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Objective: The purpose of this study was to determine the effectiveness of a new Al-based tool called NAIF
(NAFLD-AI-Fibrosis) in identifying individuals from the general population with advanced liver fibrosis (stage
F3/F4). We compared NAIF’s performance to two existing risk score calculators, aspartate aminotransferase-to-
platelet ratio index (APRI) and fibrosis-4 (Fib4).

Methods: To set up the algorithm for diagnosing severe liver fibrosis (defined as Fibroscan® values E > 9.7 KPa),
we used 19 blood biochemistry parameters and two demographic parameters in a group of 5,962 individuals
from the NHANES population (2017-2020 pre-pandemic, public database). We then assessed the algorithm’s
performance by comparing its accuracy, precision, sensitivity, specificity, and F1 score values to those of APRI
and Fib4 scoring systems.

Results: In a kept-out sub dataset of the NHANES population, NAIF achieved a predictive precision of 72 %, a
sensitivity of 61 %, and a specificity of 77 % in correctly identifying adults (aged 18-79 years) with severe liver
fibrosis. Additionally, NAIF performed well when tested with two external datasets of Italian patients with a
Fibroscan® score E > 9.7 kPa, and with an external dataset of patients with diagnosis of severe liver fibrosis
through biopsy.

Conclusions: The results of our study suggest that NAIF, using routinely available parameters, outperforms in
sensitivity existing scoring methods (Fib4 and APRI) in diagnosing severe liver fibrosis, even when tested with
external validation datasets. NAIF uses routinely available parameters, making it a promising tool for identifying
individuals with advanced liver fibrosis from the general population.

Word count abstract: 236.

1. Introduction

Liver fibrosis (LF) is caused by an excess extracellular matrix (mainly
collagens) associated with chronic liver injury and nodular regenera-
tion. LF can eventually lead to cirrhosis and/or hepatocellular carci-
noma [1]. Alcohol abuse, nonalcoholic fatty liver disease (NAFLD),
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nonalcoholic steatohepatitis (NASH), and chronic HBV or HCV infection
are leading causes of LF. The classic method for evaluating LF is liver
biopsy [2,3]. Unfortunately, liver biopsy is an invasive and expensive
procedure with a small but significant burden of complications [4].
New guidelines recommend noninvasive methods for assessing liver
fibrosis, reducing the need for liver biopsy. The most widely used
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method is liver stiffness measurement using Fibroscan® [5,6]. Blood-
based biomarkers and routine laboratory tests have also been pro-
posed [7]. The four-factor fibrosis index (Fib4) [8,9] and aspartate
aminotransferase platelet ratio (APRI) [10,11] scores are commonly
used scores. Fib4 and APRI were originally developed to identify liver
scarring in patients with HCV and HBV, to determine whether a biopsy is
necessary. While Fib4 and APRI tests have adequate specificity for LF,
their sensitivity is scarce. Additionally, Fib4 has an “indeterminate”
category that 30-40 % of patients fall into, making it difficult to use as a
screening tool. [12]. Lastly, Fib4 is only applicable to individuals be-
tween the ages of 35 and 65.

Machine learning (ML) algorithms can identify non-linear correla-
tions in laboratory, demographic, and clinical parameters that linear
methods like Fib4 and APRI scores cannot detect [13-19]. This can lead
to improved diagnostic ability. Several algorithms optimized to identify
LF [15,20-22] use anthropometric and clinical parameters (such as body
mass index, abdominal circumference, or blood pressure values). How-
ever, relying on these parameters limits the algorithm’s use to patients
who attend medical appointments. A risk assessment tool that predicts
the presence of LF based on routine blood values, readily available to
everyone, could enable massive population screening and be clinically
beneficial. Such a tool would not depend on prior suspicion of liver
disease or other conditions like diabetes, dyslipidemia, or hypertension.

Our research aimed to develop a tool that detects advanced fibrosis
in the general population using blood biomarkers. This allows early
treatment before complications arise.

