0,176.0] 172.0 [165.0,178.0] <0.001 169.5 [164.0,176.0] 173.0 [166.0,179.0] <0.001
BMI, median [Q1,Q3] 25.0 [22.8,27.3] 29.0 [26.4,32.4] <0.001 24.4 [22.3,27.0] 28.7 [26.3,31.7] <0.001
Systolic Blood Pressure, median [Q1,Q3] 125.0 [120.0,140.0] 130.0 [120.0,150.0] <0.001 130.0 [120.0,140.0] 140.0 [130.0,150.0] <0.001
Diastolic Blood Pressure, median [Q1,Q3] 80.0 [70.0,80.0] 80.0 [80.0,90.0] <0.001 80.0 [72.8,85.0] 80.0 [80.0,90.0] <0.001
ALT, median [Q1,Q3] 17.0 [14.0,23.0] 26.0 [19.0,37.0] <0.001 18.0 [14.0,23.0] 27.0 [20.0,39.0] <0.001
AST, median [Q1,Q3] 19.0 [17.0,24.0] 22.0 [19.0,29.0] <0.001 19.0 [17.0,23.0] 22.0 [18.0,28.0] <0.001
AP, median [Q1,Q3] 62.0 [51.0,74.0] 66.0 [55.0,79.0] <0.001 62.0 [51.0,75.0] 64.0 [54.0,78.0] 0.001
Bilirubin, median [Q1,Q3] 0.7 [0.5,0.9] 0.7 [0.5,0.9] 0.065 0.7 [0.6,1.0] 0.7 [0.6,1.0] 0.515
Cholinesterase, median [Q1,Q3] 9370.5 [7885,10,833] 10,028.0 [8528,11,622] <0.001 9860.0 [8601,11,074] 10,888.0 [9689,12,176] <0.001
GGT, median [Q1,Q3] 21.0 [14.8,33.0] 33.0 [22.0,55.0] <0.001 21.0 [16.0,30.0] 35.5 [24.0,55.0] <0.001
Blood Glucose, median [Q1,Q3] 94.0 [88.0,102.0] 102.0 [94.0,115.0] <0.001 92.0 [87.0,98.0] 101.0 [94.0,112.0] <0.001
Cholesterol, median [Q1,Q3] 222.0 [195.0,249.0] 215.0 [186.0,245.0] <0.001 223.0 [197.0,253.0] 216.0 [188.5,246.5] <0.001
C-reactive protein, median [Q1,Q3] 0.1 [0.1,0.3] 0.2 [0.1,0.5] <0.001 0.1 [0.1,0.2] 0.2 [0.1,0.4] <0.001
Uric acid, median [Q1,Q3] 5.1 [4.2,6.1] 6.2 [5.2,7.2] <0.001 5.2 [4.4,6.1] 6.3 [5.4,7.4] <0.001
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Fig. 1. From left to right, AUC, AUPRC and calibration curve performance of the steatosis model derived from the patient cohort admitted from January 2007 up to
January 2016 and prospectively evaluated on the patient cohort admitted from January 2016 up to March 2020. The model was derived and evaluated on all the
available variables, including both objective and self-reported.

of individual contributions from each variable known as SHAP values.

Results

SHAP values reveal how the input variables influence the model’s pre-

dictions, both at the instance level and throughout the entire population.
We calculated SHAP values for each run of the 5-fold cross validation to
precisely capture the influence of each variable on the outcome pre-
diction, plotting them into a Bee swarm plot. Furthermore, we also used
SHAP dependence to show how the actual value of a variable influences

the predicted outcome.

BMI

HOMA-IR

Triglycerides

ALT

Weight (kg)

Blood_glucose

Uric acid

C-reactive protein
Oral_glucose_tolerance_test
HDL_cholesterol

o 0.0 05 1
SHAP value (impact on madel output)

High

Feature value

SHAP value for

The overall patient cohort included 5834 patients with a steatosis
prevalence of 47%, median age of 58 years (IQR [52-65.5]) and 48%
female. The overall transient elastography cohort included 1240 pa-
tients with a fibrosis prevalence of 7%, median age of 57 years (IQR
[52-63]) and 48% female as shown in Table 2 and Table 3.

