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ABSTRACT

Objectives Non-alcoholic fatty liver disease (NAFLD) is
a non-communicable disease with a rising prevalence
worldwide and with large burden for patients and health
systems. To date, the presence of unique phenotypes

in patients with NAFLD has not been studied, and their
identification could inform precision medicine and public
health with pragmatic implications in personalised
management and care for patients with NAFLD.

Design Cross-sectional and prospective (up to 31
December 2019) analysis of National Health and Nutrition
Examination Survey Il (1988—1994).

Primary and secondary outcomes measures NAFLD
diagnosis was based on liver ultrasound. The following
predictors informed an unsupervised machine

learning algorithm (k-means): body mass index, waist
circumference, systolic blood pressure (SBP), plasma
glucose, total cholesterol, triglycerides, liver enzymes
alanine aminotransferase, aspartate aminotransferase and
gamma glutamyl transferase. We summarised (means)
and compared the predictors across clusters. We used
Cox proportional hazard models to quantify the all-cause
mortality risk associated with each cluster.

Results 1652 patients with NAFLD (mean age 47.2 years
and 51.5% women) were grouped into 3 clusters: anthro-
SBP-glucose (6.36%; highest levels of anthropometrics,
SBP and glucose), lipid-liver (10.35%; highest levels of
lipid and liver enzymes) and average (83.29%; predictors
at average levels). Compared with the average phenotype,
the anthro-SBP-glucose phenotype had higher all-cause
mortality risk (aHR=2.88; 95% Cl: 2.26 to 3.67); the lipid-
liver phenotype was not associated with higher all-cause
mortality risk (@aHR=1.11; 95%Cl: 0.86 to 1.42).
Conclusions There is heterogeneity in patients with
NAFLD, whom can be divided into three phenotypes

with different mortality risk. These phenotypes could
guide specific interventions and management plans,

thus advancing precision medicine and public health for
patients with NAFLD.

INTRODUCTION

The epidemiology of non-communicable
diseases (NCDs) is largely driven by
cardiometabolic risk factors and diseases,
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STRENGTHS AND LIMITATIONS OF THIS STUDY

= We leveraged on population-based data with image-
based non-alcoholic fatty liver disease (NAFLD) di-
agnosis and long-term follow-up.

= We applied machine learning techniques to identify
phenotypes among people with NAFLD, consistent
with precision medicine and precision public health.

= Arguably, the gold standard for NAFLD diagnosis is
liver biopsy, though given the source of the dataset
(population-based nationally representative study),
taking biopsies was not possible.

= We did not use diet-related variables because mea-
suring these may vary between places and observ-

ers unlike blood biomarkers.

namely dyslipidaemias, type 2 diabetes
mellitus (T2DM), hypertension and cardio-
vascular diseases. Nonetheless, there are
other NCDs rapidly growing along with, and
as a consequence of,1 2 the afore-mentioned
cardiometabolic conditions. Non-alcoholic
fatty liver disease (NAFLD) is an outstanding
example with a soaring prevalence world-
wide,”® high economic costs for patients and
health systems,”® and poor patient-oriented
outcomes.” Despite this high disease burden,
there are no specific treatments for NAFLD
other than managing the underlying condi-
tions such as obesity or T2DM together with
recommendations for healthy lifestyles.'*™"*
Consistent with the global call for precision
medicine and public health, a way to maxi-
mise the benefits of available and forth-
coming'™™"" treatments for NAFLD, could
be to identify phenotypes in patients with
NAFLD. Therefore, specific management
plans can be proposed according to the
underlying profile of each phenotype. A data-
driven machine learning (ML) approach has
been proven to be a reliable method to iden-
tify phenotypes among patients, and there are
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several examples for T2DM.'"® However, NAFLD research
has not yet used ML to identify phenotypes or subpopu-
lations, even though it could signal groups of patients for
which different management plans can be provided and
different prognosis can be expected. We aimed to identify
phenotypes in people with NAFLD in the general popula-
tion and to quantify the all-cause mortality risk associated
with each phenotype.

METHODS

Study design and data sources

This is a data-driven analysis following an unsupervised
ML approach. We conducted a cross-sectional analysis
whereby we identified clusters of patients with NAFLD
and described the underling phenotype of each cluster.
Analysing the same study population, we also conducted
a prospective analysis whereby we investigated whether
the phenotypes were associated with higher all-cause
mortality risk. Overall, for both the cross-sectional and
prospective analyses, we used the same study population
from the National Health and Nutrition Examination
Survey (NHANES) III.

We used individual-level data from the NHANES III
conducted between 1988 and 1994. The NHANES III
included a nationally representative sample of non-
institutionalised individuals in the USA." We used
NHANESS III, and no more recent iterations of this
survey, because NHANESS III is the only with liver ultra-
sound data, which provide high-quality information for
NAFLD research.

