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Abstract

Background: Non-alcoholic fatty liver disease (NAFLD) has been associated with type 2 diabetes, but its relationship with
pre-diabetes is still unknown. This study aims to determine whether pre-diabetes is associated with NAFLD, followed by
establishing a NAFLD predictive nomogram for lean Chinese pre-diabetics with normal blood lipids.

Methods: Datasets from 3 previous studies, 1 (2774 pre-diabetics with normal blood lipids for training, 925 for valida-
tion), 2 (546 for longitudinal internal validation, post-5-year follow-up), and 3 (501 from another institution for external
validation), were used. Kaplan-Meier determined cumulative NAFLD hazard, and least absolute shrinkage and selec-
tion operator regression analysis uncovered its risk factors. Multivariate logistic regression analysis constructed the
nomogram, followed by validation with receiver operating characteristic curve, calibration plot, and decision curve
analyses.

Results: NAFLD incidence increased with diabetes progression, and pre-diabetics had higher cumulative risk versus
non-diabetics, even for lean individuals with normal blood lipids. Six risk factors were identified: body mass index,
total cholesterol, alanine aminotransferase:aspartate aminotransferase, triglyceride:high density lipoprotein choles-
terol, fasting blood glucose and y-glutamyl-transferase. The nomogram yielded areas under the curve of 0.808, 0.785,
0.796 and 0.832, for respectively, training, validation, longitudinal internal validation, and external validation, which,
along with calibration curve values of p = 0.794, 0.875, 0.854 and 0.810 for those 4 datasets and decision curve analy-
ses, validated its clinical utility.

Conclusions: Lean pre-diabetic Chinese with normal blood lipids have higher NAFLD risk versus non-diabetics.
The nomogram is able to predict NAFLD among such individuals, with high discrimination, enabling its use for early
detection and intervention.

Keywords: Non-alcoholic fatty liver disease, Pre-diabetes, Screening tool, Nomogram, Least absolute shrinkage and
selection operator regression analysis

Introduction

Non-alcoholic fatty liver disease (NAFLD) is char-
acterized by excessive fat accumulation within the
liver not stemming from known causes, such as heavy
alcohol consumption and viral hepatitis. Its sever-
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inflammation/hepatocyte damage) to advanced cir-
rhosis and hepatocellular carcinoma [1-4]. NAFLD
is considered a liver manifestation of metabolic syn-
drome, often associated with type 2 diabetes mellitus
(T2DM) and obesity [5, 6]. Indeed, increasing evidence
has found NAFLD being an independent risk factor
for T2DM, which itself could contribute to worsening
NAFLD in a vicious cycle. This is further supported by
NAFLD prevalence among T2DM individuals being
40-70%, significantly higher than for the overall global
population at 25% [7-11].

Recent studies, however, have shown that NAFLD
and T2DM are equally common in lean (body mass
index [BMI] < 23 kg/m? Asians, despite the long-
standing association of obesity with these disorders,
possibly owing to lifestyle, gut microbiota, genetic, and
environmental factors [12—15]. Epidemiological stud-
ies have indicated that ~ 10-20% of NAFLD individu-
als were lean [16]; these individuals are at increased
risk for T2DM onset and mortality, compared to obese
NAFLD individuals [17, 18]. Yet, because of NAFLD
often being associated with obesity, NAFLD in lean
patients, especially pre-diabetics with normal blood
lipid levels, are often overlooked until liver dam-
age has progressed to the point of developing symp-
toms. Currently, liver biopsy is the gold standard for
NAFLD diagnosis, but it has significant limitations
due to high expenses, invasiveness, as well as risks for
sampling errors and complications [19]. Therefore, a
non-invasive approach for diagnosing and/or predict-
ing NAFLD onset has been of great interest; numer-
ous researchers have developed various predictive
models, using a variety of biomarkers, such as from
Zhang et al., whose model incorporated gender, age,
BMLI, triglycerides (TG) and other indicators to evalu-
ate NAFLD risk in T2DM [20]. However, few stud-
ies have been conducted regarding the relationship
between prediabetes and NAFLD, particularly NAFLD
risk among lean pre-diabetics with normal blood lipid
levels.