Prediction of steatosis including objective and self-reported variables

Initially we evaluated the predictive performance of our machine
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Fig. 2. From left to right: i) SHAP variable ranking graph, with blue colour representing a low value for a variable, while red the opposite indicated by the colour
ramp, ii) SHAP dependency plot showing relationship between BMI values and the estimated risk of steatosis, and iii) SHAP dependency plot showing relationship
between values of HOMA-IR and the estimated risk of steatosis. Each dot represents measurements from a single patient. Red colour represents a high value for a

particular variable, while blue.
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Fig. 3. From left to right, AUC, AUPRC and calibration curve performance of the steatosis model derived from the patient cohort admitted from January 2007 up to
January 2016 and prospectively evaluated on the patient cohort admitted from January 2016 up to March 2020. This model was derived and evaluated on objectively

collected variables only, while excluding self-reported variables.

learning model using all the available variables, namely both objective
and patient self-reported variables. In this respect our model derived
using XGBoost algorithm, prospectively predicted steatosis with AUC of
0.87 (95% CI [0.87-0.87]) based on the evaluation of the prospective
patient cohort as shown in Fig. 1. Furthermore, area under precision-
recall curve, positive predictive value and negative predictive value
are also high with 0.85 (95% CI [0.85-0.85]), 0.80 (95% CI [0.79-0.80])
and 0.78 (95% CI [0.78-0.78]) as shown in Appendix 1, while our model
showed high quality calibration with a low Brier score of 0.16 (a lower
Brier score indicates higher calibration quality). These results are shown
in Fig. 1. It should be noted that FF and LR algorithms performed just as
well, with no statistically significant differences between them (p = 0.43
and p = 0.12 respectively) based on the Delong test.

Variable saliency analysis in the prediction of steatosis

In addition to the predictive performance, we also performed sa-
liency analysis using SHAP. The results, outlined in Fig. 2 show the top
10 variables with the highest predictive influence, namely BMI, HOMA-
IR, triglycerides, ALT, weight, blood glucose, uric acid, C-reactive pro-
tein, glucose tolerance and HDL cholesterol. Furthermore, we also
devised dependency plots outlining the relationship between the actual
values of the variables (x-axis) and risk of predicted outcome (y-axis)
expressed in terms of SHAP values for the top 2 variables, namely BMI
and HOMA-IR. We found that for values of BMI of around 25 the pre-
dicted risk of steatosis remains low, while it increases gradually for the
values above 25 up to BMI of 40. For the BMI values over 40 the pre-
dicted risk of steatosis remains consistently high. Similar pattern is seen
also with the HOMA-IR variable, where at values above 3 the risk
sharply increases and remains consistently high.

1.0
0.8
) 0.6
2
@
904
02 — FF  (AUC = 0.75 %= 0.01)
—— XGB (AUC = 0.71 = 0.04)
—— LR (AUC = 0.66 % 0.02)
0.0 Random
0?0 0.’2 0?4 0f6 0?8 1?0
1 - Specificity

Prediction of steatosis excluding self-reported variables

To investigate the influence of self-reported variables on predictive
performance of steatosis, we derived and prospectively validated models
in the same manner as above, however excluding the self-reported
variables (shown in Table 1). We found that there were no differences
between predictive performance when excluding and when including
self-reported variables, with AUC of 0.87 (95% CI [0.87-0.87]) as shown
in Fig. 3. These results, and those shown in Appendix 2, indicate that in
predicting steatosis, objectively collected variables had a significant
role, while self-reported variables had an ancillary role .

Sensitivity analysis on gender-specific predictive performance of steatosis

We also investigated performance of our models in gender specific
subgroups in predicting steatosis. We found that the models performed
slightly better in female patients with AUC of 0.85 (95% CI
[0.83-0.87]), in comparison to male patients with AUC of 0.82 (95% CI
[0.80-0.84]).