Study population

The study population included people aged between
20 and 74 years who had hepatic imaging data. Hepatic
imaging refers to ultrasound examinations conducted
following standard procedures to secure consistent and
reliable results for all participants.”” We included people
whose imaging results were deemed ‘confident’ or
‘absolute’ to secure high-quality data for the definition
of NAFLD.? For the analyses, we only included people
with NAFLD defined as a ‘moderate—severe’ hepatic
steatosis.”” In so doing, we excluded missing observations
in liver ultrasound data; missing patterns in this variable
were not explored.

People with a positive test for hepatitis B and hepatitis
C were excluded and so were people with high alcohol
consumption (online supplemental materials p. 02).
People whose risk factors levels were below or above these
plausibility thresholds were excluded too: body mass
index (BMI) between 10 and 80 kg/mQ, waist circum-
ference between 30 and 200 cm, systolic blood pressure
(SBP) between 70 and 270 mm Hg, plasma glucose
between 45 and 540 mg/dL, total cholesterol between 20
and 773 mg/dL and triglycerides between 17 and 1771
mg/dL. Details about data preparation and selection of
the study population are available in online supplemental
materials p. 02.

Variables

From the NHANES dataset, we selected 10 predic-
tors, which will inform the composition of the clusters
and characterise the phenotype of each cluster. These
predictors were selected because they are established
cardiometabolic risk factors, and cardiovascular diseases
are a leading cause of mortality in people with NAFLD.*'
We also included liver biomarkers as predictors because
NAFLD is a chronic liver condition. The predictors
included chronological age (years), BMI (kg/m?) based
on measured weight and height, waist circumference
(cm), SBP (mm Hg), plasma glucose (mg/dL), which was
used regardless of fasting duration (41.53% or 686,/1652
had a fasting duration <8 hours) to maximise sample size
for the study population comprising only people with
NAFLD, total cholesterol (mg/dL), triglycerides (mg/
dL), serum alanine aminotransferase (U/L), serum
aspartate aminotransferase (U/L) and serum gamma
glutamyl transferase (GGT; U/L). All blood biomarkers
were collected and analysed the following standard proce-
dures.” We conducted a completed-case analysis for the
10 predictors of interest.

We did not include more predictors, such as coagula-
tion or anaemia biomarkers, to deliver a model that can
be replicated in many places and by researchers who
may not have access to more sophisticated biomarkers.
Including more or more sophisticated predictors would
limit the use of our model to places where these predic-
tors are available. This would, most likely, exclude
several primary healthcare facilities and those in rural or
resource-limited settings.

Mortality data are also available for NHANES IIL.* The
National Centre for Health Statistics delivers a mortality
dataset linked to NHANES participants (adults only).
Follow-up duration, in person months, is computed from
the examination date to the date of death or censorship
(31 December 2019). Because a priori we did not know
the number of clusters or their underlying profiles, we
focused on all-cause mortality rather than on a specific
cause of death. For example, had the unsupervised anal-
ysis suggested many clusters, it would have compromised
the CIs from the regressions if the exposure variable was
divided in several clusters or groups.

Analysis

Open-access resources

The analyses were conducted in Python V.3.10 using
PyCharm V.2021.3.3 and Jupyter Notebooks; we also used
R V.4.1.2 for the statistical analyses. The Jupyter Note-
books and R scripts are available as online supplemental
material. All analytical methods are detailed in online
supplemental materials pp. 02-05.

Unsupervised ML analysis

We applied principal components analysis to the 10
predictors. We chose four principal components because
these explained 95.19% of the variance. In other words,
we retained 95.19% of the information in the original
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General characteristics of participants by phenotype cluster

Table 1

Glucose (mg/dL) TC (mg/dL) Triglycerides (mg/dL) Aspartate (U/L) Alanine (ALT) GGT (U/L)

99.3 (18.3)

SBP (mm Hg)
127.9 (19.6)
132.5 (18.3)
135.9 (19.5)

Waist (cm)

BMI (kg/m?)
29.9 (6.4)
30.2 (4.7)
31.7 (6.7)

Age

Clusters

33.7 (28.0)
93.0 (133.2)
48.0 (51.5)

21.9 (17.1)
36.5 (44.2)
22.4 (17.9)

23.6 (14.1)

149.7 (72.7)
495.7 (221.1)
248.0 (147.7)

205.9 (42.6)
241.0 (55.8)
232.9 (64.0)

100.0 (15.7)
103.3 (11.5)

46.6 (15.9)
47.1 (13.9)

Anthro-SBP-glucose 55.3 (12.1)

Average

34.6 (40.5)
20.7 (14.8)

114.9 (43.1)
288.4 (72.2)

Lipid-liver

106.1 (13.8)

All variables are expressed as means (SD). Comparisons across clusters are shown in figure 1 and online supplemental table 1.

Glucose refers to plasma glucose, aspartate refers to aspartate aminotransferase, alanine refers to alanine aminotransferase.