This study aims to fill in this gap by examining the
associations between lean pre-diabetic Chinese indi-
viduals with normal blood lipid levels and NAFLD
onset. Factors linked to increased NAFLD risk were
elucidated, and a new predictive nomogram model
was developed and verified, particularly with respect
to clinical settings. The nomogram predicted the like-
lihood of NAFLD onset among lean pre-diabetics with
normal blood lipid levels, and was highly capable of
discriminating between those who were and were not
at risk for developing NAFLD, indicating its usefulness
as a non-invasive approach for NAFLD screening and
facilitation of early interventional strategies.
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Methods

Patient data and variable measurements

All data are freely available from the “DATADRYAD”
database; the authors [21, 22] who initially collected this
data have transferred ownership to the database owner,
granting us permission to use this data for secondary
analysis. Measurement data were obtained for the fol-
lowing variables: gender, age, BMI, NAFLD incidence,
height, waist circumference (WC), diastolic (DBP) and
systolic blood pressures (SBP), y-glutamyl-transferase
(GGT), alanine (ALT) and aspartate (AST) aminotrans-
ferase, ALT:AST ratio (AAR), total protein (TP), globu-
lin (GLB), albumin (ALB), fasting blood glucose (FPG),
total cholesterol (TC), TG, high (HDL-C) and low-den-
sity lipoprotein cholesterol (LDL-C), TG:HDL-C ratio
(THR), total (TB) and direct bilirubin (DBIL), alkaline
phosphatase (ALP), hemoglobin Alc (HbAlc), creatinine
(Cr), uric acid (UA), blood urea nitrogen (BUN), as well
as smoking status, being a regular exerciser, and duration
of the follow-up period.

Study design and populations

This study consists of a secondary analysis of 3 longitu-
dinal or cross-sectional studies, of which Studies 1 and 2
were conducted in Wenzhou People’s Hospital. Study 1
was a cross-sectional study, enrolling 183,903 non-obese
individuals, while Study 2 was a longitudinal one enroll-
ing 16,172 non-obese individuals, initially NAFLD-free,
who completed a 5-year follow-up examination. By con-
trast, Study 3 enrolled 15,464 Japanese individuals, based
on the NAGALA (NAFLD in the Gifu Area, Longitudi-
nal Analysis) database, previously used to investigate the
effect of obesity on T2DM risk. For all 3 studies, subjects
fulfilling the following baseline inclusion criteria were
included: 1) No known liver disease, 2) No alcohol abuse
(< 40 g/day or < 70 g/week for females, < 60 g/day or <
140 g/week for males), 3) No medication history. Exclu-
sion criteria were also applied: 1) Dyslipidemia (TC >
5.2 mmol/L, TG > 1.7 mmol/L, LDL-C > 3.12 mmol/L,
HDL-C < 1.03 mmol/L), 2) BMI > 23 kg/m?, and 3) Miss-
ing subject data. After applying inclusion and exclusion
criteria, 37,581 subjects were included in Study 1 (3699
pre-diabetic, based on FPG = 5.84 [5.69-6.10]), 7897 in
Study 2 (642 pre-diabetic, of which 546 with GGT data
available were incorporated as part of the internal longi-
tudinal validation set, with FPG = 5.85 [5.70-6.11]) and
4908 in Study 3 (501 pre-diabetic, based on FPG = 5.66
[5.55-5.83] or HbA1lc around 5.70%; Fig. 1).

Diagnosis of NAFLD and pre-diabetes

Subjects were evaluated annually by liver ultrasound
for NAFLD, based on criteria outlined by the Chinese
Liver Disease Association in 2010, [23] entailing diffuse
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Fig. 1 Flow chart of the study design to establish the predictive nomogram for non-alcoholic fatty liver disease (NAFLD) onset among pre-diabetic
non-obese Chinese individuals with normal blood lipid levels
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Pre-diabetic subjects were defined as having either FPG
5.6—6.9 mmol/L or HbAlc 5.7-6.4%.