Prediction of liver fibrosis using objective and self-reported variables

We then focused on investigating performance of the models in
prospectively predicting patients with liver fibrosis (Fig. 4). The overall
transient elastography cohort included 1240 patients with a fibrosis
prevalence of 7%, median age of 57 years (IQR [52-63]) and 48% fe-
male. Cohort baseline characteristics are shown in Table 4 .

We evaluated the predictive performance of our machine learning
model using all the available variables, namely both objective and pa-
tient self-reported variables. In this respect our model derived using
XGBoost algorithm, prospectively predicted fibrosis with AUC of 0.75
(95% CI [0.74-0.75]). In contrast the AUC of FIB-4 was 0.61, however

1.0 — FF (AP =0.31 % 0.04)
—— XGB (AP = 0.25 * 0.05)
— LR (AP =0.29 + 0.04)
0.8 Random (AP = 0.06)
0.6
8
04
0.2
0.0
0?0 0?2 074 0?6 OTB 1.’0

Recall

Fig. 4. From left to right, AUC, AUPRC performance of the liver fibrosis model derived from the patient cohort admitted from January 2007 up to January 2016 and
prospectively evaluated on the patient cohort admitted from January 2016 up to March 2020. The model was derived and evaluated on all the available variables,

including both objective and self-reported.
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Table 4
Baseline characteristics of transient elastography cohort.
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Model derivation cohort

Prospective validation cohort

Negative Positive p-value  Negative Positive p-value
Patients 808 68 343 21
Age, median [Q1,Q3] 56.7 [52.2,63.0] 56.1 [51.5,63.8] 0.935 57.4 [52.5,63.7] 61.8 [56.3,65.5] 0.035
Gender Male (%) 411 (50.9) 53 (77.9) <0.001 160 (46.6) 15 (71.9) 0.048
Weight, median [Q1,Q3] 77.0 [67.0,87.0] 87.0 [74.0,100.0] <0.001  76.0 [66.0,86.0] 95.0 [76.0,108.0] <0.001
Height, median [Q1,Q3] 171.0 [165.0,178.0] 174.0 [169.0,179.2] 0.016 170.0 [164.0,178.0] 173.0 [168.0,180.0] 0.203
BMI, median [Q1,Q3] 26.0 [23.3,29.0] 28.4 [24.7,32.5] <0.001  25.6 [23.9,28.7] 30.4 [28.1,34.4] <0.001
Systolic Blood Pressure, median [Q1,Q3] 135.0 [125.0,150.0] 140.0 [123.0,150.0] 0.768 140.0 [125.0,150.0] 145.0 [140.0,160.0] 0.004
Diastolic Blood Pressure, median [Q1,Q3] 80.0 [76.0,90.0] 80.0 [77.5,89.2] 0.725 80.0 [79.0,90.0] 90.0 [80.0,92.0] 0.001
ALT, median [Q1,Q3] 21.0 [16.0,29.0] 29.0 [19.8,43.2] <0.001  21.0 [16.0,27.0] 31.0 [ 25.0,37.0] <0.001
AST, median [Q1,Q3] 20.0 [17.0,24.0] 26.0 [18.8,36.0] <0.001  19.0 [17.0,24.0] 25.0 [20.0,33.0] 0.004
AP, median [Q1,Q3] 63.0 [53.0,75.0] 60.0 [49.8,81.2] 0.85 63.0 [52.0,76.0] 63.0 [50.0,87.0] 0.542
Bilirubin, median [Q1,Q3] 0.7 [0.6,1.0] 0.8 [0.6,1.0] 0.528 0.7 [0.5,0.9] 0.7 [0.6,0.8] 0.747
Cholinesterase, median [Q1,Q3] 10,143.5 [8913,11,449] 10,013.5[8463,11,369]  0.259 10,328.0 [9043,11,655]  10,248.0 [8982,11,839]  0.868
GGT, median [Q1,Q3] 25.0 [17.8,40.0] 42.5 [24.0,74.8] <0.001 22.0 [17.0,34.0] 44.0 [33.0,68.0] <0.001
Blood Glucose, median [Q1,Q3] 96.0 [89.0,104.0] 98.5 [90.0,122.2] 0.034 93.0 [87.0,99.0] 106.0 [89.0,127.0] 0.008
Cholesterol, median [Q1,Q3] 220.0 [192.0,248.0] 192.0 [161.5,219.5] <0.001  223.0 [199.5,254.0] 207.0 [191.0,249.0] 0.294
C-reactive protein, median [Q1,Q3] 0.1 [0.1,0.3] 0.2 [0.1,0.3] 0.604 0.1 [0.1,0.3] 0.4 [0.3,0.8] <0.001
Uric acid, median [Q1,Q3] 5.6 [4.8,6.7] 6.3 [5.6,7.3] <0.001 5.6 [4.7,6.6] 6.7 [5.8,7.8] 0.001
High
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Fig. 5. From left to right: i) SHAP variable ranking graph, with blue colour representing a low value for a variable, while red the opposite indicated by the colour
ramp, ii) SHAP dependency plot showing relationship between BMI values and the estimated risk of liver fibrosis, and iii) SHAP dependency plot showing rela-
tionship between values of INR and the estimated risk of liver fibrosis. Each dot represents measurements from a single patient.
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Fig. 6. From left to right, AUC and AUPRC performance of the liver fibrosis model derived from the patient cohort admitted from January 2007 up to January 2016
and prospectively evaluated on the patient cohort admitted from January 2016 up to March 2020. This model was derived and evaluated on objectively collected