BMI, body mass index; GGT, gamma-glutamyl transferase; SBP, systolic blood pressure; TC, total cholesterol.

dataset with these four components. On these four prin-
cipal components, we applied the k-means algorithm, an
unsupervised ML method, to identify clusters of patients
with NAFLD with unique phenotypes. To define the
number of clusters, which is unknown at the beginning of
any unsupervised ML analysis, we followed a data-driven
approach together with expert knowledge about NAFLD.
First, we plotted a dendrogram with Euclidean distances,
which suggested to use five clusters. Second, the Elbow
method suggested to use five or six clusters. Third, the
Silhouette Score was highest with two clusters, followed
by three clusters. Fourth, the Jaccard Score was highest
for three clusters. Therefore, based on the above metrics
and expert knowledge, we decided on three clusters. In
exploratory analyses, we also tried selecting the number
of clusters based on other algorithms and the results were
consistent with those herein summarised; the other algo-
rithms we tried were: balanced iterative reducing and
clustering using hierarchies, spectral and agglomerative.

Statistical analysis

First, we conducted a descriptive analysis to charac-
terise the 3 clusters in terms of the 10 predictors. That
is, we summarised the mean of the 10 predictors in each
cluster and used Boxplots. We used t-tests for pair-wise
comparisons between all clusters; the p value is reported
accounting for the Bonferroni correction for multiple
comparisons.

Second, to study the all-cause mortality associated with
each cluster, we ran Cox proportional hazard models
reporting HRs along with the 95% CI. We used time in the
study (difference between when the one-off baseline eval-
uation occurred and the endpoint) as the time scale in
the Cox models. We fitted three models: (1) crude model
only including the outcome (all-cause mortality) and the
exposure (clusters, categorical variable with three levels);
(2) model 1, including sex; and (3) model 2, including
sex, smoking status (current smoker of cigarettes, no
vs yes), years of education and household income
(<US$20000 vs 2US$20 000 in the last year). The propor-
tional hazard assumption was verified in the crude model,
and we did not observe evidence that this assumption was
violated. We did not adjust for age or other cardiomet-
abolic risk factors because these were included in the
clusters, which are the main predictors (ie, independent
variable) in the regression models. Together with the Cox
regression model, we also report the absolute number of
deaths per group, the total follow-up duration per group,
as well as the incidence rate per 1000 person-years, which
was computed with the epi.conf function from the epiR
package in R.

The statistical analysis did not account for the complex
survey design of the NHANES survey (eg, sampling
weights). We aimed to characterise the clusters and study
if they were associated with higher all-cause mortality risk,
rather than to provide prevalence estimates or means that
are representative at the national level.
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Distribution of the predictors by phenotype cluster. P values are for pair-wise comparisons and Bonferroni adjusted

for multiple comparisons (online supplemental table 1). BMI, body mass index (kg/m?); GGT, gamma-glutamyl transferase (U/L).

Sensitivity analysis

We carried several sensitivity analyses to elucidate if
any observed differences were driven by the fact that
we did not only include people with more than 8 hours
of fasting. First, we compared the mean plasma glucose
levels across phenotypes restricting the sample to those
with eight or more hours of fasting duration. Second, we
ran the fully adjusted Cox model (model 2) restricting
the sample to those with eight or more hours of fasting.
Third, we ran the fully adjusted Cox model (model 2)
including fasting duration (in hours) as an additional
confounder rather than restricting the sample to those
with eight or more hours of fasting duration. To explore
whether the phenotypes were associated with all-cause
mortality above and beyond the individual risk factors,
we also ran model 2 including the 10 predictors as
confounders.

Patient and public involvement

It was not appropriate or possible to involve patients or
the public in the design, or conduct, or reporting, or
dissemination plans of our research.

RESULTS

Study population

There were 1652 people with NAFLD, the mean age was
47.2 years and 51.5% were women. Across the study popu-
lation, the mean BMI was 30.0 kg/m2 and the mean waist
circumference was 100.7 cm; the mean SBP was 128.9 mm
Hg, the mean plasma glucose was 112.9mg/dL, the
mean total cholesterol was 211.3mg/dL and the mean
triglycerides was 191.8 mg/dL; the mean aspartate was
24.5U/L, the mean alanine was 23.5U/L and the mean
GGT was 40.7U/L.

Cluster profiles

Given the underlying profiles of each phenotype (table 1
and figure 1), these were labelled as it follows: lipid-liver
(ie, highest levels of cholesterol and liver enzymes),
anthro-SBP-glucose (ie, highest levels of anthropomet-
rics, SBP and glucose) and average (ie, mean levels of
the predictors were always in between the former two
phenotypes). The average phenotype grouped 1376
people (83.29%), followed by the lipid-liver (171 people,
10.35%) and the anthro-SBP-glucose phenotype with 105
people (6.36%).
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Table 2 Mortality risk in patients with non-alcoholic fatty liver disease by phenotype cluster

Outcome: all-cause mortality (HR, 95% CI)*

Absolute  Total follow- Incidence rate per Crude Model 1 Model 2

number of up duration 1000 person-years N=1651 N=1651 N=1622
Cluster deaths (years) (95% CI) Events=678 Events=678 Events=663
Average 529 31707.083 16.7 (15.3 t0 18.2) 1 1 1
Lipid-liver 71 3685.417 19.3 (15.1 to 24.3) 1.17 (0.91to 1.50) 1.11 (0.86t0 1.42) 1.11 (0.86 to 1.42)

Anthro-SBP-glucose 78 1766.000

44.2 (34.9 to 55.1)

2.94 (2.32103.74) 2.97 (2.34103.78)  2.88 (2.26 to 3.67)

In the average group, there was one observation with missing data on follow-up duration.

