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Abstract
Background: Paediatric metabolic dysfunction-associated 
steatotic liver disease (MASLD) is common yet frequently 
undetected, and access to imaging is limited in many settings. 
A simple risk tool built from routinely available variables could 
prioritize children for confirmatory assessment. We aimed to 
develop and internally validate a multivariable model predicting 
ultrasound-detected MASLD from metabolic and 
anthropometric data.
Methods: In a cross-sectional study of 205 children and 
adolescents (aged 5–17 years) with metabolic risk factors, 
MASLD was ascertained by abdominal ultrasonography. 
Candidate predictors comprised demographic, anthropometric, 
biochemical, and family-history variables. A multivariable logistic 
regression model was developed using clinical reasoning and 
parsimony, with continuous predictors transformed where 
appropriate. Discrimination (C-statistic), calibration (flexible 
calibration curve, calibration slope, Hosmer–Lemeshow test), 
and clinical utility (decision curve analysis) were assessed; 
optimism was estimated by bootstrapping (1000 resamples). A 
simplified integer points score was derived and stratified into risk 
categories. The study follows the TRIPOD statement.
Results: Ultrasound-detected MASLD was present in 109 of 
205 participants (53.2%). The final model retained three predictors: 
body mass index (BMI), log-transformed ALT, and family 
history of dyslipidaemia. BMI was associated with MASLD with 
an adjusted odds ratio (aOR) of 1.81 (95% CI, 1.25–2.62) per 
5 kg/m² increase, while a two-fold increase in ALT was 

associated with an aOR of 2.62 (95% CI, 1.67–4.10). Family 
history of dyslipidaemia was also independently associated 
with MASLD (aOR, 1.87; 95% CI, 1.02–3.43). The apparent 
C-statistic was 0.741, with an optimism-corrected C-statistic of 
0.730 and a bootstrap-corrected calibration slope of 0.95. 
Graphical assessment suggested generally acceptable 
calibration across most of the predicted-risk range, although 
the Hosmer–Lemeshow test indicated statistically significant 
departure from perfect fit. Decision-curve analysis suggested 
positive net benefit of the model across clinically relevant 
threshold probabilities. A simplified points score showed a 
C-statistic of 0.711 and separated participants into lower-, 
intermediate-, and higher-predicted-risk groups.
Conclusions: A parsimonious model incorporating BMI, ALT, 
and family history of dyslipidaemia showed moderate 
discrimination and generally acceptable calibration for 
ultrasound-detected MASLD among children and adolescents 
with metabolic risk factors. The model may have potential as a 
triage tool to prioritize children for further hepatic assessment 
where imaging resources are limited. However, the model and 
its simplified points score require external validation in 
independent and more representative paediatric populations 
before clinical application.
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1. Introduction
Metabolically-dysfunction-associated steatotic liver 
disease (MASLD), the term that replaced non-alcoholic 
fatty liver disease in 2023, is now the leading chronic liver 
disorder in children and adolescents, mirroring the global 
escalation of paediatric obesity [1,2]. Because early 
MASLD is asymptomatic, it commonly escapes 
recognition until hepatic fibrosis or cardiometabolic 
comorbidity has developed, by which time opportunities 
for reversible intervention have narrowed [3,4]. The 
clinical challenge is therefore one of efficient case-finding: 
identifying, among the large population of children with 
metabolic risk, those most likely to harbor steatosis and 
warranting confirmatory evaluation.

The reference standards for steatosis—liver biopsy and 
quantitative magnetic resonance imaging—are invasive 
or unavailable in most paediatric settings, and even 
ultrasonography, though widely used, requires equipment 
and operator expertise that are scarce in primary care and 
population screening [5,6]. Current paediatric guidance 
recommends screening at-risk children but offers no 
validated, quantitative tool to rank individual risk and 
allocate limited imaging capacity [7]. This gap is 
particularly consequential in low- and middle-income 
countries, where the burden of paediatric obesity is rising 
fastest and diagnostic resources are most constrained [8].
A pragmatic response is a multivariable risk prediction 
model built from variables already collected during routine 
assessment of childhood obesity. Anthropometric 
measures, aminotransferases, lipid profiles, and family 
history are inexpensive, broadly available, and 
biologically linked to hepatic steatosis [9]. Although 
individual markers and insulin resistance indices have 
been examined as screening tests for paediatric MASLD 
[10–12], they are typically reported in isolation; combining 
several routine predictors in a single, calibrated 
model—and translating it into a usable bedside score may 
yield greater and more actionable predictive value [13]. 
Such a model would complement, rather than replace, 
confirmatory imaging by triggering which children most 
need it.

