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ABSTRACT

Objective This study aims to develop an algorithm to
detect steatotic liver disease (SLD) risk in low-resource
settings without requiring imaging.

Methods This retrospective cohort study included

826 measurements from 444 participants aged 45-60
years who participated in the MAUCO+ study. Data
included ultrasound, vibration-controlled transient
elastography (VCTE), anthropometrics and biomarkers.
Logistic multivariable regression was used to develop

two predictive models for SLD risk, with and without
ultrasound, using VCTE as gold standard. Missing data
were minimal and retained in the analysis, as their
proportion was not statistically relevant. Predictive
performance (sensitivity, specificity, positive predictive
value and negative predictive value) was compared with
the clinically used Fatty Liver Index (FLI).

Results The algorithm without ultrasound achieved

a sensitivity of 81.1% (95% Cl 71.7% to 88.4%) and
specificity of 71.4% (95% Cl 57.9% to 80.4%). The model
with ultrasound demonstrated a sensitivity of 91.5% (95%
Cl 84.1% to 95.6%) and specificity of 70% (95% CI 59.9%
t0 80.7%). FLI showed an area under the curve (AUC) of
0.762, while our models achieved higher AUCs: 0.878 (with
ultrasound) and 0.794 (without ultrasound).

Discussion Our models offer screening tools for SLD in
low-resource primary care. The model without ultrasound
outperformed FLI, making it a feasible alternative where
imaging is unavailable. The ultrasound-based model
demonstrated higher performance, underscoring the value
of ultrasound when it is accessible. Integrating these
algorithms into preventive programmes could improve
early diagnosis, especially in populations with a high
burden of obesity and diabetes.

Conclusions We developed two predictive models for
SLD screening in a Chilean cohort. Both showed strong
performance and potential for implementation in primary
care to support early detection and better disease
management.

INTRODUCTION
Steatotic liver disease (SLD) has emerged
as a global health priority due to its rising

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Steatotic liver disease (SLD) is highly prevalent in
regions like Latin America and is often underdiag-
nosed in early stages.

= There is a lack of scalable tools for early detection of
SLD in low-resource settings, particularly those that
can be integrated into primary care infrastructure
without requiring advanced imaging.

= Most predictive algorithms for SLD, including the
widely used Fatty Liver Index (FLI), were developed
in non-Latin American populations and focus on
preventing fibrosis rather than early detection.

WHAT THIS STUDY ADDS

= This study developed two predictive models for SLD
using data from a Chilean population: one based on
clinical and laboratory parameters and the other in-
corporating ultrasound.

= Both models outperformed the FLI, commonly used
in clinical settings, in terms of sensitivity and speci-
ficity, with the ultrasound model achieving excellent
performance and the non-ultrasound model provid-
ing a viable alternative in settings where imaging is
not available.

= The models rely on routinely available data in pri-
mary healthcare, making them feasible for imple-
mentation in public health programmes in Chile and
similar contexts.

prevalence and association with metabolic
risk factors.'* The term SLD adopted in 2023
encompasses a spectrum of subcategories,
including metabolic-associated steatotic liver
disease (MASLD), metabolic and alcohol-
associated liver disease (MetALD), alcohol-
associated liver disease (ALD), Specific
aetiologies and Cryptogenesis.” The distinc-
tion between these entities lies primarily in
their cause: MASLD occurs in individuals
with cardiometabolic dysfunction; MetALD
combines  cardiometabolic  dysfunction
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HOW THIS STUDY MIGHT AFFECT RESEARCH, PRACTICE OR
POLICY

= These findings support the adoption of SLD screening strategies tai-
lored to local resource availability, thereby addressing a significant
gap in liver disease detection in Chile.

= The algorithms could be integrated into Chile’s existing adult pre-
ventive health primary care programmes, enabling the early iden-
tification and management of individuals at risk of SLD, without
incurring significant additional costs to the public health system.