*Cox proportional HRs; model 1 included sex. Model 2 included, in addition to sex, smoking status (current, no vs yes); years of education (numeric
variable); and household income (<US$20000 vs >US$20000 in the last year). For the crude model, the global test for the proportional-hazard
assumption was not significant (p=0.078), suggesting this assumption holds, which is also supported by the Schoenfeld residuals plot (online
supplemental figure 2). The exposure variable for all models (crude, model 1 and model 2) was a three-level variable derived from the cluster analysis;
in other words, the cluster analysis derived a new variable with three levels which we called phenotypes (average, lipid-liver and anthro-SBP-glucose)
whose profiles were described in figure 1. Neither of the three models included the predictors used to derive the clusters or phenotypes. The
predictors were used to derive and characterise the phenotypes only (not to adjust the models).

Differences between the average and the lipid-liver
phenotypes were always statistically significant, except for
age (p=1) and BMI (p=1) (figure 1 and online supple-
mental table 1). Differences between the average and
anthro-SBP-glucose phenotypes were always statisti-
cally significant except for alanine (p=1) and aspartate
(p=0.165). Differences between the lipid-liver phenotype
and the anthro-SBP-glucose phenotype were significant
for six predictors: age (older in the anthro-SBP-glucose),
plasma glucose (higher in the anthro-SBP-glucose),
triglycerides (higher in the lipid liver), alanine (higher
in the lipid liver), aspartate (higher in the lipid liver)
and GGT (higher in the lipid liver). That is, most of the
unique features of the lipid-liver phenotype were differ-
ent—higher—in comparison to the anthro-SBP-glucose
phenotype; conversely, only glucose in the anthro-SBP-
glucose phenotype was significantly different—higher—
relative to the lipid-liver phenotype.

All-cause mortality

Among those who died, 78.0% were in the average
phenotype, 10.5% were in the anthro-SBP-glucose pheno-
type and 11.5% were in the lipid-liver phenotype. The
mean follow-up duration was 270.1 months (~22.5 years),
ranging from a month to 373 months. The survival prob-
ability decreased much faster for the anthro-SBP-glucose
phenotype than for the lipid-liver phenotype (online
supplemental figure 1).

The crude Cox proportional hazard model showed
that, in comparison to the average phenotype, the lipid-
liver was not associated with higher all-cause mortality
(HR=1.17; p=0.217); conversely, the anthro-SBP-glucose
phenotype was associated with higher all-cause mortality
risk (HR=2.94; p<0.001; table 2). After adjusting for sex,
the association for the lipid-liver phenotype was still not
significant (HR=1.11; p=0.431), and the association for
the anthro-SBP-glucose phenotype remained significant
(HR=2.97; p<0.001). The same pattern was observed when
we further adjusted for smoking, education and house-
hold income whereby the lipid-liver phenotype was not
associated with higher all-cause mortality risk (HR=1.21;

p=0.427), yet the anthro-SBP-glucose phenotype was still
strongly associated with higher all-cause mortality risk

(HR=2.88; p<0.001).

Sensitivity analyses

The anthro-SBP-glucose phenotype still had the
highest mean plasma glucose (273.5mg/dL), followed
by the lipid-liver phenotype (115.9mg/dL) and the
average phenotype (101.2mg/dL). The p value for the
Bonferroni-adjusted t-test for all pair-wise comparisons
was significant (p<0.003).

When model 2 for the Cox regression was restricted to
people with eight or more hours of fasting, the results
were consistent with the main analysis: the anthro-SBP-
glucose phenotype was strongly associated with higher
all-cause mortality risk (HR=2.65; 95% CI: 1.90 to 3.70;
p<0.001), and the association for the lipid-liver pheno-
type was not significant (HR=1.12; 95% CI: 0.80 to 1.58;
p=0.512). Virtually the same results were observed when
model 2 included fasting duration as a covariate rather
than restricting the sample to those with eight or more
hours of fasting duration: HR=2.89 (95% CI: 2.27 to 3.69;
p<0.001) for the anthro-SBP-glucose and HR=1.11 (95%
CI: 0.86 to 1.43; p=0.414) for the lipid-liver phenotype.

When model 2 also included the 10 predictors used to
define the phenotypes, neither the lipid-liver (HR=1.20;
95% CI: 0.82 to 1.74; p=0.342) phenotype nor the anthro-
SBP-glucose (HR=1.46; 95% CIL: 0.90 to 2.38; p=0.126)
phenotype was associated with higher all-cause mortality
risk.