variables only, while excluding self-reported variables.

these findings could be explained by several factors, including dilution
of performance.

Variable saliency analysis in the prediction of liver fibrosis

In addition to the predictive performance of our models, we also
analyse salient variables that contribute to the prediction of liver
fibrosis. Our analysis is based on SHAP and shown in Fig. 5. BMI is the

highest-ranking predictor variable, followed by levels of albumin and
AP.

Prediction of liver fibrosis excluding self-reported variables

To investigate the influence of self-reported variables on predictive
performance of liver fibrosis, we derived and prospectively validated
models in the same manner as above, however excluding the self-
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reported variables, shown in Table 1. We find that there are no signifi-
cant differences when excluding and including self-reported variables,
with AUC of 0.74 (95% CI [0.74-0.75]) versus AUC of 0.75 (95% CI
[0.74-0.75]) when including all the variables. These results, shown in
Fig. 6 and Appendix 4, indicate that in predicting liver fibrosis, self-
reported variables do not contribute to improving predictive
performance.

Sensitivity analysis on gender-specific predictive performance of liver
fibrosis

We investigated performance of our models in gender specific sub-
groups in predicting liver fibrosis. Our results show that there is a sig-
nificant difference between predicting liver fibrosis in male patients in
comparison to female patients. Namely, predictive performance in
prospective validation of male patients is AUC of 0.74 (95% CI
[0.73-0.74]) in comparison to female patients with AUC of 0.66 (95% CI
[0.65-0.66]), p = 0.03.

Discussion

We evaluated the capabilities of machine learning to predict hepatic
steatosis and hepatic fibrosis in a cohort of asymptomatic subjects. For
this purpose, we examined anthropometric, and laboratory cross-
sectional data using different algorithms and found that although ma-
chine learning was able to detect hepatic steatosis with relatively high
performance in our cohort, it was unsuitable for predicting liver fibrosis.

We therefore consider our finding to be primarily negative. In our
opinion, machine learning is unsuitable in the setting we evaluated (as a
screening tool for clinically relevant NAFLD in asymptomatic subjects).
We also consider our result to be explicitly in line with the relatively
abundant prior literature that has already investigated the diagnostic
power of machine learning for NAFLD. For example, Ma et al. [10] were
able to show that machine learning can predict NAFLD with high ac-
curacy in nearly 10.000 Chinese patients. For this study, NAFLD was
diagnosed by ultrasound and several machine learning algorithms were
evaluated. A similar conclusion was also reached by Liu et al. in more
than 15,000 Chinese patients [19]. Atsawarungruangkit et al. [11]
investigated the predictive capabilities of machine learning in the
NHANES database. The authors concluded that a simple algorithm
consisting of two covariates (fasting C-peptide and waist circumference)
had high predictive power. However, in this study, NAFLD was defined
based on biomarkers, so a biochemical surrogate parameter and not a
clinical finding was defined as the endpoint, which significantly limits
its clinical applicability. On the other hand, although formally this
criticism that only a surrogate parameter, and not the diagnostic gold
standard, was used as endpoint also applies to our study: we diagnosed
(clinically relevant) liver fibrosis by transient elastography, and not by
liver biopsy. However, for our setting, where population-based
screening was evaluated, we think that liver biopsy would not be ethi-
cally justifiable, and we therefore think that - in contrast to the previous
studies - we evaluated the best endpoint in this situation. Even beyond
that, our negative results could provide valuable input for future studies.