= This approach may guide future public health policy and inform scal-
able screening programmes for SLD in Latin American countries.

with moderate alcohol consumption; ALD results from
chronic high alcohol intake; while the remaining catego-
ries are linked to specific diseases or remain of unknown
origin.> MASLD, formerly known as non-alcoholic fatty
liver disease (NAFLD),! represents the most common
form of SDL, affecting approximately 25-30% of the
global population.' ® Rates of MASLD are particularly
high in regions experiencing rapid increases in obesity
and type 2 diabetes, such as Latin America.’ ” Within this
region, Chile stands out, with MASLD prevalence rising
from 28% among adults aged over 18 years in 2000° to
47.5% in adults aged 40-74 years by 2019.° These trends
underscore a pressing need for public health strategies
and diagnostic screening tools to address the growing
burden of SLD.

Despite the high burden of disease,"” early diagnosis of
SLD remains challenging. The diagnosis of SLD relies on
the presence of hepatic steatosis, defined as fat in more
than 5% of hepatocytes.® ' Hepatic steatosis is often clin-
ically silent and is frequently identified incidentally or
during investigation of abnormal liver tests. Although
simple steatosis can be relatively benign, approximately
10-30% of patients progress to stages characterised by
inflammation and hepatocellular damage, of whom
25-40% develop some degree of fibrosis and up to 30%
progress to cirrhosis.'” The Latin American Association
for the Study of the Liver guidelines highlight that it is
typically triggered by three clinical scenarios: altered liver
function tests, incidental imaging findings or targeted
screening of high-risk populations.'”

Liver biopsy remains the gold standard for assessing
hepatic steatosis and fibrosis.'" However, its invasive
nature, risk of complications and high costs make it
unsuitable for large-scale or routine use, particularly
in primary healthcare settings."' '* Consequently, non-
invasive imaging techniques have been developed as
alternatives. Ultrasonography is the most widely used due
to its non-invasiveness and lower cost; it has limitations in
sensitivity and specificity, particularly in the early stages of
the disease.'* Computed tomography (CT) and Magnetic
Resonance Imaging (MRI) provide greater sensitivity for
detecting minimal fat deposits butare cost-prohibitive and
often inaccessible in public health systems."” Techniques
like vibration-controlled transient elastography (VCTE)
combine controlled attenuation parameters (CAP) and

elastography to measure steatosis and fibrosis, respec-
tively, showing moderate to high sensitivity and specificity.
Current guidelines in the USA and Europe recommend
using elastography to diagnose liver steatosis; however,
this technology is not routinely available worldwide.” '®

Diagnostic algorithms are commonly used in clinical
practice as a screening tool, supporting diagnosis and
treatment decisions while reducing clinical uncertainty.
Model-based algorithms, scores and decision trees are
most frequently employed.'” Given the need to identify
atrisk individuals, algorithms are typically designed to
prioritise high sensitivity at the expense of specificity,
resulting in more false positives but minimising the risk
of missed cases.'® Despite the abundance of algorithm
models for SLD, their complexity often limits clinical
implementation, favouring simpler scores that rely on
easily measured laboratory or anthropometric parame-
ters. Various scores have been proposed for diagnosing
fibrosis, including Fibrosis 4,19 BARD? and the NAFLD
scale for fibrosis”!. However, very few scores exist for
steatosis, aside from the Fatty Liver Index (FLI).? More-
over, these scores were predominantly developed and
validated in North American, European or Asian popu-
lations, raising concerns about their applicability to Latin
American settings.

This study aims to develop a predictive algorithm for
screening SLD in Chile, focusing on low-resource settings
where advanced imaging technologies are not available.
Using a retrospective cohort, we analysed clinical, anthro-
pometric and biochemical data from adults participating
in the Maule cohort (MAUCO)+ study, using VCTE as
the reference for SLD diagnosis. By integrating accessible
diagnostic tools and clinical parameters from Chilean
primary healthcare, we aim to enhance early detection
in high-risk populations. This approach will help classify
patients, guiding clinical decision-making and optimising
resource allocation. The findings will contribute to better
management of SLD, potentially reducing its progression
to more severe stages and associated complications.