DISCUSSION

Main results

In asample of patients with NAFLD from the general popu-
lation and using simple predictors, a ML analysis revealed
three phenotypes with unique profiles. The anthro-SBP-
glucose phenotype had the highest mean levels of BMI,
waist circumference, SBP and plasma glucose. Patients
in the lipid-liver phenotype had, on average, the highest
levels of cholesterol and liver biomarkers. There was a
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third phenotype whose members had average risk factor
levels. Most patients with NAFLD belonged to the average
phenotype (83%), followed by the lipid-liver (10%) and
anthro-SBP-glucose (6%) phenotypes. In comparison to
the average phenotype, the anthro-SBP-glucose pheno-
type had higher all-cause mortality risk; the all-cause
mortality risk appeared not to be different between the
average and lipid-liver phenotypes.

We believe that these findings have the potential to
advance precision medicine and public health by identi-
fying variations in the clinical and metabolic presentation
of NAFLD. Such variations suggest three homogenous
phenotypes. Patients with NAFLD with the anthro-SBP-
glucose phenotype, which was associated with the highest
all-cause mortality risk, should receive urgent counselling
and medication to reduce weight, SBP and glucose levels.
While maintaining a healthy lifestyle should always be a
cornerstone in the management of patients with NAFLD,
those with the lipid-liver phenotype could most benefit
from novel therapies targeting cholesterol and liver phys-
iology.'™" The average phenotype was the most frequent.
This signals a group of patients with NAFLD who should
be carefully monitored, though, perhaps, not with the
same frequency or intensity as for the other phenotypes
in which risk factors levels were higher and had higher
all-cause mortality risk.

Results in context

NAFLD, defined as >5% of hepatic steatosis in images or
histology in the absence of secondary causes (eg, viral
hepatitis),11 is the most common cause of chronic liver
disease in the last decade.** Although NAFLD is distrib-
uted worldwide, the prevalence of NAFLD is particularly
high in the Middle East and South America.** Future
research in these world regions could elaborate on our
work to trial specific recommendations according to the
patient’s cluster.

To date, there are no specific treatments to prevent or
cure NAFLD. For example, vitamin E has been proposed
as a potential therapy for NAFLD because it may improve
non-alcoholic steatohepatitis. However, systematic reviews
and meta-analysis of randomised trials have shown incon-
sistent evidence to recommend vitamin E for NAFLD%;
moreover, potential adverse effects of vitamin E should
be taken into consideration." Although other vitamins
may play a role as well, to the best of our knowledge,
their effect has not been summarised in meta-analysis of
randomised control trials (high level of evidence) and is
less elaborated in clinical guidelines. Current strategies
focus on weight loss, exercise and diet. Mediterranean
diet appears to reduce hepatic steatosis due to reduction
in insulin resistance and total lipid concentrations%; like-
wise, weight loss of 27% correlates with improvement of
histological features.'* Overall, implementing these inter-
ventions to improve healthy lifestyles should be the stan-
dard of care for patients with NAFLD, and more so for
those in the anthro-SBP-glucose phenotype herein found.

In 2020, an international consensus proposed the term
metabolic-associated fatty liver disease (MAFLD) to substi-
tute NAFLD due to the strong metabolic component of
this chronic liver condition.?” Our work may support the
MAFLD nomenclature because the anthro-SBP-glucose
phenotype, largely consisting of traits consequence of
metabolic dysfunction, had the highest all-cause mortality
risk. Nevertheless, our work also signals there is hetero-
geneity in patients with NAFLD, which may better guide
treatment options above and beyond one specific nomen-
clature (NAFLD vs MAFLD).

Few studies have quantified the association between
phenotypes and mortality in patients with NAFLD. Golabi
et al® evaluated the effect of abdominal and overall
adiposity on the mortality risk in patients with NAFLD;
after 22.4 years of follow-up, they observed that patients
with NAFLD and normal BMI but high waist circumfer-
ence had higher risk of cardiovascular mortality.*® This is
consistent with the anthro-SBP-glucose phenotype having
the highest all-cause mortality risk. It is worth noting that,
even though on average the anthro-SBP-glucose pheno-
type had high levels of anthropometrics, SBP and glucose,
it is not the same as a dichotomous variable whereby
people with high anthropometrics, SBP and glucose were
on one or the other category of the dichotomous vari-
able (similar to the definition of metabolic syndrome);
nevertheless, the additive effect of the anthropometrics,
SBP and glucose should be noted and could potentially
explain the higher mortality.

Strengths and limitations

We leveraged on population-based data with image-
based® NAFLD diagnosis and long-term follow-up.” We
applied ML techniques to identify phenotypes among
people with NAFLD, consistent with precision medicine
and precision public health. Not only did we describe the
underlying profile of each phenotype but we also quan-
tified the all-cause mortality risk associated with each
phenotype.