We therefore aimed to develop and internally validate a 
parsimonious clinical risk prediction model for 
ultrasound-detected MASLD in at-risk children, using only 
routinely available metabolic, anthropometric, and 
family-history variables, and to derive a simplified integer 
points score with defined risk strata to support its use at 
the point of care [14].

2. Materials and Methods
2.1 Study design, setting, and participants
This cross-sectional model-development study was 
conducted at Bangladesh Medical University (BMU), 
Dhaka. Consecutive children and adolescents aged 5–17 
years attending the paediatric outpatient department with 
at least one metabolic risk factor (overweight or obesity, 
acanthosis nigricans, raised aminotransferases, or a 
family history of type 2 diabetes or dyslipidaemia) were 
assessed for eligibility. Children with liver disease of other 
etiology (viral or autoimmune hepatitis, Wilson’s disease, 
alpha-1 antitrypsin deficiency), type 1 diabetes or 
unrelated endocrine disorders, current hepatotoxic or 
insulin-sensitizing medication, intercurrent systemic 
illness, or incomplete data were excluded. Written 
parental consent and, where appropriate, child assent 
was obtained. The study is reported in accordance with 
the Transparent Reporting of a multivariable prediction 
model for Individual Prognosis or Diagnosis (TRIPOD) 
statement [14].

2.2 Outcome
The outcome was MASLD defined by abdominal 
ultrasonography, read by an experienced radiologist 
blinded to clinical and biochemical data, based on 
increased hepatic echogenicity, hepatorenal contrast, and 
attenuation of vascular and diaphragmatic definition, with 
secondary causes excluded. The outcome was recorded 
as present or absent before any predictor modelling.

2.3 Candidate predictors
Candidate predictors were restricted, a priori, to variables 
obtainable during routine care: age, sex, family history of 
type 2 diabetes, dyslipidaemia, and liver disease, obesity 
status, BMI, waist circumference, fasting plasma glucose, 
fasting insulin, triglycerides, total, high-density lipoprotein 
(HDL) and low-density lipoprotein (LDL) cholesterol, and 
alanine aminotransferase (ALT). Anthropometry was 
measured with calibrated instruments after an 8–12 h 
fast, when venous blood was also drawn. To avoid undue 
influence of extreme values, the right-skewed ALT was 
modelled on the natural-logarithmic scale; collinear 
adiposity measures (BMI and waist circumference, 
Spearman r = 0.76) were not entered simultaneously.

2.4 Sample size
The available sample of 205 participants, established for 
the precision of diagnostic estimates [15], yielded 109 
outcome events. With a final model of three parameters, 
this corresponds to approximately 36 events per variable, 
well above the conventional minimum and supportive of 
stable coefficient estimation.

2.5 Model development
Predictors were first examined univariately by logistic 
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regression. The multivariable model was built by 
combining variables with univariable association (p < 
0.10) or established clinical relevance, favoring 
parsimony and avoiding collinearity; candidate 
models were compared by the Akaike information 
criterion, and predictors that were neither statistically 
nor clinically contributory were removed. The final 
model is reported as adjusted odds ratios (aOR) with 
95% confidence intervals (CI) and as a probability 
equation.

2.6 Model performance and internal validation
Discrimination was quantified by the concordance (C) 
statistic, equivalent to the area under the receiver 
operating characteristic curve. Calibration was assessed 
graphically with a locally weighted (lowess) calibration 
curve and grouped deciles, by the calibration intercept 
and slope, and by the Hosmer–Lemeshow test. Internal 
validation used 1000 bootstrap resamples to estimate 
optimism in the C-statistic and the calibration slope 
(uniform shrinkage factor), following the Harrell approach. 
Clinical utility was evaluated by decision curve analysis, 
comparing the net benefit of the model with the default 
strategies of treating (imaging) all or no children across 
threshold probabilities [16].

