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The human face harbors a rich tapestry of complex phenotypic information spanning genetic, environmental, and physiological dimensions.
While facial images excel in diagnosing genetic diseases, their untapped potential for predicting metabolic health presents an intriguing
prospect. Metabolic Syndrome (MetS), marked by a constellation of metabolic abnormalities, poses a significant risk for various chronic
diseases. Utilizing Face-Wide Association Studies (FaWAS) on a discovery cohort of 2,621 Chinese individuals and a replication cohort of
2,188 Chinese individuals, we investigated the associations between facial features and MetS and its related conditions. Our findings
highlight half of our investigated facial features strongly correlated with MetS risk, such as a slender forehead, a broader and shorter
jawline, and fuller features around the temples-eye-cheek region, with notable genetic correlations (0.55-0.58) and influences from en-
vironmental factors like age, urban residency, and educational level. The developed face-based prediction model demonstrated significant
predictive robustness, achieving an AUC of up to 0.87 for MetS and 0.89 for obesity in external validations, surpassing traditional 2D
imaging techniques. Our model also aids in identifying subtypes within healthy populations, with a 2.07 to 2.40-fold increased risk of
developing different metabolic disorders within the next five years. This paves the way for precise risk stratification of individuals who are
‘at risk’. Integrating 3D facial imaging for metabolic health predictions, our research introduces an innovative, non-invasive framework for
health assessment and subtype identification, demonstrating high potential in personalized medicine and health monitoring.
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INTRODUCTION

The human face, a rich source of high-dimensional phenotypes,
encapsulates genetic, environmental, and physiological informa-
tion, providing a unique window into an individual’s health
status (Bonfante et al., 2021; Cui and Leclercq, 2017; Gurovich
et al., 2019; Liu and Feng, 2023; Liu et al., 2023; White et al.,
2021; Xiong et al., 2019; Xiong et al., 2022; Zhang et al., 2022).
Mapping facial features to health status shows promise in the
realm of non-invasive health monitoring with great potential in
revolutionizing how we manage and understand health risks.
Recent advances in 3D imaging technology have significantly
enhanced the potential of facial studies, especially in medical/
genetic research. Compared with 2D portraits, the extra
dimension significantly enhances the phenotypic variance

detectable by facial images, allowing for detailed phenotype
analysis (Yang et al., 2022).

Historically, facial imaging has played a pivotal role in the
diagnosis of genetic anomalies, such as Down syndrome and
de Lange syndrome (Bhuiyan et al., 2006; Cox-Brinkman et al.,
2007; Gurovich et al., 2019; Hammond, 2007; Hammond et al.,
2008; Hammond et al., 2005; Hammond et al., 2004; Tobin et
al., 2008), underscoring its diagnostic value. However, its utility
in forecasting the onset of common and polygenic conditions/
disorders like metabolic syndrome (MetS) remains underex-
plored. MetS is a multifaceted condition characterized by a cluster
of metabolic abnormalities, including obesity, hyperglycemia,
hypertension, and dyslipidemia (Grundy et al., 2005). The global
prevalence of MetS is currently estimated to be between 25% and
35% (Saklayen, 2018). In Chinese residents aged 20 years or

Citation: Peng, Q., Cheung, Y.X., Liu, Y., Wang, Y., Tan, J., Yang, Y., Wang, J., Han, ].D., Jin, L., Liu, F., et al. 3D facial imaging: a novel approach for metabolic abnormalities

risk profiling. Sci China Life Sci, https://doi.org/10.1007/s11427-024-2726-8

CrossMark

& click for updates

SCIENCE CHINA Life Sciences © Science China Press 2025


http://life.scichina.com
http://link.springer.com
https://doi.org/10.1007/s11427-024-2726-8
https://doi.org/10.1007/s11427-024-2726-8
http://crossmark.crossref.org/dialog/?doi=10.1007/s11427-024-2726-8&domain=pdf&date_stamp=2025-01-02
https://doi.org/10.1007/s11427-024-2726-8