Constructing the predictive nomogram and statistical
analysis
The results were reported in line with Transparent
Reporting of a Multivariable Prediction Model for Indi-
vidual Prognosis or Diagnosis (TRIPOD) [24]. For estab-
lishing and verifying the predictive nomogram, 3669
pre-diabetic patients in Study 1 were randomly divided
into 2 cohorts: 2774 in the development cohort, and 925
in the validation cohort, in line with the optimal theo-
retical ratio of 3:1, to construct the nomogram. For veri-
fication, 546 subjects from Study 2, who completed the
5-year follow-up period, were included as part of the
internal longitudinal validation set, while the external
validation set consisted of 501 subjects from Study 3.
When comparing baseline characteristics for each
group, continuous variables were displayed as mean =+
SD, and categorical variables as median (quartile). Sig-
nificant differences between groups were determined,
using either a non-parametric one-way ANOVA test
for continuous variables, or X2 test for categorical vari-
ables. P<0.05 was considered statistically significant.
Kaplan-Meier analysis was used to calculate the cumula-
tive hazard for NAFLD over time, in order to evaluate the
relationship between diabetes progression and NAFLD;
this was conducted by the survival package of R soft-
ware (version 4.1.3 3). To obtain the predictors behind
NAFLD, least absolute shrinkage and selection operator
(LASSO) regression analysis was run by glmmet package,
which were then subjected to multivariate logistic regres-
sion analysis by rms package to build the predictive nom-
ogram. The statistical values for those predictors were
expressed in terms of odds ratios (OR), with a 95% con-
fidence interval (CI). This nomogram was then evaluated
using receiver operator characteristic curve (ROC) analy-
sis, using pROC package, to determine its discriminatory
capability, in which the closer the area under the ROC
curve (AUC) was to 1, the greater the accuracy of the
nomogram. Calibration curves were then constructed by
rms to determine the extent of agreement between pre-
dicted probabilities and actual observations for NAFLD.
Clinical utility of the nomogram was determined using
decision curve analysis (DCA), in which standardized
net benefits were calculated under different threshold
probabilities.

Results

Characteristics of the cohort subjects

The baseline characteristics for Study 1 are summarized
in Supplementary Table S1, in which 37,581 lean individ-
uals (16,053 males, 21,528 females), with normal blood
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lipid levels, were included in the total cross-sectional
cohort. Median age was 36 years (IQR 30-47) and 1364
had NAFLD (3.6%). The cohort was then divided into 3
groups, based on standard criteria for diabetes: 33209
normal, 3699 pre-diabetics, and 673 diabetics. NAFLD
was highest in both diabetic (14.9%) and pre-diabetics
(7.8%), compared to normal (2.9%). Furthermore, com-
pared to normal, pre-diabetics were older, had higher
BMI and less favorable biochemical marker levels. In
fact, the differences in clinical parameters between the
3 groups were all statistically significant (P <0.001; Table
S1). The pre-diabetic group, in turn, was then randomly
divided into 2 cohorts: 2774 in development, and 925 in
validation cohorts. No statistically significant differences
were found between these 2 cohorts in terms of baseline
demographics, clinical characteristics and NAFLD inci-
dence (Table S2).

Supplementary Table S3 displays baseline character-
istics for Study 2, comprising 7897 initially NAFLD-free
individuals, who attended annual health check-ups at
Wenzhou People’s Hospital during a 5-year follow-up
period. At the end of that period, 343 were diagnosed
with NAFLD. All subjects were divided into normal, pre-
diabetic and diabetic groups, in which NAFLD increased
from 1 group to the next, with 3.7% among non-diabetics,
9.7% in pre-diabetics, and 15.3% in diabetics. Diabetes
was thus found to be positively correlated with increased
NAFLD risk under Kaplan-Meier analysis; in particu-
lar, pre-diabetics had higher cumulative risk throughout
the 5-year follow-up period for NAFLD, compared to
normal, while diabetics had the highest risk (Fig. 2). An
internal validation set was then established, using 546
pre-diabetics, and it was found that 10.4% of them had
NAFLD.