2.7 Simplified points score
To support bedside use, the regression coefficients were 
converted into an integer points system following the 
method of Sullivan and colleagues [17], assigning points 
proportional to each predictor’s contribution per clinically 
meaningful increment. Total points were mapped to 
observed MASLD risk and grouped into low-, 
intermediate-, and high-risk strata. Analyses were 
performed in SPSS version 27 (IBM Corp., Armonk, NY) 
and Python 3 (statsmodels, scikit-learn); two-sided p < 
0.05 indicated significance.

3. Results
3.1 Participants
Of 205 children and adolescents (mean age 11.6 ± 2.2 
years; 53.2% male), 178 (86.8%) were obese, and the 
remainder were overweight. Ultrasound-defined MASLD 
was present in 109 (53.2%). In univariable analysis (Table 
1), MASLD was associated with higher BMI (odds ratio 
[OR] 1.73 per 5 kg/m²), larger waist circumference (OR 
1.50 per 10 cm), higher ALT (OR 1.39 per 10 U/L), and 
obesity versus overweight (OR 2.56), with a borderline 
association for family history of dyslipidaemia (OR 1.63, p 
= 0.082). Age, sex, fasting glucose, fasting insulin, 
triglycerides, and HDL or LDL cholesterol were not 
significantly associated.

Table 1. Univariable associations between candidate 
predictors and ultrasound-defined MASLD. Odds ratios 
(OR) are expressed per the stated increment.

3.2 Final prediction model
The most parsimonious, best-fitting model retained 
three independent predictors: BMI, log-transformed 
ALT, and family history of dyslipidaemia (Table 2). 
Each contributed independently: BMI (aOR 1.81 per 5 
kg/m², 95% CI 1.25–2.62), ALT (aOR 2.62 per 
doubling, 95% CI 1.67–4.10), and family history of 
dyslipidaemia (aOR 1.87, 95% CI 1.02–3.43). Adding 
waist circumference, lipids, or insulin resistance 
indices did not improve fitness. The predicted 
probability of MASLD is given by:

logit(p) = −8.198 + 0.119 × BMI (kg/m²) + 1.388 × ln [ALT 
(U/L)] + 0.626 × (family history of dyslipidaemia: 1 = yes, 
0 = no)

Predictor Increment
/contrast OR (95% CI) P 

Age per year 1.01 
(0.89–1.14) 0.90 

Male sex male vs 
female 

1.17 
(0.68–2.04) 0.57 

Family 
history of 
diabetes 

Yes vs No 1.15 
(0.64–2.08) 0.64 

Family 
history of 
dyslipidaemia 

Yes vs. No 1.63 
(0.94–2.84) 0.082 

Obesity obese vs 
overweight 

2.56 
(1.09–6.02) 0.031 

Body mass 
index per 5 kg/m² 1.73 

(1.22–2.45) 0.002 

Waist 
circumference per 10 cm 1.50 

(1.14–1.98) 0.003 

Fasting 
glucose 

per 
mmol/L 

1.12 
(0.86–1.46) 0.39 

Triglycerides per 50 
mg/dL 

1.06 
(0.94–1.20) 0.36 

HDL 
cholesterol 

per 10 
mg/dL 

0.77 
(0.54–1.09) 0.14 

LDL 
cholesterol 

per 10 
mg/dL 

1.09 
(0.99–1.20) 0.083 

Alanine 
aminotransf
erase 

per 10 U/L 1.39 
(1.15–1.68) 

<0.0
01 
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Table 2. Final multivariable logistic regression model for 
ultrasound-defined MASLD, with the integer points 
assigned in the simplified score.