older, the standardized prevalence of MetS was reported to be
31.1% in 2015-2017 (Zhao et al., 2023). MetS serves as a
precursor to various chronic diseases and contributes to all-cause
mortality (Agirbasli and Aksoy, 2019; Cai et al., 2019; Doosti-
Irani et al., 2019; Gunn et al., 2015; Hong et al., 2017; Khunti et
al., 2018; Kim et al., 2018; Kontopantelis et al., 2015; Rutter
and Nesto, 2011; Tsigos et al., 2013) and acts as a harbinger for
various chronic ailments, thereby epitomizing a complex
phenotype ideal for assessing the efficacy of facial analysis in
health status determination. The identification of facial varia-
tions linked to early risk indicators of such conditions could pave
the way for the development of swift, non-invasive monitoring
techniques, thereby broadening the spectrum and accessibility of
medical assessments.

In this context, we delve into the utility of 3D facial imaging as
a non-intrusive methodology for profiling the risk of MetS by
initiating a Face-Wide Association Study (FaWAS) encompassing
2,621 individuals of Chinese Han descent. This study is
complemented by a subsequent prediction analysis in 2,188
Chinese individuals to evaluate the accuracy of health status
prediction derived from face reading. Notably, our investigation
went beyond simply predicting health status. We explored the
underlying mechanisms by revealing a genetic basis for the
association between facial features and health. Furthermore, we
established the clinical significance of facial feature-based
prediction by defining health subtypes and validating their
potential in identifying high-risk populations for MetS using a
longitudinal data.

RESULTS

Sample characteristics

Two cross-sectional datasets and one longitudinal dataset were
included in this study: the discovery dataset, a subset of Taizhou
longitudinal cohort (Wang et al., 2009) (TZL, n=2,621, 30.0%
male, mean age 55.33 yearst9.3 years), and the validation
dataset, a subset of the National Survey of Physical Traits (Peng
et al.,, 2024) (NSPT, n=2,188, 35.6% male, mean age
49.77 years *13.6 years) (Figure 1A, Table 1). We also
incorporated data from a longitudinal cohort study, Jidong
Cohort (Xia et al., 2020) (JD), to further validate our findings and
assess the long-term predictive potential of facial feature-based
health subtypes. This dataset includes follow-up data of 3,769
individuals collected over five years across four time points:
2018, 2019, 2022, and 2023.

In our study, an individual was classified as having MetS
according to the revised ATP III (Third Adult Treatment Panel
Report) criteria (Huang et al., 2022). The definition of other
diseases (Obesity, Dyslipidemia, Hypertension, Hyperglycemia,
etc.) could be found in Methods. The prevalences of these
metabolic conditions, including metabolic syndrome (28.3%—
32.1%) and hypertension (34.5%-45.2%), were largely consis-
tent with previously reported epidemiological data in Chinese
populations (Chen et al., 2023; Ge et al., 2020; Liet al., 2020; Lu
et al.,, 2021; Mu et al., 2021; Yin et al., 2022).

Our 3D imagery analysis ascertained 7,906 spatially dense
facial landmarks, resulting in a total of 23,718 vectors on the x-
y-, and z- dimensions. The top 100 principal components (PCs)
underlying these facial vectors could explain 94% of the total
facial variance, while the top 50 PCs explained 89% (Figure 2A
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Table 1. Description of samples and traits utilized in this study

Characteristic . NSPT
N|mean %|sd N|mean %] sd
N 2,621 100.0 2,188 100.0
Male 786 30.0 778 35.6
Age (year) 55.3 9.3 49.8 13.6
MetS 840 32.1 610 28.3
Obesity 321 12.2 306 14.0
Central Obesity 810 30.9 945 43.2
Hypertension 1,184 45.2 755 34.5
Dyslipidemia 846 323 794 36.3
Hyperglycemia 341 13.0 182 8.3
Waist circumference (cm) 81.7 9.4 82.1 10.2
BMI (kg m2) 244 3.2 242 3.6
SBP (mmHg) 134.1 19.8 127.8 20.5
DBP (mmHg) 79.9 12.3 79.6 12.0
CH (mmol L) 5.3 1.0 5.1 1.1
TG (mmol L) 1.6 1.1 1.3 0.9
HDL (mmol L) 1.6 0.4 14 0.4
LDL (mmol L) 3.0 0.6 3.0 1.0
GLU (mmol L) 6.0 1.4 5.6 1.0
Urban 2,150 82.0 481 22.0
Ever Smoking 548 20.9 500 229
Ever Alcohol consumer 458 17.5 367 16.8

and B, Table S1). Many PCs also demonstrated highly significant
associations with age and sex as expected (P-value < 0.05) (Table
S1).