METHODS

Study population and design

This study is based on data from the MAUCO+ study,
a clinical trial nested within the MAUCO cohort, a
prospective population-based cohort initiated in 2014
that follows adults aged 38-74 years located in the Maule
Region, Chile.”” In 2021, MAUCO+ study launcheda
clinical trial aimed at preventing SLD and cardiovascular
disease through lifestyle interventions. The trial seeks
to improve sarcopenia, aerobic capacity, body compo-
sition, lipid profile, insulin resistance, cardiovascular
risk and SLD, while promoting a long-term adoption of
healthier lifestyle behaviours through physical activity
and nutritional programmes (ClinicalTrials.gov Identi-
fier: NCT05618626). For this analysis, we conducted a
retrospective cohort study using baseline and follow-up
data collected within the MAUCO+ study.
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MAUCO+ study enrolled 444 participants aged 45-60
years with varying degrees of SLD who were not taking
medications that affected muscle mass or liver function,
and who did not have severe disease or physical condi-
tions that could interfere with the intervention. Partici-
pants were invited to join the study and provided written
informed consent before enrolment. Trained health tech-
nicians administered a health survey, including history
of diabetes, hypertension, hepatitis, cancer, medication,
alcohol consumption and smoking history, along with

sociodemographic information (sex, age, education level
and income) and lifestyle data. Anthropometric measure-
ments were collected (height, weight, waist, hip and neck
circumference), along with bioelectrical impedance anal-
ysis, grip strength testing, step speed and blood pressure
measurements. Blood samples were obtained for clinical
testing, including fasting glucose, insulin, haemoglobin
Alc (HbAlc), homeostatic model assessment for insulin
resistance (HOMA-IR), platelet count, high-sensitivity
C-reactive protein (CRP), lipid profile (high-density

Table 1 Clinical parameters of the 826 measurements from MAUCO+ study
e e None Mild Moderate Severe o
(n=418) (n=190) (n=111) (n=107) Missing*

Age, mean (SD) 54.1 (4.3) 54.3 (4.2) 54.1 (4.1) 53.7 (4.5) 0.1
Sex Men 102 (24.4) 69 (36.3) 49 (44.1) 52 (48.6) 0.0

Women 316 (75.6) 121 (63.7) 62 (55.9) 55 (51.4)
BMI <25kg/m? 66 (15.8) 4(2.1) 3(2.7) 1(0.9 0.1

>25kg/m? 351 (84.2) 186 (97.9) 108 (97.3) 106 (99.1)
Waist circumferencet 366 (88.6) 179 (94.2) 105 (96.3) 104 (100) 1.2
Diabetest 17 (4.1) 24 (12.7) 18 (16.2) 47 (43.9) 0.1
Pre-diabetes§ 79 (19.7) 55 (33.3) 42 (45.2) 31 (51.7) 13.0
Glycaemia (mean (SD) 96.2 (23.2) 106.4(31.4) 111.9(40.0) 138.7 (58.9) 0.1
Insulin (mean (SD) 10.2 (7.4) 15.7 (9.7) 18.7 (14.2) 23.5 (16.4) 0.4
ALT (mean (SD) 24.4 (12.1) 26.8 (14.1) 33.1 (25.5) 37.0 (29.6) 0.2
AST (mean (SD) 30.3 (22.2) 37.8 (28.2) 47.0 (34.9) 53.5 (45.0) 0.2
GGT (mean (SD) 34.0 (35.6) 31.7 (22.7) 43.9 (33.8) 63.7 (65.2) 0.2
Total bilirubin 0.2) 5(0.3) 6 (0.3) 5(0.2) 0.2
Total cholesterol 194.3 (38.2) 197.1 (42.1) 196.1 (38.1) 182.4 (37.4) 0.2
Low HDLY| 192 (45.9) 103 (54.8) 68 (61.3) 80 (74.8) 0.2
C-reactive protein (mean (SD)) 0.3 (0.4) 0.3 (0.4) 0.4 (0.4) 0.5 (0.4) 0.4
Ultrasonography None 301 (71.8) 40 (21.2) 1(0.9) 2(1.9 0.2