3.3 Discrimination, calibration
and internal validation
The model discriminated against children with and 
without MASLD with an apparent C-statistic of 0.741 
(Figure 1). Calibration was checked with the intercept, 
slope, an assessment and the Hosmer–Lemeshow test. 
In the development dataset, the apparent calibration 
intercept was 0.00 and the apparent calibration slope 
was 1.00. These values come from the data that gave 
the model coefficients, so they may be overly optimistic. 
Internal validation used 1,000 bootstrap resamples to 
measure optimism in the model’s performance. The 
bootstrap optimism for the C-statistic was 0.011, which 
lowered the corrected C-statistic to 0.730 from the 
0.741. The bootstrap-corrected calibration slope was 
0.95 showing slight overfitting and a fairly good 
maintenance of calibration after adjusting for optimism. 
The calibration graph displayed a match between the 
model’s predictions and the actual outcomes over most 
risk levels though some differences appeared at the 
very highest predicted-risk levels (Figure 2). The 
Hosmer–Lemeshow test was significant (p < 0.001) 
showing a deviation from calibration when probabilities 
were split into deciles. Because this test is sensitive to 
the choice and number of risk groups and may detect 
relatively small departures from calibration, its result 
was considered together with the calibration plot and 
bootstrap-corrected calibration slope rather than 
interpreted in isolation. Overall, the model showed 
discrimination and generally acceptable calibration after 
correcting for optimism though some miscalibration was 
seen, especially at the very low or very high predicted 
risk. These results come from validation alone and do 
not prove that the model works in other paediatric 
population.

 

Figure 1. Receiver operating characteristic curves for the 
full prediction model and the simplified integer points 
score.
 

Figure 2. Calibration of the prediction model: flexible 
(lowess) calibration curve with deciles of predicted risk 
against the line of identity.

3.4 Simplified points score and risk stratification
Translation of the model into an integer score assigned 
points for BMI category, ALT category, and family history of 
dyslipidaemia (Table 3). The simplified score demonstrated 
moderate discrimination, with a C-statistic of 0.711, 
compared with 0.741 for the full regression model. Thus, 
conversion to the simplified score resulted in some loss of 
discriminative performance but retained substantial 
separation between participants with and without 
ultrasound-detected MASLD. Observed MASLD risk rose 
monotonically across the score, and three pragmatic 
strata—low (≤2 points), intermediate (3–4 points), and high 
(≥5 points)—separated children with observed MASLD 
prevalences of 30.1%, 60.5%, and 74.5%, respectively 
(Table 3). Because the study population consisted 
predominantly of children and adolescents already identified 
as having metabolic risk factors, these risk estimates 
represent observed risks within an enriched clinical 
population and should not be interpreted as absolute risks 

Predictor 
Adjusted 
OR (95% 

CI) 
P Points 

BMI (per 5 
kg/m²) 

1.81 
(1.25–2.62) 0.002 — 

ALT (per 
doubling) 

2.62 
(1.67–4.10) <0.001 — 

Family 
history of 
dyslipidaemia 

1.87 
(1.02–3.43) 0.043 1 
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applicable to the general paediatric population. In particular, 
the lower-risk category should be interpreted as a relatively 
lower-risk group rather than a group in whom MASLD has 
been excluded. The simplified score is therefore best 
regarded as a preliminary risk-stratification tool intended to 
support prioritization for further hepatic assessment rather 
than as a diagnostic instrument..

Table 3. Simplified points score allocation of points and 
observed MASLD risk by total score and by risk stratum.

3.5 Clinical Utility
Decision-curve analysis was performed to explore the 
potential clinical utility of the prediction model across a 
range of threshold probabilities (Figure 3). The model 
showed a higher net benefit than the default strategies of 
imaging all participants or imaging none across a broad 
range of threshold probabilities (approximately 0.2–0.8). 
However, these findings should be interpreted as an 
exploratory assessment of potential clinical utility rather 
than evidence of established clinical benefit.

 

Figure 3. Decision curve analysis comparing the net 
benefit of the prediction model with screen-all and 
screen-none strategies across threshold probabilities.

4. Discussion
Using only variables collected during the routine 
assessment of childhood obesity, we developed and 
internally validated a three-predictor model BMI, ALT, and 
family history of dyslipidaemia) that predicted 
ultrasound-detected MASLD with acceptable 
discrimination (optimism-corrected C-statistic 0.730), 
satisfactory calibration, and demonstrable clinical net 
benefit. A simplified points score preserved most of this 
performance and stratified children into clinically 
meaningful risk groups, offering a practical triage tool for 
settings where imaging is scarce.