Abundant face associations with health status

Our FaWAS examined the association between the 23,718 facial
vectors and the risk of MetS (Figure 1A), revealing that nearly
half of the facial vectors (47.6%, n=11,296) showed a significant
association with MetS risk even after a conservative Bonferroni
adjustment (P-value<2.1x10°°, Figure 1B). The strongest
association was observed in the cheek region, marked by the
most significant P-value of 5.6x10-68, Visual analysis of these
associations corroborated our observations that individuals with
MetS commonly exhibit a narrower forehead, a wider and shorter
jawline, and fuller features around the temples, eyes, and cheeks
(Figure 1C, Figure S3C).

A replication study in a second population (NSPT) confirmed
these associations with a high replication rate. Notably, among
the 11,296 significant facial vectors identified in the discovery
data (TZL), a substantial proportion (76.8%, n=8,676) remained
significant even after a strict Bonferroni correction (P-va-
lue<4.4x10-%) (Figure S1A, Table S2). Importantly, these
associations were consistent across genders, as evident by
the strong correlations in effect sizes between males and females
(Pearsons’ r = 0.9 in TZL and r = 0.87 in NSPT, Figure S2A
and B).

Further analysis involving additional 14 MetS-related dis-
orders and traits revealed similar association patterns. A
considerable number of facial vectors were significantly asso-
ciated with MetS-related metabolic abnormalities (ranging from
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Figure 1. FaWAS result of Metabolic syndrome (MetS). A, FaWAS design in this study. B, -log10 transformed P values of FaWAS result of MetS in the discovery cohort. Gradient
blue indicates —log10 transformed P values of FaWAS result of MetS. C, The average facial appearance of healthy individuals and individuals with MetS. +1 MetS indicates the
average face of individuals with MetS; +2 to +5 indicates 2 to 5 times amplified metabolic syndrome facial effects.

13.3% for hyperglycemia up to 50.0% for obesity) and traits
(from 16.9% for GLU up to 65.5% for BMI, Table S2, Figure S1B—
S1H). Notably, the most associated facial regions for BMI (wider
and shorter jaw) closely aligned with findings in previous studies
using 2D facial imaging (Figure S4) (Stephen et al., 2017; Wen
and Guo, 2013). The diagnostic criteria for metabolic syndrome
include waist circumference, blood pressure (SBP and DBP),
blood glucose, and blood lipids (HDL, TG). Increased waist
circumference and TG were associated with a narrower and
shorter forehead, a wider and shorter mandible, and fuller
features around the temples, eyes, and cheeks. Increased waist
circumference was also associated with a sunken nasal area (Fig.
S5A and B). These features are consistent with the characteristics
of facial obesity. Elevated SBP and DBP were associated with a
narrower and fuller forehead, as well as a shorter mandible (Fig.
S6A-D). Elevated HDL was associated with a wider and longer
forehead, a longer mandible, and sunken areas around the eyes
and cheeks. This is consistent with the function of HDL, which
can remove excess cholesterol from peripheral tissues and
transport it back to the liver, where it is then excreted in the
bile (Fig. S7A and B).

High replication rates were also observed in NSPT (ranging
from 20% to 50%), with consistent findings between genders

https://doi.org/10.1007/511427-024-2726-8

(0.66<r<0.98) for MetS-related disorders and traits (Table S2,
Figure S1B-H and Figure S2C-P). These results highlight the
profound degree to which facial characteristics are associated
with health conditions, exceeding our preliminary expectations
and prompting our further analysis into prediction modeling.