First, it could be that machine learning has much higher predictive
power when data of similar granularity but from multiple time points is
included in the algorithms. For example, the results of several routine
blood draws documented over several years, as well as the history of
anthropometric data such as weight, could significantly increase the
diagnostic capabilities of machine learning, as machine learning
particularly benefits from complex data sets.

Second, we were able to define variables associated with hepatic
steatosis and fibrosis using SHAP analysis. While many expected vari-
ables such as BMI, but also age and gender were detected, it was of in-
terest to us that uric acid emerged as a relevant covariate. While
literature on the association of uric acid and NAFLD [20] is already
available, our data may underline the potential relevance of this
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association.

Third, we found a significant gender-specific difference in the diag-
nostic power of machine learning in detecting NAFLD. This, of course,
underscores the well-established and documented gender difference in
the distribution of risk factors of NAFLD and NAFLD itself [21] in the
literature. On the other hand, this result could also be interpreted to
suggest that in the future machine learning algorithms should be
developed in an explicitly gender-specific manner.

In conclusion, in our analysis, machine learning was able to predict
hepatic steatosis with high accuracy, as in the previous literature.
However, the diagnosis of hepatic steatosis is easily made by abdominal
ultrasonography, and the clinical utility of an algorithm predicting he-
patic steatosis is low in our opinion. This is underscored by the ques-
tionable prognostic relevance of simple hepatic steatosis. Conversely,
hepatic fibrosis is clearly associated with an unfavourable prognosis,
and the diagnosis of higher-grade hepatic fibrosis is also associated with
specific medical management. However, in predicting a well-established
surrogate parameter of liver fibrosis (measurement by transient elas-
tography), we find a low predictive power of machine learning. There-
fore, we think that machine learning is not a substitute for clinical work-
up of patients with NAFLD and questionable liver fibrosis.