Mild 92 (22.0) 90 (47.6) 36 (32.4) 16 (15.1)

Moderate 24 (5.7) 57 (30.2) 71 (64.0) 67 (63.2)

Severe 1(0.2) 2(1.1) 3(2.7) 21 (19.8)
Controlled attenuation parameter SO 418 (100.0) 10 (5.3) 0 (0.0 6 (5.6) 0.0

S1 0 (0.0) 180 (94.7) 2(1.8) 4 (3.7)

S2 0 (0.0) 0 (0.0) 109 (98.2) 6 (5.6)

S3 0 (0.0 0 (0.0) 0 (0.0) 91 (85.0)
Elastography Fib1 418 (100.0) 172 (90.5) 94 (84.7) 62 (57.9) 0.0

Fib2 0 (0.0) 18 (9.4) 11 (9.9) 19 (17.8)

Fib3 0 (0.0) 0(0.0) 6 (5.4) 6 (5.6)

Fib4 0 (0.0) 0(0.0) 0 (0.0) 20 (18.7)

Absolute numbers are present with their percentages in parentheses unless the mean value is indicated.

*Missings are presented as percentages.

tDiabetes: fasting glucose >126 mg/dL or specific drug treatment.
FWaist circumference: >80 cm women, >94 cm men.
§Pre-diabetes: fasting glucose 100-125 mg/dL.

YHDL cholesterol <50 mg/dL women, <40 mg/dL men.

ALT, alanine aminotransferase; AST, aspartate aminotransferase; BMI, body mass index; Fib, Fibrosis; GGT, gamma-glutamyl transferase;

HDL, high-density lipoprotein; MAUCO+, MAUCO+ interventional study.
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Table 2 Parameters of the predictive model for the risk of SLD without ultrasound

Parameter OR Cl (95%) P value
Intercept 0.009 0.0006to 0.14  <0.001*
Sex (ref. female) 0.762 0.491t0 1.17 0.218
Age 1.004 0.96 to 1.05 0.851
BMI (=25 kg/m?) (ref <25 kg/m?) 3.563 1.52 to 9.59 <0.01*
Bilirubin total (mg/dL) 1.740 0.85 to 3.60 0.132
Cholesterol total/HDL (mg/dL) 1.347 1.13 to 1.60 <0.001*
Insulin (mg/dL) 1.088 1.06 to 1.12 <0.001*
CRP >0.2mg/dL (ref. <0.2mg/dL) 1.857 1.25t0 2.77 <0.01*
ALT >31U/L (ref. <31U/L) 1.870 1.28t0 2.73 <0.01*
Diabetes Glycaemia >100-<126 (mg/dL) 1.937 1.26 to 2.98 <0.001*
(ref. glycaemia<100 (mg/dL) Glycaemia >126 (mg/dL) 3.124 1.61 0 6.33 <0.001*

*Statistical significance.

ALT, alanine aminotransferase; BMI, body mass index; CRP, C-reactive protein; HDL, high-density lipoprotein; SLD, steatotic liver disease.

lipoprotein  (HDL) cholesterol, total cholesterol,
triglycerides), indirect, direct and total bilirubin, aspar-
tate aminotransferase (AST), alanine aminotransferase
(ALT) and gamma-glutamyl transferase (GGT). In addi-
tion, participants underwent abdominal ultrasound and
VCTE assessments to determine the presence and degree
of SLD.

Following the baseline evaluation, participants were
randomly assigned to either a control group or an
intervention group. The control group received stan-
dard prevention recommendations based on clinical
test results and educational materials on nutrition and
physical activity. The intervention group underwent a
6-month personalised physical activity and nutritional
plan. Follow-up visits were scheduled at 6, 12, 24 and 36
months, during which both groups repeated the exact
studies performed at baseline.