In Study 3, 4908 individuals examined at Murakami
Memorial Hospital (Gifu, Japan) from 2004 to 2015 were
included, of which 143 had NAFLD, and the remaining
4765 did not (Table S4). Median age was 43 years (IQR
39-50), which was older than the 39 years of non-NAFLD
patients (IQR 35-45; P<0.001). Additionally, the follow-
up period for NAFLD patients was longer than for non-
NAFLD group (2147 vs 2037 days, P<0.001). Afterwards,
501 pre-diabetics were included in the external validation
set, in which 39 had NAFLD, and median follow-up was
1638 days (IQR 734.5-2926).

Development of the predictive nomogram

Initially, 17 variables were included at the start of the
construction of the predictive nomogram: gender, age,
BMI, GGT, AAR, TP, GLB, ALB, FPG, TC, THR, LDL-C,
TB, DBIL, Cr, UA, and BUN. LASSO regression analysis
reduced the number of potential variables for the nom-
ogram from 17 to 7, comprising BMI, TC, AAR, THR,
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Fig. 2 Kaplan-Meier analysis of the cumulative risk for developing NAFLD among non-diabetics (blue), pre-diabetics (red), and diabetics (yellow)
over the 5-year follow-up period. Diabetes progression was found to be positively associated with increased risk of NAFLD onset. p <0.0001
between all 3 groups

FPG, UA and GGT. Figure 3A and B shows the corre-
lations between regression coefficients and LASSO’s
lambda. These 7 variables were then incorporated into
logistics regression analysis, whose results are displayed
in Table 1, and out of those 7, only UA was excluded from
the final predictive nomogram. The remaining 6 variables
were then used as the basis for the predictive nomogram
in Fig. 3C. The operation of this nomogram is through
each of those 6 variables corresponding to a specific
points value, and the total points added from those vari-
ables, in turn, corresponds to a specific probability for
developing NAFLD. For example, a non-obese pre-dia-
betic with normal blood lipid levels, possessing a BMI of
22.801 kg/m* GGT of 32 U/L, AAR of 1.25, FPG of 6.13
mmol/L, TC of 5.17 mmol/L, and THR of 0.929, has an
estimated probability of NAFLD of 38.1% (Fig. 3D).

Evaluating discriminatory capability and accuracy

for the predictive nomogram

ROC curves were used to determine the discriminatory
capability and accuracy of the predictive nomogram, and
the resulting AUCs were shown in Fig. 4, for the train-
ing (Fig. 4A), validation (Fig. 4B), longitudinal internal

validation (Fig. 4C), and external validation sets (Fig. 4D).
All of these results, yielding AUCs of 0.785-0.832, indi-
cated that the nomogram was highly discriminatory for
detecting NAFLD occurrence. Calibration curves were
then used to evaluate the correspondence between the
predicted values from the nomogram with the actual
probability for developing NAFLD (Fig. 5). The corre-
spondence between predicted and actual probabilities
for the training, validation, longitudinal internal vali-
dation, and external validation were, respectively, P =
0.794 (Fig. 5A), 0.875 (Fig. 5B), 0.854 (Fig. 5C), and 0.810
(Fig. 5D), indicating that the results from the nomo-
gram had a high degree of concurrence with the actual
findings, as no significant difference was found between
predicted and actual probabilities. DCA showed that
the threshold probability of the model in the training
(Fig. 6A), validation (Fig. 6B), longitudinal internal vali-
dation (Fig. 6C) and external validation sets (Fig. 6D)
were all higher than for “all patients with NAFLD” or “no
patients with NAFLD’, indicating that the nomogram
was of clinical utility. For instance, in Fig. 6A, a NAFLD
risk probability of 40% corresponded to a net benefit of
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Fig. 3 Selection of variables using the least absolute shrinkage and selection operator (LASSO) binary logistic regression model. A coefficient
profile plot was constructed against the log (lambda) sequence. A Seventeen variables with nonzero coefficients were selected by deriving the
optimal lambda value. B Following verification of the optimal parameter (lambda) in the LASSO model, partial likelihood deviance (binomial
deviance) curve versus log (lambda) was plotted, and dotted vertical lines for those variables were drawn, based on 1 standard error criteria, to
obtain the 7 variables (body mass index [BMI], total cholesterol [TC], alanine aminotransferase to aspartate aminotransferase ratio [AAR], triglyceride
to high density lipoprotein cholesterol ratio [THR], fasting blood glucose [FPG], y-glutamyl-transferase [GGT], and uric acid [UA]). Construction of the
predictive nomogram. C The predictive nomogram is based on the risk factors of GGT, AAR, FPG, BMI, THR, TC, and BMI. D Example of a nomogram
in use, where the patient measurements for each of the 6 parameters corresponds to a specific point value, and the total points corresponds to a
percentage likelihood of developing NAFLD