Previously, we developed an ML model incorporating medical re-
cords as a clinical variable to classify LF and we tested it on a group of
5962 individuals, finding that the SMOTE-NC oversampling SVM model
had the highest predictive power [22]. In the present study, we main-
tained the same pipeline as reported previously but removed biometric
parameters and physical exams from our features, evaluating the per-
formance of our simplified Al-based tool, NAIF (NAFLD-AI-Fibrosis)
exclusively based on 19 laboratory blood parameters (alaninamino-
transpherase (ALT), blood albumin, alkaline phosphatase (ALP), aspar-
tataminotranspherase (AST), glucose, gammagliutamyltranspherase
(GGT), total bilirubin, triglycerides, uric acid, percentage of lympho-
cytes, percentage of neutrophils, total count of red blood cells, hemo-
globin, hematocrit, platelet count, glycated hemoglobin, C-reactive
protein, ferritin, HDL cholesterol), plus the age and sex of the subjects.
Then, we compared the results of NAIF, APRI and Fib4 to identify pa-
tients with severe LF. Finally, we performed external validation with
three different datasets to ensure proper evaluation of our model [23].

2. Methods

The study population of the NHANES dataset is described in Sup-
plementary information. Supplementary Table S1 summarizes the
demographic and laboratory characteristics of all subjects included in
the study (5962 individuals), and the statistical difference between pa-
tients with non-fibrosis and patients with LF for all parameters,
compared with a paired t-test (Excel Microsoft), while statistical details
of the two subgroups (patients with non-fibrosis and patients with LF)
were previously reported in [22].

2.1. Construction of predictive model

2.1.1. Model architecture

For the construction and validation of the learning algorithm, the
software Orange v3.34.0 [24], developed by Bioinformatics Lab at the
University of Ljubljana, Slovenia, in open source, was used. Details of
the data preparation and model calibration are reported in Supple-
mentary Information, Paragraphs §3-S4. Performance statistics
(average, standard deviation, and confidence interval) were calculated
with Excel Microsoft. The selected features are reported in Supplemen-
tary information, Paragraph S2.
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2.1.2. Features chi-squared ranking

The attributes were ranked using Orange’s “Rank” widget [22,24].
Based on the chi-square internal scorer, the “Rank” widget scores vari-
ables according to their correlation with the numeric target variable.

2.2. External validation datasets

In accordance with the guidelines of the 6th revision of the 1975
Declaration of Helsinki, three external validation datasets were gath-
ered. The data was provided did not require patient consent as deter-
mined through the Research Ethics Boards review process. All the
subsets of subjects of the external validation datasets were always run in
parallel for the NAIF, FIB4, and APRI scores. In this evaluation we
mapped liver stiffness <9.7 kPa (first and second datasets), and liver
biopsy stage F3-F4 (together with liver stiffness measured by elastog-
raphy, third dataset). The patients enrolled for the external validations
did not have their race/ethnicity data recorded.

To ensure reliable meta-validation, we utilized the Degree of Corre-
spondence ¥ (psi), as suggested in [23]. This non-parametric and
distribution-free technique is a metric for quantifying the degree of
similarity between two datasets. We tested against the NHANES dataset
represented by 5962 individuals, three validation datasets to see how
similar were to the training dataset: i) the internal kept-out dataset
(corresponding to the 5 % kept-out dataset randomly extracted from the
total study population); ii) the first external dataset (n = 52 patients, see
below), which was the only one without any missing values, and iii) the
second external dataset (n = 55 subjects, see below), after populating
the missing values (16,6% with the average values. To do this, we used
an online tool to calculate the value of ¥ [25,26].

2.2.1. First external validation dataset (Fibroscan® evaluation of liver
fibrosis)

n = 52 patients of the Endocrinology Department of the Policlinico
Hospital of Palermo, Italy, with LF’s medical records, were considered
the first external validation dataset. The subjects included in the second
dataset were 26 males and 25 females between the ages of 28 and 81.
The results of transient elastography were used to identify LF. The
average stiffness value in the population was 14,6 KPa, with a minimum
value of 9,7 KPa and a maximum value of 37,5 KPa. Non-HCV-related
liver disease, co-infection with hepatitis B (HBV), HIV, HCC, and
decompensated liver cirrhosis were the exclusion criteria. Supplemen-
tary Table S2 summarizes the statistics of the first external validation
dataset.