Diagnosis of liver steatosis

Liver steatosis was ascertained through VCTE. The
degree of steatosis was classified using CAP measured
in dB/m. The classification is as follows: a CAP value of
0-274dB/m indicates less than 5% steatosis, classified
as stage SO (none); a value of 275-300dB/m indicates
5-33% steatosis, classified as stage S1 (mild); a CAP value of
301-324dB/m indicates 34-65% steatosis, corresponding
to stage S2 (moderate); and a CAP value of 325dB/m or
higher indicates 66% or more steatosis, corresponding
to stage S3 (severe).'® VCTE elastography was used to
classify the presence and severity of hepatic fibrosis,
measured in kPa. Depending on abdominal adiposity,
different probes were used. For none to mild abdominal
adiposity, the M probe was used. Fibrosis classification for
the M probe is as follows: 0-7.4kPa corresponds to stage
F1 (no liver fibrosis); 7.5-9.5kPa corresponds to stage
F2 (mild fibrosis); 9.6-11.8kPa corresponds to stage F3
(moderate fibrosis); and 11.9kPa or higher corresponds
to stage F4 (severe fibrosis).'® The XL probe was used for

higher abdominal adiposity, with the following classifica-
tion: 0-6.3 kPa corresponds to stage F1 (no liver fibrosis);
6.4-8.4kPa corresponds to stage F2 (mild fibrosis);
8.5—-10.4kPa corresponds to stage F3 (moderate fibrosis);
and 10.5kPa or higher corresponds to stage F4 (severe
fibrosis).'

We also assessed liver steatosis diagnosis through ultra-
sound using Siemens ACUSON P500 and P300 portable
machines. Liver steatosis was defined by increased
liver echogenicity compared with the kidney. The
radiology technician observed the liver parenchyma,
and if it appeared more echogenic than the renal cortex
(‘brighter’), steatosis was confirmed.?* To determine the
degree of steatosis, the radiology technician assessed
whether the right hemidiaphragm could be resolved sepa-
rately from the liver dome. If the structures were resolv-
able, the condition was classified as ‘mild’; if they could
be partially distinguished, it was classified as ‘moderate’;
and if they could not be distinguished, it was classified
as ‘severe’.?! Liver steatosis was defined as normal, mild,
moderate or severe based on the Rumack criteria.”” To
ascertain the reliability of the ultrasound and VCTE
readings, both techniques were performed by the same
radiology technician and supervised by a radiologist.

Statistical analysis

Predictive models were developed using multivariable
logistic regression with VCTE as the gold standard. We
created two models to assess the risk of SLD: one that
included ultrasound results and one that did not. Both
models predicted the risk of SLD as a binary outcome
(O=norisk, l=risk). Variables initially considered for the
model included body mass index (BMI), body round-
ness index,26 waist and hip circumference, biomarkers
(liver enzymes (GGT, AST, ALT), lipid profile, glycaemia,
insulin, HbAlc, HOMA-IR, bilirubin (indirect, direct,
total), cholesterol (HDL and total), platelet count, CRP),
age and sex. Continuous and categorical variables were

4 Spencer-Sandino M, et al. BMJ Health Care Inform 2025;32:101620. doi:10.1136/bmjhci-2025-101620

'salbojouyoal Jejiwis pue ‘Buluresy |y ‘Buiuiw elep pue 1xa) 01 parejal sasn 1o} Buipnjour ‘ybLAdod Ag pajoslold
1senb Aq GZ0z J1eqwiadeq ST U0 WO fwig sonewlojul//:sdiy wouj papeojumod "GzZ0z 18quiadad ¢T Uo 0Z9TO0T-5202-19YlWa/9eTT 0T Se paysiignd 1s1y :sonewloju| ared % yyesH NG



Table 3 Diagnostic accuracy of the predictive model for SLD

Model Sample Sensitivity Specificity PPV* NPV* Youden index
Risk of SLD without ultrasound 820 81.1% 71.4% 79.4% 73.5% 0.52
(71.7% to 88.4%) (57.9% to 80.4%)
Risk of SLD with ultrasound 820 91.5% 71.4% 81.1% 86.2% 0.63
(84.1% to 95.6%) (59.9% to 80.7%)
Fatty Liver Index 814 80.3% 52.8% 62.3% 73.4% 0.36