~ 25%, which could be interpreted that the nomogram
would benefit ~ 25 out of 100 individuals.

Discussion

Obesity and dyslipidemia used to be considered the main
risk factors for NAFLD, as well as increasing T2DM and
cardiovascular disease risk in NAFLD [25]. However,
owing to lean individuals, particularly from Asian popu-
lations, being diagnosed with NAFLD [15, 26], the con-
cept of lean NAFLD has received increasing attention.
In fact, surprisingly, lean individuals with NAFLD are at
greater risk for T2DM, and have higher mortality rates,
compared to obese individuals [17, 18]. The association

between T2DM and NAFLD is not surprising, as NAFLD
has been found to be an independent risk factor for
T2DM, playing a significant role in its development;
indeed, a meta-analysis from Ballestri et al. found that
NAFLD was associated with an almost 2-fold increased
risk for T2DM during a 5-year follow-up period [27].
There is also a reciprocal relationship between T2DM
presence and NAFLD risk, in which NAFLD is more
prevalent among T2DM individuals, compared to the
overall global prevalence of NAFLD [10]. However, while
the link between T2DM and NAFLD has been well-estab-
lished, the association between NAFLD and pre-diabetes
is poorly-defined. In this study, it was demonstrated that
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Table 1 Multivariate logistic regression analysis of NAFLD risk predictors among non-obese pre-diabetics with normal blood lipid

levels
Variables Estimate Standard error z P Odds ratio Confidence Confidence
Interval (2.5%) Interval
(2.5%)

Intercept —25.958 2326 —11.162 <0.001 0.000 0.000 0.000
GGT 0.004 0.002 2121 0.034 1.004 1.001 1.009
ALT/AST 1.267 0.222 5.702 <0.001 3.551 2293 5490
FPG 0.797 0213 3.740 <0.001 2218 1.455 3.357
TG/HD-C 1.359 0.250 5442 <0.001 3.893 2387 6.357
TC 0422 0.138 3.054 0.002 1.525 1.168 2.009
UA 0.001 0.001 1.565 0.117 1.001 9.996 1.003
BMI 0.656 0.081 8.125 <0.001 1.928 1.654 2.271

ALT alanine aminotransferase, AST aspartate aminotransferase, BMI body mass index, FPG fasting plasma glucose, GGT y-glutamyltranspeptidase, HDL-C high-density
lipoprotein cholesterol, NAFLD nonalcoholic fatty liver disease, TC total cholesterol, TG triglyceride, UA uric acid
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Fig. 4 Validation of the accuracy of the predictive nomogram using receiver operating characteristic curve (ROC) analysis, based on data from
individuals in A training, B validation (both Study 1), C longitudinal internal validation (Study 2), and D external validation (Study 3) sets

among lean individuals with normal blood lipid levels, normal, pre-diabetic, and diabetic groups. There, NAFLD
prediabetics were more at risk for NAFLD, compared to  incidence at the end of the 5-year follow-up period
normal individuals, as shown in the results from Study increased from as low as 3.7% among normal, to 9.7% in
2, where 7897 initially NAFLD-free, lean Chinese indi- pre-diabetics and 15.3% in diabetics, suggesting that the
viduals with normal blood lipid levels were divided into  latter 2 categories were more likely to develop NAFLD,