2.2.2. Second external validation dataset (Fibroscan®evaluation of liver
fibrosis)

n = 55 subjects followed at the Liver Unit of Azienda Ospedaliero-
Universitaria Careggi (Florence, Italy) (26 controls and 29 with LF),
27 males and 28 females aged between 19 and 83 years were considered
as the second external validation dataset. As for the first dataset, the
results of transient elastography were used to identify LF. The average
Fibroscan® value of the control population was 5 KPa, with a minimum
value of 2,5 KPa and a maximum value of 8,1 KPa. The average value of
the target population (with LF) was 18 KPa, with a minimum value of
10, 2 KPa and a maximum value of 49,7 KPa. Non-HCV-related liver
disease, co-infection with hepatitis B (HBV), HIV, HCC, and decom-
pensated liver cirrhosis were the exclusion criteria. Supplementary
Table S3 and Supplementary Tables S4 and S5 summarize the sta-
tistics of the second external validation dataset.

2.2.3. Third external validation dataset (evaluation of liver fibrosis through
liver biopsy)

n = 13 patients (5 males, 8 females), aged between 38 and 73 years
(Supplementary Table S6), with a biopsy sample taken between
January 2016 and December 2022). These patients underwent percu-
taneous liver biopsy, which revealed the LF Kleiner stage (F3 or F4).



S. Hassoun et al.

Patients with decompensated cirrhosis were excluded. The fibrosis stage
F4 biopsies were collected from patients who had undergone a biopsy
procedure for diagnostic purposes and had no clinical signs of decom-
pensation, such as ascites, hepatic encephalopathy, jaundice, or varices.
Each liver biopsy that was included had a length of more than 1.0 cm
and six or more complete portal tracts, indicating that it was of
acceptable quality. We further evaluated the ability of APRI, FIB4 and
NIAF models to assess significant LF (defined as F3-F4 Kleiner stages)
using the biopsy-assessed fibrosis stage as the reference standard.

3. Results
3.1. Performance evaluation of NAIF

In the pipeline described in this study, the NHANES (2017-2020 pre
pandemic public database) cohort was divided into a training&testing
set and two validation sets. The first kept-out validation dataset is
composed of randomly selected 150 individuals with Fibroscan® values
E > 9.7 KPa and 150 individuals with Fibroscan® values < 9.7 KPa. The
second kept-out dataset consists of a randomly extracted 5 % sample of
the whole population (i.e. 298 individuals), where the prevalence of the
target condition reflects the general population percentages. The study
flow is illustrated in Fig. 1. Compared to a recently described study [20],
separating the validation sets before any data processing or manipula-
tion, allows an unbiased evaluation of algorithm‘s performance,
excluding any overfitting issue. Briefly, our previous model [22] was
simplified using 21 features and learned through stratified sampling to
distinguish individuals assigned with label 0 (without LF) from patients
assigned with label 1 (with LF). The most predictive feature was GGT,
followed by glycohemoglobin, according to the chi-square ranking

STEP1 STEP2

Remove subjects Random data
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Table 1

Chi-square scoring to identify target parameters for the algorithm, using 21
variables. We calculated the Chi-square between each feature and the target and
selected rank features with top Chi-square scores. According to the Chi-square
ranking, the most predictive feature is GGT, followed by glycohemoglobin and
C-reactive protein.

Ranks  Parameter Abbreviation  Chi-square
x?
1 Gammagliutamyltranspherase (GGT)  Ibxsgtsi 109.101
2 glycohemoglobin Ibxgh 108.539
3 C-reactive protein Ibxhscrp 100.122
4 glucose Ibxsgl 85.518
5 uric acid Ibxsua 71.986
6 HDL cholesterol Ibdhdd 66.344
7 alaninaminotranspherase (ALT) Ibxsatsi 62.735
8 triglycerides Ibxstr 43.208
9 age ridageyr 42.546
10 aspartataminotranspherase (AST) Ibxsassi 26.953
11 ferritin Ibxfer 23.776
12 blood albumin Ibxsal 23.634
13 alkaline phosphatase (ALP) Ibxsapsi 18.940
14 percentage of lymphocytes Ibxlypct 13.191
15 total count of white cells Ibxrbesi 7.933
16 percentage of segmented neutrophils  lbxnepct 7.151
17 platelet count Ibxpltsi 4.997
18 total bilirubin Ibxstb 4.245
19 sex riagendr 3.516
20 hematocrit Ibxhct 2.571
21 hemoglobin Ibxhgb 1.383

(Table 1). The training&testing average values obtained for five runs
are: AUC of 87 + 0,2% accuracy of 78 + 0,7% F1 of 78 + 1 %, precision
of 77 + 0,9% and sensitivity of 80 + 2 %.