(76.1% to 84.1%)

(47.8% to 57.7%)

NPV, negative predictive value; PPV, positive predictive value; SLD, steatotic liver disease.

standardised or dummy-coded as appropriate. These vari-
ables were entered into a stepwise regression analysis, and
then manual selection was performed based on biological
plausibility and previous literature. Potential confounding
was minimised by including biologically relevant variables
known to influence SLD risk and by ensuring measure-
ment consistency across all participants. Overfitting was
assessed through internal validation, and the models
demonstrated stable performance across training and test
sets. Missing data were minimal and retained in the anal-
ysis, as their proportion was not statistically significant.
To identify the bestfitting model, we used the area
under the curve (AUC). The AUC was interpreted as
follows: 0.5=no discrimination, 0.7-0.8=acceptable,
0.8-0.9=excellent and 0.9-1.0=outstanding discrimi-
nation.?” Discrimination was evaluated using the AUC
with 95% CIs, estimated by the DeLong method. The
same logistic regression methodology was applied to the
predictive model, including ultrasound as a predictor
variable. The dataset was randomly divided into a training
set (80%) and a test set (20%) for internal validation.
Collinearity among predictors was assessed using the
generalised variance inflation factor (GVIF), adjusted
for each variable’s degree of freedom (GVIFY 2Dy, a1l
predictors presented adjusted GVIF values <1.2, indi-
cating no multicollinearity (online supplemental table
S1). Model calibration was assessed using the calibration
intercept and slope from logistic recalibration, the Brier
Score and the Hosmer-Lemeshow goodness-of-fit test (10
risk deciles)**™ (online supplemental figure S1). Sensi-
tivity, specificity, 95% CI, positive predictive value (PPV)

Table 4 Parameters of predictive models for risk of SLD
with ultrasound

Parameter OR ClI (95%) P value
Intercept 0.13 0.009t01.74 0.124
Sex (ref. female) 0.63 0.411t00.97 <0.05*
Age 0.99 0.95t01.04 0.816
Ultrasound Steatosis 13.85 8.951t021.92 <0.001*
(ref. normal)

Insulin (mg/dL) 1.07 1.04to1.11 <0.001*

*Statistical significance.
SLD, steatotic liver disease.

and negative predictive value (NPV) were calculated for
each model. The optimal risk threshold for SLD classifi-
cation was determined using the Youden Index (sensitiv-
ity+specificity — 1), identifying the cut-off point that best
balances sensitivity and specificity for each model.”

We then compared the performance of our models to
the FLI, a commonly used clinical algorithm that classifies
patients into three groups: low (<30), indicating no risk
of liver steatosis; indeterminate (30 to <60), where the
risk of steatosis cannot be ruled in or out; and high (=60),
indicating a high risk of liver steatosis.””> We applied the
algorithm to our sample and obtained sensitivity, speci-
ficity, 95% CI, PPV and NPV. Receiver operating charac-
teristic (ROC) curves were generated for each model to
assess discriminative performance, and the AUC was used
as a summary measure of diagnostic accuracy. All statis-
tical analyses were performed using R software V.1.4.1106
(RStudio, PBC), employing the packages ‘“idyverse’,
‘PROC, ‘car’, ResourceSelection’ and ‘glmnet’.32

RESULTS

The study included 826 measurements from 444 partici-
pants in the MAUCO+ study (online supplemental figure
S2). All measurements were considered independent.
The distribution was as follows: 418 (50.6%) had no SLD,
190 (23.0%) had mild SLD, 111 (13.4%) had moderate
SLD and 107 (13.0%) had severe SLD. Across all groups,
a higher percentage of participants were women, with
a mean age of approximately 54 years. Health profiles
showed that participants without steatosis had slightly
better profiles than those with mild disease. In contrast,
those with moderate and severe disease had higher rates
of diabetes, pre-diabetes, obesity, dyslipidaemia, elevated
hepatic enzymes and elevated CRP (table 1).