Zhu et al. Lipids in Health and Disease (2022) 21:149

Page 8 of 12

A
° Dxy 0.615
C(ROQ) 0.808
2 3 o Emax 033 ]
5 E90 0.016 .
© Eavg 0.006
m
'8 o 7 sz 0261
a Sp 0794 .2
S a
o . Ideal
< S A < — Logistic calibration
g Nonparametric
g ({TTTFTm
T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5
Predicted Probability
v
S by 0592
> < | C(ROQ) 0.796
= o Emax 0.146
% E90 0.030
Q ™ _| Eavg 0.013
g S sz 0184
. Sp 0.854
S s4 000 LA
k]
< E Ideal
S - — Logistic calibration
Nonparametric
e b Mttt ot e
T T T T T T
0.0 0.1 0.2 03 0.4 0.5
Predicted Probability

n
| bxy 0571
> < | CROO 0785
= ©° Emax 0.290
) £90 0016
o) g _| Eavg 0008 e
£ Sz 0.158 e
o Sp 0875
T o
S5 © -
2
<‘t-’ Ideal

0.1

b A — Logistic calibration

NonparametrlC
= T - .
o
T T T T T
0.0 0.1 0.2 03 04 0.5
Predicted Probability
v
° | bxy 0.665
> < C(ROQ) 0.832
2 oS - Emax 0351 A
o E90 0.030
8 « |Eavg 0015
© ° sz 0241
= Sp 0810 .7
c N |
5 o
=1
1%
< _ Ideal
S / — Logistic calibration
AL Nonparametric
I I T U
S .-
T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5

Predicted Probability

Fig. 5 Calibration curves demonstrating the correspondence between the predicted outcomes from the nomogram, compared to the actual
results in A training, B validation (both Study 1), C longitudinal internal validation (Study 2), and D external validation (Study 3) sets

compared to normal. This was further supported by
Kaplan-Meier analysis demonstrating a positive correla-
tion between diabetes progression and increased NAFLD
risk; indeed, pre-diabetics had higher cumulative NAFLD
risk after the 5-year follow-up period, compared to nor-
mal. This increased risk for NAFLD among pre-diabetic
lean Chinese individuals, with normal blood lipid levels,
was associated with 6 risk factors: BMI, TC, AAR, THR,
FPG and GGT, which were then incorporated as part of a
predictive nomogram, yielding an AUC ~ 0.8 among the
4 sets tested, indicating that it had a high discriminatory
capability; this nomogram was further validated by cali-
bration curves. The clinical utility of the nomogram was
confirmed by DCA, indicating that it could be used for
screening of high-risk individuals, allowing earlier and
more effective interventions against NAFLD.
“Pre-diabetes” describes a condition where blood
glucose levels are higher than normal, but lower than
those associated with T2DM diagnosis. The pathogen-
esis underlying this condition stems from impaired [-cell
function and increased insulin resistance (IR). Predia-
betic cases have been increasing worldwide in an alarm-
ing trend [28], and is even more prevalent among Asians,
compared to Westerners [29]. As a result, prediabetes is

regarded as a critical stage, as early screening and inter-
vention could reduce, or even reverse, the risk of pro-
gressing to diabetes. Such screening and intervention
during prediabetes could also potentially aid in reducing
NAFLD risk [30, 31]; however, the prediabetic popula-
tion, particularly those who are lean, are often ignored
in clinical practice until they had already progressed to
T2DM or NAFLD.