Limitations

Our work includes some study-specific limitations. Some of the
variables were self-reported, as such may be subject to recall bias. Given
the specific patient population, generalisability of these results to other
patient populations remains to be investigated. NAFLD was diagnosed
by abdominal ultrasound in our study. This is a limitation since hepatic
steatosis can only be graded qualitatively, with particular weakness for
lower degrees of liver fat. In addition, the absence or presence of NAFLD
was determined on clinical grounds. This was because more elaborate
and sensitive non-invasive tests such as liver stiffness measurement,
including continuation attenuation parameter determination and mag-
netic resonance imaging (MRI), were either not available at the time our
study began or were not part of the study protocol. However, our study
was still in line with international guidelines, which state that normal
transaminase and ultrasound findings in the absence of MetS compo-
nents are sufficient to rule out clinically relevant NAFLD. Possible ex-
planations for the high prevalence of steatosis might be underreporting
of alcohol abuse [26], predominantly sedentary lifestyle, and dietary
factors, however an exact cause would be difficult to determine given
the observational nature of our study.
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Fig. 7. From left to right, AUC, AUPRC and calibration curve performance of the model derived from the patient cohort admitted from January 2007 up to January
2016 based on internal 5-fold cross validation. The model is derived and evaluated on all the available variables, including both objective and self-reported.
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Table 5
Internal evaluation based on objective and self-reported variables in prediction of steatosis.
AUC AP PPV NPV F-1 MCC Brier
LR 0.82 [0.82-0.83] 0.81 [0.80-0.81] 0.74 [0.73-0.74] 0.76 [0.76-0.77] 0.74 [0.73-0.74] 0.50 [0.49-0.51] 0.18 [0.17-0.18]
XGB 0.84 [0.84-0.84] 0.83 [0.82-0.83] 0.75 [0.75-0.76] 0.78 [0.78-0.79] 0.76 [0.75-0.76] 0.54 [0.53-0.55] 0.16 [0.16-0.16]
FF 0.83 [0.83-0.83] 0.81 [0.81-0.82] 0.74 [0.74-0.75] 0.77 [0.77-0.77] 0.74 [0.74-0.75] 0.51 [0.51-0.52] 0.17 [0.17-0.17]
Table 6
Prospective evaluation based on objective and self-reported variables in prediction of steatosis.
AUC AP PPV NPV F-1 MCC Brier
LR 0.85 [0.85-0.85] 0.82 [0.82-0.82] 0.77 [0.76-0.77] 0.77 [0.77-0.77] 0.73 [0.73-0.74] 0.53 [0.53-0.53] 0.17 [0.17-0.17]
XGB 0.87 [0.87-0.87] 0.85 [0.85-0.85] 0.80 [0.79-0.80] 0.78 [0.78-0.78] 0.75 [0.75-0.75] 0.57 [0.57-0.57] 0.15 [0.15-0.15]
FF 0.86 [0.86-0.86] 0.83 [0.83-0.83] 0.77 [0.77-0.78] 0.79 [0.78-0.79] 0.75 [0.75-0.76] 0.56 [0.55-0.56] 0.16 [0.16-0.16]
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Fig. 8. From left to right, AUC, AUPRC and calibration curve performance of the model derived from the patient cohort admitted from January 2007 up to January
2016 based on internal 5-fold cross validation in prediction of steatosis. This model is derived and evaluated on objectively collected variables only, while excluding

self-reported variables.

Appendix 1. Evaluation metrics for the internal and prospective
validation cohort using both objective and self-reported
variables in prediction of steatosis

Fig. 7 and Tables 5, 6
Appendix 2. Evaluation metrics for the internal and prospective
validation cohorts when excluding self-reported variables in
prediction of steatosis

Fig. 8
Appendix 3. Evaluation metrics for the internal and prospective
validation cohorts using both objective and self-reported

variables in prediction of liver fibrosis

Fig. 9 and Tables 7, 8

Appendix 4. Evaluation metrics for the internal and prospective
validation cohorts when excluding self-reported variables in
prediction of liver fibrosis

Fig. 10, Tables 9, 10

Appendix 5. Details of machine learning algorithms used in this
study

XGBoost is an ensemble of decision trees that provides robust pre-
dictive performance using an iterative learning process that sequentially
builds many models that correct the deficiencies of the preceding model.
Even though deep neural networks provide better predictive perfor-
mance in unstructured datasets, XGBoost has shown great predictive
performance for structured, tabular data [18].

To compare the performance of XGBoost, we also implemented Feed-
Forward as a deep neural network and Logistic Regression as a statistical
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Fig. 9. From left to right, AUC and AUPRC curve performance of the model derived from the patient cohort admitted from January 2007 up to January 2016 based
on internal 5-fold cross validation to predict liver fibrosis. The model is derived and evaluated on all the available variables, including both objective and
self-reported.

Table 7

Internal evaluation based on objective and self-reported variables in prediction of liver fibrosis. The model is derived and evaluated on all the available variables,
including both objective and self-reported.

PPV

NPV

F-1

MCC

Brier

0.29 [0.26-0.33]
0.29 [0.26-0.32]
0.33 [0.04-0.62]

0.94 [0.94-0.94]
0.94 [0.94-0.94]
0.92 [0.92-0.93]

0.27 [0.25-0.30]
0.30 [0.27-0.32]
0.21 [0.16-0.26]

0.22 [0.19-0.25]
0.23 [0.20-0.26]
0.02 [0.01-0.04]

0.09 [0.09-0.09]
0.10 [0.09-0.10]
0.11 [0.10-0.13]

AUC AP
LR 0.72 [0.70-0.73] 0.29 [0.27-0.32]
XGB 0.71 [0.69-0.74] 0.29 [0.26-0.32]
FF 0.72 [0.70-0.75] 0.28 [0.25-0.30]
Table 8

Prospective evaluation based on objective and self-reported variables in prediction of liver fibrosis. The model is derived and evaluated on all the available variables,
including both objective and self-reported.