Model without ultrasound

The model without ultrasound included sex (0=women,
I=men), age, BMI (0=<25kg/m?, 1=>25kg/m?), total bili-
rubin (mg/dL), total cholesterol divided by HDL (mg/
dL), insulin (mg/dL), CRP (0=<0.2mg/dL, 1=>0.2mg/
dL), GPT (0=<31U/L, 1=>31U/L) and diabetes status
(O=glycaemia <100 mg/dL, 1=glycaemia 100-125mg/dL,
2=glycaemia 2126 mg/dL) (table 2). This model, incorpo-
rated 820 measurements, achieved a sensitivity of 81.1%
(95% CI 71.7% to 88.4%) and a specificity of 71.4% (95%
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Predictive model AUC
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Figure 1 Comparison of ROC curves of the predictive
models without and with US and FLI. AUC, area under the
curve; ROC, receiver operating characteristic; SLD, steatotic
liver disease.

CI 57.9% to 80.4%), with a PPV of 79.4% and an NPV of
73.5% (table 3).

Models with ultrasound

The model incorporating ultrasound findings included
sex (0=women, 1=men), age, ultrasound-detected steatosis
(O=none, l=presence of steatosis) and insulin (mg/dL)
(table 4). Applied to 820 measurements, this model
achieved a sensitivity of 91.5% (95% CI 84.1% to 95.6%)
and a specificity of 71.4% (95% CI 59.9% to 80.7%), with
a PPV of 81.1% and an NPV of 86.2% (table 3).

Comparison with Fatty Liver Index

The FLI was applied to 814 (98.5%) cohort measure-
ments. Of these, 97 (11.9%) were classified as low-risk,
200 (24.5%) as indeterminate and 517 (63.5%) as high-
risk. The FLI identified the risk of SLD with a sensitivity
of 80.3% (95% CI 76.1% to 84.1%), a specificity of 52.8%
(95% CI147.8% to 57.7%), a PPV of 62.3% and an NPV of
73.4% (table 3).

When comparing the performance of our models
against the FLI, the ROC curves indicated that our algo-
rithms performed better (figure 1). The model with
ultrasound achieved an AUC of 0.878, indicating excel-
lent discriminative ability, while the model without ultra-
sound had an AUC of 0.794, and the FLI had an AUC
of 0.762, both of which reflect acceptable discrimination.

The Youden Index was highest for the model with ultra-
sound, 0.63, followed by the model without ultrasound,
0.52, and the FLI (0.36) (table 3), indicating better diag-
nostic performance of the new models compared with
the existing algorithm.

DISCUSSION

Our study aimed to develop predictive models for diag-
nosing SLD in a Chilean population, with a particular
focus on low-resource settings where advanced imaging
technologies, such as VCTE, are not available. We used a
combination of clinical parameters, biomarkers and ultra-
sound, all of which are accessible in primary healthcare
settings, to develop these models. The results demon-
strated that both models provided high sensitivity and
specificity for screening and detection of SLD.

Although the model including ultrasound achieved
better performance, the one without ultrasound also had an
acceptable performance, outperforming the clinically used
FLI. Notably, the non-ultrasound model is based on routine
clinical and laboratory data available from primary care
settings. While the ultrasound-based model demonstrated
better performance, one of the main challenges of imple-
menting it is the limited availability of trained personnel to
perform abdominal ultrasounds in primary care centres,
where radiologists are often scarce.'* '° Training other
healthcare professionals, such as radiology technologists,
mitigates this gap. Although the World Health Organiza-
tion (WHO) has suggested shifting tasks such as imaging
techniques to highly qualified healthcare professionals, like
radiology technicians, to increase diagnostic efficiency,”
training costs and infrastructure limitations may not be
feasible in all settings. In this context, having a predictive
model that does not rely on ultrasound could enhance early
detection of SLD in primary healthcare.