Notwithstanding, there are limitations we should
acknowledge. First, the gold standard to diagnose NAFLD
requires a liver biopsy. Collecting a liver biopsy from a
large population-based sample as that of NHANES would
be (almost) impossible. From a clinical perspective, the
fact that NAFLD was diagnosed with liver ultrasound
could be a limitation; however, from a global or popu-
lation health perspective, it could be a step forward to
characterise phenotypes in people with NAFLD. Second,
aiming to deliver a friendly and easy to replicate model,
we included ten predictors that may be accessible to many
clinicians and researchers. Had we used more sophisti-
cated predictors, it would limit the reproducibility of our
model by a broad audience. However, this decision could
have led to the omission of other potential phenotypes.
For example, if we had included anaemia biomarkers (eg,
haemoglobin or ferritin), there could have been an addi-
tional phenotype characterised by anaemia. Our work
opens the door to use ML in NAFLD research aiming for
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precision medicine and public health, and future work
could expand our set of phenotypes for specific settings
where access to these predictors is not a limitation. In
this line, although diet is a key variable in NAFLD, we
did not include diet-based variables (including alco-
holic beverages) in the cluster analysis; this, because,
while inexpensive, collecting diet information may be
troublesome, may require of specific tools (eg, 24-hour
diet recalls), and may need context-expert knowledge
to ask about foods consumed locally. Similarly, physical
activity was not included in the clustering analysis owing
to the complexities to measure it. For example, whether
physical activity is measured with metabolic equivalents
or with questions about days/hours involved in physical
activity, not to mention whether it was further disaggre-
gated by moderate or vigorous activity. As argued before
for more sophisticated biomarkers, including diet and
physical activity profiles could also limit the applicability
of the clusters because of the complexities and heteroge-
neity inherit to these lifestyle cardiometabolic risk factors.
Third, we analysed data from NHANES III collected in
the late 1980s and early 1990s; that is, data collected
roughly 30 years ago. We used NHANES III only because
it has liver ultrasound data unlike more recent iterations
of the NHANES. Readers should interpret our findings
and recommendations considering this limitation. Future
work should replicate, verify and advance our work with
more contemporary data. Fourth, when missing obser-
vations were excluded (because we planned a complete-
case analysis), we did not explore the missingness pattern,
which is customary in epidemiological research where, if
necessary, multiple imputation is conducted and results
account for Rubin’s rules. The backbone of our work is
the unsupervised ML analysis, which needs complete-
case data. To the best of our knowledge, there are no
techniques to conducted unsupervised ML analyses after
multiple imputation. Fifth, with the focus of this work on
the identification of unique phenotypes complemented
by the mortality analysis, the Cox regressions were not
enriched with additional analyses including cause-specific
mortality, competing risks, effect modification or interac-
tions. On one hand, some of these analyses would have
benefitted from a much larger sample size; on the other
hand, some of these analyses depend on both the expo-
sure and outcome variables and in our case, the expo-
sure variable (cluster) was a complex and heterogenous
construct of multiple cardiometabolic biomarkers and
liver enzymes.

CONCLUSIONS

There is heterogeneity in patients with NAFLD, whom
can be divided into three phenotypes. These phenotypes
are either characterised by high levels of anthropomet-
rics, SBP and glucose, or by high levels of cholesterol and
liver biomarkers. These phenotypes could guide specific
interventions, together with personalised management

and follow-up plans thus advancing precision medicine
and public health for patients with NAFLD.
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Supplementary Methods
All the analyses were conducted with R and Python. The codes, either R scripts or Python Jupyter

notebooks, are available as supplementary materials together with this manuscript.

Data preparation

We used individual-level data from the National Health and Nutrition Examination Survey (NHANES) IlI
conducted between 1988-1994. All datasets were downloaded from the NHANES website on March 3,
2022; the mortality dataset was download on May 27™, 2022. The authors did not have privileged access.
Data were pre-processed with R (NHANESIii_extraction.R). We used these datasets: adult.dat.ixt
(n=20,050); lab.sas.txt (n=29,314); exam.sas.txt (n=31,311); examdr.sas.txt (n=30,818); and HGUHS
(n=14,797). The adult dataset was used as the prime; that is, the other datasets were merged to the adult
dataset: adult + lab (n=20,050); + exam (n=20,050); + examdr (n=20,050); + HGUHS (n=20,050). We kept
only the variables of interest, checked each variable, and recoded them as needed; for example, 9999 or

equivalent values were set to missing, and 2 were

coded to 0 when referred to ‘no’. We merged the | Initial sample size = 20,050 people |

mortality dataset (n=33,994) with the pooled |
| Ages between 20 and 74 years, inclusive = 16,115 |

dataset and the sample size was kept at 20,050

(i.e., the pooled dataset was used as the prime) | YT —— (imlaging)data= 13.983 |
with 79 variables. |
| Free of Hepatitis C and B = 13,572 |
Study sample [ Nonhigh alcohol : tion= 12,510
gh alconol consumption 5 |
We followed these criteria to select the study !

sample (Flowchart 1). First, we only included |UItrasound‘conﬂdent’or‘absolute’quality=11,535|

people in the age range from 20 to 74 (inclusive) |
| NAFLD only = 2,382 |

years. Second, we only kept observations with l
hepatic imaging data. Third, we excluded people | Complete-case dataset = 1,653 |

!

with positive evidence of Hepatitis B (HBSAG) or | Erolusion InpBUSHS aliss—1.652 |