NAIF model training
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Fig. 1. Architecture of the pipeline. Firstly, subjects with missing data are removed from the NHANES Dataset in step 1. Then, the data is split into training and
testing data (95 %) for NAIF algorithm learning, which undergoes oversampling and training cycles. The hold-out dataset (5 %) is used to validate NAIF with data
that was not seen during the training and testing. Additionally, the validation dataset is used to test the Fib4 and APRI scores against NAIF and compare their

performances.
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Then, we determined the performances of NAIF in correctly classi-
fying individuals with or without LF. Therefore, we challenged the al-
gorithm with the two kept-out validation subsets and measured its
performance. We performed five independent runs, each one with
differently randomized evaluation subsets. With the first validation
subset, NAIF had an accuracy of 69 + 1,8%, a sensitivity of 61 + 4 %, an
AUC of 77 + 1 %, a precision of 72 + 1,8%, a specificity of 77 + 2 %,
and an F1 score of 66 + 2 % (Table 2). With the second kept-out dataset
NALIF resulted to have an accuracy of 74 + 3 %, a sensitivity of 80 + 8 %,
an AUC of 83 &+ 5 %, a precision of 20 + 2 %, a specificity of 74 + 3 %
and an F1 score of 32 4+ 3 % (Table 3). Notably, the similarity between
the training dataset and second kept-out validation dataset was ¥ =
0.77, indicating, as expected, a significant similarity in their sources. As
part of our experimental design, in a separate branch of the pipeline, the
same validation kept-out subsets were evaluated in parallel with Fib4
and APRI (Tables 2 and 3). Of note, individuals < 35 years were
excluded from validation subsets for Fib4 and APRI evaluation. The
confusion matrix was used to relate the actual target values with those
predicted by models (Fig. 2). All correct predictions are in the purple
diagonal of the confusion matrix, all the wrong prediction are in the pink
diagonal. By summing up the two rows of the confusion matrix, it is
possible to deduce the total number of positive (labelled = 1) and
negative (labelled = 0) samples in the kept-out subsets, reported in bold
in Fig. 2. In Supplementary Figs. S1 and S2 more examples of confu-
sion matrices are reported while in Table 4 are summarized the averages
and standard deviations of negative and positive predicted values, over
five independent runs. Notably, the Fib4 score works by classifying the
subjects into three categories: i) healthy, where advanced fibrosis is
excluded; ii) patients likely to have an advanced state of fibrosis; and iii)
patients not classified, where further investigation is advised; of note, in
the statistics of the Fib4 performance, in this study, we considered
people with indetermined classification of Fib4 as with fibrotic liver, as
for them further investigations are recommended.

A good diagnostic model should have high true positive and true
negative rates, which means correct classifications and accuracy, while
keeping low false positive and false negative rates, which refers to wrong
classifications. However, an initial test applied to the general population
for screening purposes should prioritize maximizing sensitivity to
identify individuals affected by the target disease. The NAIF tool has
been found to be more effective than Fib4 and APRI in identifying

Table 2

Prediction of significant liver stiffness defined as measured liver stiffness > 9.7
kPa. The table shows the evaluation using the kept-out (completely unseen)
dataset, for 150 individuals with liver fibrosis and 150 controls randomly
selected from the study population. Parallel comparison on the same validation
subsets of the three scores, applied to an adult population >18 <79 years. For
Fib4 and ARI the population <35 years was excluded. Sensitivity (true positive
rate) refers to the probability of a positive test, conditioned on truly being
positive. Specificity (true negative rate) refers to the probability of a negative
test, conditioned on truly being negative. Precision is the ratio of system
generated results that correctly predicted positive observations (True Positives)
to the system’s total predicted positive observations, both correct (True Posi-
tives) and incorrect (False Positives). The F1 Score is the weighted average (or
harmonic mean) of Precision and sensitivity. Mean and standard deviations are
reported for each value, referred to five different validation runs, along with the
95 % confidence interval (CI).