Early detection of SLD is crucial, as the condition often
progresses silently and is frequently diagnosed incidentally
through abnormal liver enzymes or imaging studies.'” Life-
style changes can reverse hepatic steatosis in its early stages.™
In comparison, treating advanced fibrosis or cirrhosis
requires substantial weight loss and intensive interven-
tions, which are significantly more challenging to achieve.”
Therefore, implementing algorithms at the primary care
level could help prevent disease progression, reduce the
burden of advanced liver disease, lower healthcare costs
and promote healthier lifestyles. Importantly, developing
an algorithm tailored explicitly to the Chilean population
is particularly important, as most existing models, including
the widely used FLI, were developed in European, North
American or Asian populations and may not accurately
capture the risk profiles of Latin American populations.
Several studies have explored machine learning-based
approaches for predicting hepatic steatosis in non-Latin
American regions.”™ Although these tools demonstrate
strong predictive accuracy, they have not yet been vali-
dated in Latin American populations and often rely on
data sources that are not consistently available in primary
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healthcare settings. In contrast, the FLI remains the most
widely used and guideline-endorsed clinical tool for steatosis
screening because it relies on four simple, universally avail-
able variables.'® 1 %’ For this reason, FLI was selected as the
comparator in our study to ensure clinical relevance and
comparability with existing clinical practice.

We acknowledged that our study has limitations. First,
the predictive models were developed and internally vali-
dated within the MAUCO+ study, a high-risk population
with elevated rates of chronic diseases. Generalisability
of the findings to other Chilean populations or regions
with different epidemiological profiles may be limited.
However, it is essential to note that the burden of risk factors
for SLD is not confined to the MAUCO+ study: the 2017
Chilean National Health Survey reported high prevalence
of diabetes, obesity and hypertension,* all well-established
risk factors for SLD. These findings highlight the elevated
burden of metabolic risk factors in Chile and the critical
need to implement systematic screening strategies specifi-
cally targeting high-risk groups.*” Second, although internal
validation was performed, external validation in indepen-
dent cohorts is necessary to confirm the robustness and
applicability of our models. Furthermore, future imple-
mentation studies are warranted to assess the feasibility,
acceptability and clinical impact of these predictive models
in real-world primary healthcare settings. The next step will
be to integrate the algorithm into electronic health records,
enabling automated risk estimation and identification of
patients with SLD risk during routine clinical encounters.
This phase will evaluate usability and workflow integration,
while continuous data collection from primary care will
allow recalibration and improvement of predictive accu-
racy, ensuring long-term sustainability and clinical utility.
Integrating these models into Chile’s preventive health
framework, particularly the Examen de Medicina Preventiva del
Adulto,” a national programme that provides standardised
annual check-ups for adults to detect chronic diseases and
related risk factors, would require minimal adaptation, as
all input variables are already routinely collected in primary
care. Implementation would primarily involve configuring
the software and providing brief training to providers on
interpretation and follow-up. Given the existing infrastruc-
ture, the additional cost of integration would likely be low
relative to the potential savings from preventing advanced
liver disease and its complications. External validation in
urban Chilean and other Latin American populations will
further strengthen generalisability and regional adoption.
Third, while VCTE was used as the reference standard for
diagnosing hepatic steatosis, liver biopsy, the true gold stan-
dard, was not feasible due to its invasive nature. Neverthe-
less, VCTE has been widely validated and recommended by
international guidelines from the USA, Europe and Latin
America as an accurate tool for SLD diagnostics." '°*

Despite these limitations, our study is the first to develop
and compare predictive models for SLD screening using
data from a Chilean cohort. This approach enhances the
potential for early diagnosis and meaningful public health
impact.

CONCLUSION

Developing a simple and accessible tool for early detection
of SLD represents a significant advance for primary health-
care, particularly in low-resource settings. Early diagnosis
through these models could enable timely clinical inter-
vention, reduce progression and decrease the burden of
liver-related morbidity and mortality. Integrating these algo-
rithms into existing preventive programmes could optimise
resource allocation and strengthen public health strategies
to combat the growing epidemic of metabolic and liver
diseases in Chile and Latin America.’
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