To meet this unmet need, we thus developed a novel
predictive nomogram to determine NAFLD risk among
pre-diabetic lean Chinese individuals with normal blood
lipid levels. There have already been several predictive
models developed to determine the risk of individuals
ending up with T2DM and NAFLD, such as from Zhang
et al. and Xue et al. [20, 32], both of which focused on
assessing NAFLD risk among Chinese T2DM. Another
model from Cai et al. [33] is able to estimate 8-year
incidence of T2DM among NAFLD populations. How-
ever, these models did not deal with predicting NAFLD
risk among pre-diabetics, unlike our nomogram. In this
study, BMI, TC, AAR, THR, FPG and GGT were used
as the basis for the nomogram, as they were considered
the most predictive under LASSO and logistic regres-
sion analyses. Both LASSO and logistic regression are
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Fig. 6 Decision curve analysis of the predictive nomogram, based on data from the A training, B validation (both Study 1), C longitudinal internal
validation (Study 2), and D external validation (Study 3) sets. Red line represents the predictive nomogram, thin solid line the hypothesis that all
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able to solve all kinds of problems involving multicollin-
earity and confounding factors, providing more accurate
results compared to other analytical methods. Addition-
ally, compared with the traditional prediction model,
the nomogram model is more accurate, easier to visual-
ize, and more convenient for clinical decision-making.
This was then verified by establishing 4 data sets: train-
ing, validation, longitudinal internal validation, and
external validation. Furthermore, ROC and calibration
curve results, as well as DCA, confirmed that our nomo-
gram was highly accurate with respect to its predictions
when compared to actual outcomes, as well as provid-
ing greater utility in clinical settings for prognosticating
future NAFLD. It has been noted, though, that current
non-invasive diagnostic techniques, such as ultrasonic
liver imaging and measurement of serum biomarkers,
have already been proven to be useful for diagnosing
NAFLD. However, both of these methods have limita-
tions, in that “gold standard” cut-off values for serum
biomarkers, such as AAR, have not been fully defined
and validated. Furthermore, these biomarkers are not
liver-specific, meaning that they could be influenced by

co-morbidities, resulting in misleading measurements
[34]. Additionally, ultrasound detection is less effective in
the extremely early stages of NAFLD, limiting its utility
for facilitating early intervention against this disease [35].
By contrast, the predictive nomogram established in this
study was able to predict NAFLD onset long before its
occurrence, even before it was detectable by either serum
biomarkers or ultrasound.

Comparisons with other studies and what the current work
add to existing knowledge

The inclusion of the 6 parameters, BMI, TC, THR,
AAR, FPG and GGT, in the predictive nomogram was
in line with findings from previous studies. Obesity has
been considered a significant independent risk factor
for T2DM and NAFLD [36-38]; moreover, even in non-
obese individuals, defined as having BMI < 25 kg/m?
increases in NAFLD risk has been found to be positively
associated with BMI increases [39]. This is consistent
with what was found in this study among lean Chinese
individuals, whose BMI were < 23 kg/m?2. Lipid-based
metabolic disorders and adipose tissue dysfunction
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also play important roles in NAFLD onset, and close
associations have been found between NAFLD occur-
rence and increased levels of TC, TG, HDL-C, and
other lipid components [24, 40]. In particular, THR
has been shown to be independently associated with
NAFLD onset in healthy individuals, which is in line
with it being a surrogate indicator of IR, and thus the
progression of an individual towards prediabetic and
diabetic stages, as well as NAFLD. This association,
in turn, enables THR to serve as a NAFLD predictor,
in which the higher the ratio, the higher the risk for
developing NAFLD and diabetes [41, 42]. Both lipid-
associated parameters and THR correlating to NAFLD
risk was supported by this study, which demonstrated
that higher NAFLD risk was present among those with
higher TC and THR, even if they otherwise had over-
all normal lipid levels. As for GGT, ALT, and AST, they
have long been used in China as liver functional indi-
cators to evaluate hepatobiliary diseases. GGT is found
on the surface of multiple cell types and is highly active
in the liver, where it is involved in reducing oxidative
stress. It is believed to be closely related to liver stea-
tosis and fat deposition, and could possibly serve as a
surrogate marker for NAFLD [43]. Additionally, epide-
miological studies have confirmed that serum GGT is
closely related to T2DM, possibly serving as an impor-
tant predictive risk indicator [44]. ALT and AST are
both specific markers of liver inflammation and cell
damage, and are also closely related to NAFLD, likely
owing to higher ALT and AST contributing to chronic
liver inflammation, IR, and hepatic steatosis [45]. Com-
pared to ALT and AST alone, though, AAR is more
strongly predictive for NAFLD onset, which has led to
its increased prevalence as a predictive indicator [46];
this was further supported by a study of 12,127 ini-
tially non-obese, NAFLD-free individuals, where AAR
was found to be an independent risk factor for NAFLD
onset in obese individuals [47]. FPG levels have also
been found to reflect the level of secretion and func-
tioning of basal insulin, leading to it being considered
an independent predictor of DM [48, 49]. The current
study has extended this observation to NAFLD, in that
higher FPG has been found to correspond to greater
NAFLD risk.