Accuracy Precision Sensitivity Specificity F1 score
NAIF 69+18% 72+18% 61+40% 77+20% 66+27%
CI (95 67.4-70.5 70.9-74 % 57.7-64.7 75-78.5 % 63.9-68.6
%) % % %
Fib4 53+3,0% 67 +4,9% 31 +3,0 81 + 3,9% 42+ 35%
CI (95 50.4-55.6 62.7-71.3 28.1-33.3 77.5-84.3 39-45.1 %
%) % % % %
APRI 49 + 2,0% 100 £ 0 % 9+23 100 + 0 % 16 +3,9 %
CI (95 47.5-51 % 100 % 6.8-10.9 % 100 % 12.8-19.6
%) %
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Table 3

The table shows the evaluation using the kept-out (completely unseen) dataset,
for the 5 % of the subjects randomly selected from the general population.
Parallel comparison on the same validation subsets of the three scores, applied to
an adult population >18 <79 years. For Fib4 and ARI the population <35 years
was excluded. Mean and standard deviations are reported for each value,
referred to five different validation runs, along with the 95 % confidence interval
(CD.

Accuracy Precision Sensitivity Specificity F1 score
NAIF 74 £3% 20+2% 80+ 8% 74+3% 32+3%
CI (95 %) 72-77 % 18-22 % 73-87 % 71-76 % 29-34 %
Fib4 76 2% 14+1% 32+4% 80 +2% 20+2%
CI (95 %) 74-77 % 14-15% 28-35 % 78-82 % 18-21 %
APRI 91+1% 65+ 10 % 14+ 3% 99+ 0% 24+ 4%
CI (95 %) 90-92 % 56-73 % 12-17 % 99-99 % 20-27 %

individuals with severe fibrosis. This is because it drastically reduces the
false negative discovery rate, meaning it has a higher sensitivity in
detecting individuals with liver fibrosis (sensitivity is defined as TP/(TP
+ FN)). We aimed to develop a tool that could screen the general pop-
ulation for liver fibrosis without any prior suspicion or clinical signs. Our
primary focus was to minimize the false discovery rate and maintain
high sensitivity. The first kept-out validation dataset showed that NAIF
could effectively differentiate healthy individuals from those with
fibrosis, identifying 65 % of liver fibrosis patients with a 35 % false
negative rate (Fig. 2A). On the other hand, Fib4 identified only 30 % of
liver fibrosis patients with a higher false negative rate of 70 % (Fig. 2B).
APRI, however, was only able to identify 5 % of liver fibrotic subjects but
with a very high false negative rate of 95 % (Fig. 2C).

With the second kept-out validation dataset, NAIF correctly classi-
fied 74 % of individuals with liver fibrosis with a lower false negative
rate of 26 % (Fig. 2D). Fib4 identified only 33 % of subjects with liver
fibrosis with a higher false negative rate of 67 % (Fig. 2E). Similarly,
APRI identified only 19 % of the target disease classification, with an 81
% false negative rate (Fig. 2F).

It is interesting to note that Fib4 could only confidently assign 10 %
of subjects with liver fibrosis to their correct classification, while 20 %
were placed in the indeterminate classification in the first validation
dataset. In comparison, in the second validation dataset, Fib4 could
confidently recognize only 14 % of the subjects with liver fibrosis.

Extracting 5 % of the entire dataset for validation reflects a more
realistic situation, but it reduces the number of true positives, thereby
decreasing the precision of NAIF and Fib4 (precision is defined as TP/
(TP + FP)). APRI, with an FP rate of 0, consistently outperforms, and its
precision remains unaffected. Finally, the high F1 scores of NAIF with
both the kept-out validation datasets indicate the solid overall perfor-
mance of NAIF binary classification model. It signifies that NAIF can
effectively identify positive cases while minimizing false positives and
negatives.

Average values and standard deviation of accuracy, precision,
sensitivity, specificity, and F1 score values for NAIF, Fib4 and APRI
scores are reported in Tables 2 and 3, along with the 95 % Confidence
interval (CI) for five independent runs.

To further validate these findings, we compared NAIF, Fib4, and
APRI on three independent datasets.