Hepatitis C (antiHCV). Fourth, we excluded people Flowchart 1. Study population.
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with high alcohol consumption. We used two questions to define high alcohol consumption: i) In the past
12 months, how many days of the year did you drink any alcoholic beverages? and ii) On the average, on
the days that you drank alcohol, how many drinks did you have a day? The answers to the second question
were divided by 365.25 to compute the average number of drinks per day, which was then multiplied by the
first question (how many days they drunk alcohol) to compute the number of daily alcohol drinks in the last
year. For example, a person who drank alcoholic beverages 52 days in the last year, and on each occasion
they drank three beverages, their daily consumption would be 52 x 3/365.25 = 0.43 alcoholic beverages
per day in the last year. Men with more than two and women with more than one alcoholic beverages per
day in the last year were excluded. Fifth, we only included observations which the hepatic imaging was
deemed ‘confident’ or ‘absolute’; this, to secure the highest quality of the outcome of interest (NAFLD); in
addition, we only include people whose hepatic imaging revealed hepatic steatosis ‘moderate-severe’.
Sixth, we only kept the 10 predictors of interest and dropped all missing observations; in other words, we
were to conduct a complete-case analysis. Seventh, we excluded observations outside the following
plausibility ranges to secure high-quality data: BMI below and above 10 kg/m? and 80 kg/m?; waist
circumference below and above 30 cm and 200 cm; systolic blood pressure below and above 70 mmHg an
270 mmHg; fasting plasma glucose below and above 45 mg/dL and 540 mg/dL; total cholesterol below and
above 20 mg/dL and 773 mg/dL; and triglycerides below and above 17 mg/dL and 1771 mg/dL. Finally, we
included 1,652 observations in the analysis. For further details about this selection process please refer to

the Jupyter notebook 1.Cleaning_data.ipynb.

Number of clusters

Selecting the ideal number of clusters in an unsupervised machine learning model is informed by both the
data and expert knowledge. In here, we describe in detail the process we followed to reach the final number
of clusters used in the analysis. Details about the analytical steps are presented in the Jupyter notebooks

presented along the paper (2.Number_clusters.ipynb).
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First, we displayed a dendrogram with Euclidean distances; this plot suggested there were five clusters. Of

note, two of the six clusters grouped (very) few observations. Second, we displayed the Elbow plot (Figure

1) for one through 10 clusters. The ideal number of clusters would be that after which the Cost function

does not change substantially and is the smallest. The table below shows the Cost function for each number

Cost Function

2 4

6 8 10

Figure 2. Elbow plot.

of clusters, and the absolute arithmetic
difference between two consecutive Cost
functions. According to these figures (Table 1),
the optimal number of clusters could be
between five and six clusters; moreover, five
clusters appeared to be ideal because the cost
function was smallest and almost constant

(~1.4) thereafter.

Table 1. Cost function for each number of cluster (i.e., elbow plot)

Number of clusters Cost function Difference with the immediate before

1 3.9975786924939500

2 3.2371647353902400 -0.76
3 2.6931986798721200 -0.54
4 2.2026180284390100 -0.49
5 1.7472952094553600 -0.46
6 1.5326884453790900 -0.21
7 1.3831729448463400 -0.15
8 1.2530783891239300 -0.13
9 1.1698248951603600 -0.08
10 1.0958516180666800 -0.07

Third, we displayed the Silhouette plots and computed the Silhouette scores between two and 10 clusters

(Table below). The number of clusters which Silhouette score is closest to 1 is preferred. According to these

Carrillo-Larco RM, et al. BMJ Open 2022; 12:e067203. doi: 10.1136/bmjopen-2022-067203



Supplemental material

BMJ Publishing Group Limited (BMJ) disclaims al liability and responsibility arising from any reliance

placed on this supplemental material which has been supplied by the author(s)

BMJ Open

figures (Table 2), two clusters would be ideal (i.e., highest Silhouette score), closely followed by three and

four clusters.

Table 2. Silhouette score for each number of clusters.

Number of clusters

Silhouette scores

2 0.54608205593638
3 0.49123277407391
4 0.47822718686785
5 0.29615494816696
6 0.30743082083024
7 0.24963726715962
8 0.26441204421507
9 0.25048383421862
10 0.25036003409133

Fourth, we calculated the Jaccard index for three, four and five clusters (Table 3). So far, three, four and
five clusters appear to be the best options. Jaccard scores >0.80 suggest good reproducibility of the cluster
and would thus be preferred. According to these figures (Table below), three clusters had the highest

Jaccard scores, all of which were >0.88. The Jaccard analysis was conducted in R (2.1.Jaccard.R).

Table 3. Jaccard score for each number of clusters from three to five clusters.