Furthermore, this study demonstrated that among lean
Chinese individuals with normal blood lipid levels, pre-
diabetics were more at risk for NAFLD, compared to nor-
mal individuals. This higher risk was able to be predicted,
with high discriminatory capability, using a nomogram
incorporating 6 factors: BMI, TC, AAR, THR, FPG and
GGT. This nomogram could be thus used as a screening
tool for identifying high-risk individuals, allowing earlier
and more effective interventions against NAFLD.
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Study strengths and limitations

To the best of our knowledge, the present study is the
first to develop and evaluate a predictive nomogram for
NAFLD risk, among a lean Chinese population with nor-
mal lipid levels in the pre-diabetic stages. This nomo-
gram was based on, and confirmed by, representative
large sample populations obtained from different medical
institutions in different regions of China and Japan, dem-
onstrating its validity for a variety of different population
groups. It was also based on findings from both cross-
sectional and longitudinal studies, providing greater reli-
ability in predicting NAFLD in a long-term time scale.
Furthermore, the measurements for the 6 parameters in
the predictive nomogram can be obtained simply and
non-invasively, facilitating widespread ease in its adop-
tion in clinical practice. However, there are a number of
limitations to this study, one of which is that this was a
secondary retrospective analysis, based on data col-
lected from 3 previous studies, resulting in limitations in
the data collected despite the large sample sizes. These
limitations in the collected data included the number of
times that FPG and HbAlc measurements were taken
among the patients in those studies, as different condi-
tions could affect FPG and HbAlc measurements, and
thus patient categorization as normal, pre-diabetic, or
diabetic. Additionally, NAFLD staging data was not avail-
able, even though it had been previously documented
that a number of factors could have varying impacts at
different NAFLD stages. For instance, it has been docu-
mented that the negative impact of dyslipidemia is less
significant in later stages of NAFLD, when cirrhosis
develops, due to the failure of hepatic lipid-synthesizing
mechanisms at that stage [50]. Another limitation is that
diabetes and pre-diabetes diagnostic criteria was mainly
based on FPG, which could lead to undercounting, as
FPG may miss some individuals who could otherwise be
caught by other tests, such as the oral glucose tolerance
test (OGTT), which was not carried out by the studies
included in this paper. Future investigations should take
OGTT, as well as multiple FPG and HbAlc measure-
ments under multiple different conditions, to ensure that
the overall values are fully reflective of patient glycemic
statuses. Furthermore, the associations between the 6
factors incorporated into the predictive nomogram with
different stages of NAFLD should be examined.

Conclusions

NAFLD risk is higher in lean Chinese prediabetics with
normal blood lipid levels, compared to normal individu-
als. A predictive nomogram was developed, incorporat-
ing the 6 strongest predictive parameters of BMI, TC,
AAR, THR, FPG, UA and GGT, that was highly dis-
criminatory between pre-diabetics who would develop
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NAFLD versus those who would not. This approach will
facilitate the development of early screening and inter-
ventional strategies against NAFLD onset in pre-diabet-
ics, ensuring greater preservation of liver functioning and
better quality of life.
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