3.2. Validation of NAIF with three external datasets

The external validation of NAIF was performed based on three
datasets collected at two different hospitals in Italy, encompassing in a
total of 94 LF-positive cases (including 13 diagnoses through liver bi-
opsy) and 26 controls (without LF). External validation uses new
participant-level data, independent from those used for model devel-
opment, to examine whether the model’s predictions are reliable (ac-
curate enough) in individuals from the potential population(s) for
clinical use.
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Fig. 2. Confusion matrices of NAIF, Fib4 and APRI. All correct predictions are in the purple diagonal of the confusion matrices, all the wrong prediction are in the
pink diagonal. In A, B and C are shown the results of the first kept-out dataset of the NHANES database; the pipeline automatically selects 150 individuals without
severe liver fibrosis and 150 individuals with severe liver fibrosis. In D, E and F are shown the results of the second kept-out NHANES dataset, where the pipeline
randomly selects 5 % of the total study population (i.e. 298 individuals). In G, H and I are shown the confusion matrices of the second external dataset, that comprises
29 individuals with severe liver fibrosis, defined as Fibroscan®values > 10,2 KPa and 26 individuals without severe liver fibrosis, defined as Fibroscan®values < 8,1
KPa. For Fib4 and APRI, individuals > 35 years are not included in the analysis. In purple the correct classifications, in pink the wrong classifications. (For inter-
pretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 4

Negative and positive predictive values based on the confusion matrices of five
independent runs. Average and standard deviation are reported. Color code of
the rows is matching the color code of the confusion matrices: all correct pre-
dictions are in purple; all the wrong prediction are in pink. True positives (TP):
patients with liver fibrosis correctly classified (labelled as 1 and classified as 1);
True negatives (TN): individuals without liver fibrosis correctly classified
(labelled as 0 and classified as 0); False positives (FP): individuals without liver
fibrosis not correctly classified (Iabelled as 0 and classified as 1); False negatives
(FN): individuals with liver fibrosis not correctly classified (labelled as 1 and
classified as 0).

1st kept-out dataset of the NHANES database
(150 individuals with severe liver fibrosis and 150 controls)

NAIF Fib4 APRI
True positives (TP) 30,5 + 2,0% 17,0 +1,6% 48 +1,2%
True negatives (TN) 38,3 + 1,0% 35,8 +£2,5% 443+ 1,1 %
False positives (FP) 11,5 + 1,0% 83+15% 0
False negatives (FN) 18,9 + 2,1% 38,4 +1,7% 50,6 + 2,0%
2nd kept-out dataset of the NHANES database

(randomly selected 5 % of the total study population)

NAIF Fib4 APRI
True positives (TP) 59+ 09% 29+0,3% 1,3+ 0,3%
True negatives (TN) 68,2 + 3,7% 70,9 + 5,2 % 89,6 £+ 1,3%
False positives (FP) 24,1 £29% 17,2+ 1,0 % 0,6 + 0,2%
False negatives (FN) 1,4 £ 0,5% 6,4+1,1% 8,0 + 0,9%

The first external dataset was derived from a hospital in Palermo,
Italy, and comprised a population of 52 individuals with Fibroscan®
values > 9.7 KPa (Supplementary Table S2). NAIF correctly classified
32/52 patients with severe LF (61.5 %), Fib4 2/51 (3.9 % of correct
classification), but assigning 6 of them to indeterminate classification,
which if considered as true positives leads to 8/51 correct classification
(16 %); APRI correctly identified 2/51 individuals with LF (3.9 %),
missing 49/51 diagnosis (96,1%).

Notably, the similarity between the training dataset and first external
dataset was ¥ = 0.04, indicating significant differences in their sources.
Fig. 3A shows a scatter plot of the two most relevant features identified
by the tool (GTT and C-reactive protein) for the NHANES dataset (in
blue) and the external dataset (in orange), obtained through the
SelectKBest method, and the Mutual_Info_Classif method. Each data-
point is a case/instance in each dataset. For more details on this score
refer to [25]. Fig. 3B displays the density and cumulative distribution
function diagrams of the first principal components of the combined
datasets. Despite the differences, NAIF can accurately classify most pa-
tients, demonstrating the algorithm’s reliability. Indeed, when a vali-
dation set has limited resemblance to the training&testing set but the
predictive model performs well, it can be considered dependable and
robust.