The three retained predictors are biologically and 
clinically coherent. Adiposity is the dominant driver of 
paediatric steatogenesis, and BMI captures this efficiently 
[2,3]; ALT, although an imperfect marker of steatosis, 
reflects hepatocellular involvement and is among the few 
liver-specific measures available in primary care [9]; and 
a family history of dyslipidaemia signals heritable 
cardiometabolic susceptibility that compounds individual 
risk [4]. That fasting glucose, insulin, and the lipid 
fractions did not enter the model is consistent with our 
parallel finding that insulin-resistance indices add little 
incremental discrimination once adiposity is accounted 
for, and with reports that such indices largely track body 
size in paediatric populations [10–12]. The model’s 
reliance on a liver enzyme and an anthropometric 
measure, rather than on fasting insulin assays, is an 
advantage for low-resource deployment.

Our approach differs from and complements prior 
paediatric work. Whereas most studies evaluate single 
markers or insulin-resistance indices as stand-alone tests 
[10,13], we combined routine predictors into a calibrated 
multivariable model, subjected it to bootstrap internal 
validation, and assessed clinical utility by decision curve 
analysis steps recommended by the TRIPOD framework 
but uncommon in this literature [14,16]. The resulting 
discrimination is comparable to that of established 
paediatric metabolic risk tools and exceeds that of any 
single component, while the points score makes the 
model usable without a calculator. Importantly, decision 
curve analysis confirmed net benefit over the simplistic 
alternatives of imaging everyone or no one, which is the 
decision clinicians face when triaging at-risk children [16].
The study was conducted at a single tertiary-care centre 
in a clinically enriched population, with 86.8% of 
participants classified as obese and an overall prevalence 
of ultrasound-detected MASLD of 53.2%. Consequently, 
the observed risks associated with the score are likely to 
reflect the case mix and disease prevalence of the 
derivation cohort and should not be directly extrapolated 
to children in primary care, community settings, or 
populations with a different prevalence of metabolic risk 

 
Category observed 

 

BMI (kg/m²) 

< 25 0 
25–29.9 1 
30–34.9 2 
≥ 35 3 

ALT (U/L) 

< 25 0 
25–39 2 
40–59 3 
≥ 60 4 

Family history 
of dyslipidaemia yes 1 

Risk stratum 

Low (0–2 points) 30.1% (22/73)  
Intermediate (3–4 points)

 
60.5% (49/81)

 High (≥5 points) 74.5% (38/51) 

Component/
stratum

Points / 
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or MASLD. Although the use of BMI, ALT, and family 
history of dyslipidaemia makes the model potentially 
feasible in settings where these variables are routinely 
available, feasibility of measurement should not be 
equated with demonstrated clinical effectiveness or 
transportability. Future validation should include 
independent cohorts from multiple centres and, where 
possible, populations with different levels of metabolic risk 
and disease prevalence. Such studies should assess 
discrimination, calibration, and clinical utility and 
determine whether recalibration or modification of the 
model is required before implementation.

4.1 Strengths and limitations
Strengths include adherence to TRIPOD, a blinded 
outcome assessment, a favorable events-per-variable ratio, 
transformation of skewed predictors, formal internal 
validation with optimism correction, and evaluation of 
clinical utility rather than discrimination alone [14,16]. 
Limitations temper the conclusions. First, the reference 
standard was ultrasonography, which misses mild steatosis 
relative to magnetic resonance or biopsy; outcome 
misclassification would attenuate apparent performance. 
Second, the cohort was single-centre and almost uniformly 
overweight or obese, so the case mix is narrow, and the 
53% prevalence far exceeds that of general paediatric 
populations—features that limit transportability and inflate 
predictive values. Third, only internal validation was 
performed; the optimism estimate, though small, cannot 
substitute for external testing, and the Youden-independent 
points thresholds require confirmation. Fourth, the 
borderline contribution of family history (upper CI near unity) 
suggests this predictor may not replicate in every setting. 
External validation in independent, more representative 
paediatric cohorts, ideally against quantitative imaging, is 
the essential next step before clinical adoption.

5. Conclusions
A parsimonious model combining BMI, ALT, and family 
history of dyslipidaemia predicted ultrasound-detected 
paediatric MASLD with acceptable discrimination, 
satisfactory calibration, and positive clinical net benefit, 
and was successfully simplified into a bedside points 
score with clear risk strata. Because the model uses 
routinely available variables, it has potential for use in 
resource-constrained settings; however, its feasibility, 
transportability, and clinical utility require evaluation in 
independent and representative paediatric populations 
before clinical implementation.
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