PPV

NPV

F-1

MCC

Brier

AUC AP
IR 0.66 [0.66-0.67] 0.29 [0.28-0.30]
XGB 0.71 [0.70-0.72] 0.25 [0.23-0.26]
FF 0.75 [0.74-0.75] 0.30 [0.29-0.31]

0.36 [0.35-0.38]
0.31 [0.30-0.33]
0.26 [0.07-0.46]

0.96 [0.96-0.96]
0.96 [0.96-0.96]
0.94 [0.94-0.95]

0.33 [0.32-0.34]
0.30 [0.28-0.32]
0.26 [0.16-0.37]

0.30 [0.29-0.31]
0.26 [0.24-0.28]
0.03 [0.01-0.05]

0.07 [0.07-0.07]
0.07 [0.07-0.08]
0.10 [0.09-0.12]
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Fig. 10. From left to right, AUC and AUPRC curve performance of the model derived from the patient cohort admitted from January 2007 up to January 2016 based
on internal 5-fold cross validation to predict liver fibrosis. This model is derived and evaluated on objectively collected variables only, while excluding self-
reported variables.

Table 9

Internal evaluation based on objective and self-reported variables in prediction of liver fibrosis. The model is derived and evaluated on objectively collected variables

only, while excluding self-reported variables.

AUC AP PPV NPV F-1 MCC Brier
LR 0.73 [0.71-0.75] 0.32 [0.29-0.35] 0.33 [0.28-0.37] 0.94 [0.94-0.94] 0.28 [0.25-0.32] 0.24 [0.20-0.27] 0.09 [0.09-0.09]
XGB 0.73 [0.70-0.75] 0.31 [0.28-0.34] 0.31 [0.28-0.34] 0.94 [0.94-0.95] 0.32 [0.29-0.35] 0.26 [0.23-0.29] 0.10 [0.09-0.10]
FF 0.73 [0.70-0.75] 0.28 [0.26-0.31] 0.17 [0.06-0.28] 0.93 [0.92-0.93] 0.19 [0.14-0.24] 0.02 [0.01-0.04] 0.13 [0.11-0.15]
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Table 10
Prospective evaluation based on objective and self-reported variables in prediction of liver fibrosis. The model is derived and evaluated on objectively collected
variables only, while excluding self-reported variables.
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NPV

F-1 MCC Brier

AUC AP PPV
IR 0.70 [0.69-0.70] 0.31 [0.30-0.32] 0.39 [0.37-0.41]
XGB 0.71 [0.70-0.72] 0.26 [0.25-0.27] 0.33 [0.32-0.35]
FF 0.74 [0.74-0.75] 0.30 [0.29-0.32] 0.21 [0.05-0.37]

0.96 [0.96-0.96]
0.96 [0.96-0.96]
0.94 [0.94-0.95]

0.34 [0.33-0.35]
0.31 [0.30-0.33]
0.19 [0.10-0.28]

0.31 [0.30-0.32]
0.27 [0.26-0.29]
0.02 [0.01-0.04]

0.07 [0.07-0.07]
0.07 [0.07-0.07]
0.12 [0.10-0.14]

baseline comparator. The Feed-ForwardFeed-Forward model used a
two-layer neural network with 64 and 16 neurons in the first and second
layer respectively, using the sigmoid activation function. Model pa-
rameters were randomly initialised based on Xavier normal method,
trained for 100 epochs with batch size 32, and optimised using the Adam
optimizer algorithm. Logistic Regression is a statistical method that in-
vestigates relationships between the outcome variable and the input
variables and is typically considered as a baseline algorithm in clinical
classification tasks.
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