The second external dataset was derived from a hospital in Firenze,
Italy, and included 29 individuals with Fibroscan® values > 10,2 KPa
and 26 individuals with Fibroscan® values < 8.1 KPa (Supplementary
Table S3 and Supplementary Tables S4 and S5). The similarity be-
tween the training dataset and second external dataset was ¥ = 0,
indicating a striking difference in their sources. Fig. 2G-I reports the
confusion matrix of the classifications, and Table 5 shows the perfor-
mances of NAIF, Fib4 and APRI. NAIF correctly identified 20/29
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Table 5

Results of the second validation dataset. The second external validation dataset
comprises 29 individuals with severe liver fibrosis assessed by Fibro-
scan®values > 10,2 KPa and 26 controls, with Fibroscan®values < 8,2 KPa.

Accuracy Precision Sensitivity Specificity F1 score
NAIF 69 % 72 % 68 % 71 % 70 %
Fib4 60 % 65 % 50 % 71 % 56 %
APRI 56 % 100 % 15 % 100 % 26 %

individuals with severe LF (69 %) and 19/26 individuals without LF (74
%). Fib4 could correctly classify 8/26 individuals with severe LF (30 %),
assigning 5 individuals to indeterminate classification (which could be
considered true positive, leading overall to 13/26 (50 %) of correct
identification of LF condition; in addition, Fib4 correctly identified 17/
24 individuals without LF (71 %), but indicated 13/26 (50 %) false
positives. Finally, APRI correctly ranked 4/26 (15 %) of individuals with
LF and 24/24 (100 %) without LF. Also in this case, NAIF outperformed
in sensitivity (68 %), as compared to Fib4 (50 %) and APRI (15 %)
(Table 5).

The diagram in Fig. 4 shows the results of a meta-validation pro-
cedure that was performed on the internal kept-out validation dataset,
as well as the first and second external datasets [23]. As expected, the
internal validation dataset (which corresponds to the 5 % kept-out
dataset from the training population, and which is labeled in Fig. 4 as
InternaValidation-EPD, In) had a high level of similarity with the
training set, and is located in the upper part of the diagram. On the other
hand, both the first and second external datasets (which are indicated in
Fig. 4 as Pa_external-EPD (Pa) and Fl_external-EPD (Fl)) are located in
the very bottom portion of the diagram, which represents the area of low
similarity. When the performance of a validation dataset falls into this
region, the validation process can be considered conservative [23].

The third external validation dataset included a population of n = 13
biopsy-assessed fibrosis-stage patients (F3/F4 fibrosis stages). The

serum markers presented in Supplementary Table S6 were correlated
with biopsies using the closest available measurement in a + 180-day
interval. NAIF was challenged with biopsy-assessed fibrosis patients
aimed to validate the algorithm with the gold-standard diagnostic of LF.
NALIF confidently classified 12/13 patients correctly (92 %), Fib4 only 2/
13 (15 %), even if assigned 10 individuals to the indetermined classifi-
cation (overall 10 + 2/13, therefore 92 %), while APRI classified 6/13
patients correctly (46 %). Our newly developed NAIF algorithm has
been confirmed to have an excellent diagnostic performance for iden-
tifying fibrosis in patients with F3/F4 biopsy-confirmed LF.

4. Discussion

This study aimed to identify severe liver fibrosis in adults using
common laboratory parameters. We evaluated the accuracy of an Al
model called NAIF, which was trained on the NHANES 2017-2020 pre-
pandemic public database. NAIF uses 19 biochemical blood parameters,
age, and sex and was compared against conventional scoring systems
(Fib4 and APRI) on the same subsets. Our study intentionally excluded
biometric and clinical parameters (such as body mass index, abdominal
circumference, or blood pressure values) to create an easy-to-use tool for
screening the general population.

Although the NHANES and the two external datasets showed sig-
nificant differences as determined by the calculated degree of corre-
spondence (¥ = 0.04 and ¥ = 0, respectively) the NAIF algorithm could
accurately classify most patients, proving its reliability. Indeed, when a
validation set is different from the training&testing set, a predictive
model with good results can still be considered dependable and robust.

In conclusion, compared with Fib4 and APRI scores, we demon-
strated the higher sensitivity of NAIF in diagnosing severe fibrosis over
Fib4 and APRI scores with using two internal validation subsets and
confirmed the results with three external validation datasets.
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