1 cluster 2 clusters 3 clusters
Jaccard bootstrap 0.8853153 0.9666082 0.9000518
Dissolved 284 0 309
Recovered 4402 4826 4579
1 cluster 2 clusters 3 clusters 4 clusters
Jaccard bootstrap 0.5858137 0.8741936 0.5433940 0.6849515
5
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Dissolved 2564 0 2801 720
Recovered 1728 4705 1279 1691
1 cluster 2 clusters 3 clusters 4 clusters 5 clusters
Jaccard bootstrap 0.7489208 0.7477933 0.5354848 0.5248099 | 0.6352783
Dissolved 1244 17 2839 2834 1918
Recovered 2942 2231 915 1139 1905

Fifth, exploratory analyses with five and six clusters showed that some clusters had (very) few observations
and there were not unique profiles to characterize these clusters. Having four clusters was later discarded
because of the Jaccard scores (see Table above). In conclusion, we chose three clusters as the ideal

number of clusters for the analysis, which is also supported by the Jaccard score and (rather) consistent

with the Elbow plot (Figure 1) and the Silhouette score (Table 2).

Of note, in exploratory analyses, we also tried selecting the number of clusters based on other algorithms
and the results were consistent with those herein summarized; the algorithms we tried were: Balanced

Iterative Reducing and Clustering using Hierarchies (BIRCH); spectral; and agglomerative.
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Supplementary Table 1. Pair-wise comparisons between clusters.

Sample in Sample in Degrees of Bonferroni-
Predictor Grupo 1 Grupo 2 Statistic p-value adjusted p-
Group 1 Group 2 freedom value
Average Lipid-Liver 1376 171 -0.4341 228.8684 6.650E-01 1.000E+00
Anthro-BP-
Age Average Sl 1376 105 -6.9071 132.8967 0.000E+00 0.000E+00
Lipid-Liver Anthro-BP- 171 105 -5.1494 243.0031 0.000E+00 0.000E+00
Glucose
Average Lipid-Liver 1376 171 -0.8983 254.9349 3.700E-01 1.000E+00
Body Mass Average Anthro-BP- 1376 105 -2.7146 118.85 8.000E-03 2.400E-02
Index Glucose
Lipid-Liver Aninro-BP- 171 105 -1.9792 167.1476 4.900E-02 1.470E-01
ucose
Average Lipid-Liver 1376 171 -3.3914 256.2415 8.000E-04 2.400E-03
_ Waist Average Anthro-BP- 1376 105 -4.3361 125.4833 0.000E+00 1.000E-04
Circumference Glucose
Lipid-Liver Anthro-BP- 171 105 1.7477 190.4266 8.200E-02 2.460E-01
Glucose
Average Lipid-Liver 1376 171 -3.0838 2215132 2.000E-03 6.000E-03
Systolic Blood Average Anthro-BP- 1376 105 -4.0781 120.6513 1.000E-04 2.000E-04
Pressure Glucose
Lipid-Liver Anthro-BP- 171 105 -1.4565 209.4584 1.470E-01 4.410E-01
Glucose
Average Lipid-Liver 1376 171 -4.6764 177.7001 0.000E+00 0.000E+00
Plasma Average Anthro-BP- 1376 105 -26.7622 105.0216 0.000E+00 0.000E+00
Glucose Glucose
Lipid-Liver Anthro-BP- 171 105 223014 150.0289 0.000E+00 0.000E+00
Glucose
Average Lipid-Liver 1376 171 -7.9482 195.336 0.000E+00 0.000E+00
Total Average Anthro-BP- 1376 105 -4.2568 111.1312 0.000E+00 1.000E-04
Cholesterol Glucose
S Anthro-BP-
Lipid-Liver Gluonse 171 105 1.0709 197.489 2.860E-01 8.580E-01
Average Lipid-Liver 1376 171 -20.3273 174.601 0.000E+00 0.000E+00
Triglycerides Average Aihro-BP- 1376 105 -6.7507 107.88 0.000E+00 0.000E+00
Lipid-Liver Anthro-BP- 171 105 11.1491 272.009 0.000E+00 0.000E+00
Glucose
Average Lipid-Liver 1376 171 -3.521 175.1681 5.000E-04 1.600E-03
Anthro-BP-
Aspartate Average i 1376 105 1.9415 118.8264 5.500E-02 1.650E-01
Lipid-Liver Anthro-BP- 171 105 4.0638 234.143 1.000E-04 2.000E-04
Glucose
Average Lipid-Liver 1376 171 -4.2566 176.3829 0.000E+00 1.000E-04
Alanine Average A?Btl:r:cf:' 1376 105 -0.2754 118.8691 7.840E-01 1.000E+00
Lipid-Liver Anthro-BP- 171 105 3.683 244.7561 3.000E-04 9.000E-04
Glucose
Average Lipid-Liver 1376 171 -5.8033 171.8756 0.000E+00 0.000E+00
Anthro-BP-
Glutamyl Average el 1376 105 -2.8266 108.7452 6.000E-03 1.800E-02
Lipid-Liver Anthro-BP- 171 105 3.9527 239.6927 1.000E-04 3.000E-04
Glucose
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Supplementary Figure 1. Survival curve by cluster.
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Supplementary Figure 2. Schoenfeld residuals for the crude Cox-proportional hazard model.

Global Schoenfeld Test p: 0.07776

Schoenfeld Individual Test p: 0.0778
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