Facial PCs associated with MetS

In our FaWAS using facial PCs over facial vectors, we
incorporated age and sex as covariates to adjust for their
potential confounding effects. Despite these adjustments, the
analysis consistently revealed a significant association between
facial PCs and the risk of MetS, as well as its related metabolic
abnormalities (Table S1). Out of the top 100 PCs, 24 were
significantly associated with MetS risk, with notable associa-
tions also found with risk of obesity (22 PCs), central obesity
(25 PCs), dyslipidemia (14 PCs), hyperglycemia (14 PCs), and
hypertension (12 PCs). PCs that are significantly associated
with MetS are also moderately to strongly associated with other
metabolic diseases (Figure 2C, Table S1). For example, PC2 and
PC3 are the two PCs most significantly associated with MetS
(PC2: P-value =1.6x10733, PC3: P-value = 1.1x107°), and
they are also significantly associated with five other metabolic

SCIENCE CHINA Life Sciences 3
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Figure 2. Facial PCs and their association with age, sex and six metabolic abnormalities. A, The explained proportion of each facial PC. Top 100 PCs were shown. B, The
cumulated proportion of top 100 facial PCs. C, The association between top 20 PCs with age, sex and six metabolic abnormalities. D, The association between top 20 PCs with
metabolic abnormalities age adjusted for age+sex (adjagesex), age+sex+BMI (adjagesexBMI), and age+sex+BMI+waist circumference (adjagesexBMIwa). *, significant after

Bonferroni correction (P-value<2.5x10-%).

disorders. Interestingly, the association of PC2 with six
metabolic disorders is opposite to their association with age,
and the association of PC3 with age is not significant (Figure
2C, Table S1), indicating that although metabolic disorders are
age-related diseases, their manifestations on the human face
are not completely synchronized with age. Obesity is a known
risk factor for multiple metabolic diseases. To assess whether
the observed associations between facial PCs and metabolic
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diseases are solely driven by obesity, we explored the relation-
ships after controlling for obesity-related measures (BMI and
waist circumference). Results revealed that even after adjusting
for these obesity measures, a substantial number of facial PCs
remained significantly associated with metabolic diseases
(Figure 2D). This suggests that facial PCs may reflect broader
metabolic dysregulation beyond that directly attributable to
obesity.
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Common factors influencing facial variation and metabolic
abnormalities

To further understand the associations between facial features
and risk of metabolic abnormalities, we initiated a preliminary
exploration of potential common factors influencing both facial
variations and MetS risk. By leveraging data from genetic
association studies related to facial morphology (Zhang et al.,
2022), we aimed to quantify the genetic correlation between
facial PC attributes and MetS. GCTA (Yang et al., 2011; Yang et
al., 2016) was employed to estimate SNP-based heritability for
facial PCs and MetS and to evaluate genetic correlations between
facial PCs and MetS. Our findings reveal that although the
heritability of MetS aligns with prior research (Musani et al.,
2017; Rana et al., 2022), indicating a moderate range (0.22—
0.24), the genetic correlation between facial features and MetS is
considerably higher, marked at 0.55-0.58 (Figure 3A). This
significant correlation suggests a robust shared genetic founda-
tion underpinning both facial characteristics and MetS suscept-
ibility.

Demographic and lifestyle factors exert significant influences
on both health outcomes and physical characteristics (Gunn et
al., 2015; Peng et al., 2023; Rippe, 2018; Santos, 2022). In this
investigation, we analyzed eight such factors across two cohorts,
aiming to pinpoint influences that concurrently affect facial
characteristics and health status. Our analyses underscore the
profound impact of age, urban residency, and educational
attainment on both facial features and the risk of Metabolic
Syndrome (MetS) (Figure 3B, Table S3). Additionally, age and
educational level were also associated with central obesity,
hypertension, and other metabolic conditions (Figure S8A and B,
Table S4). Notably, individuals with higher levels of education
displayed a reduced risk of MetS and associated metabolic
diseases, alongside distinctive changes in facial features. Simi-
larly, urban residents exhibited an increased risk of MetS

Genetic

Discovery: TZL cohort (n =2,621)

Effect of Environmental factors on MetS

compared to their rural counterparts, with corresponding
significant alterations in their facial characteristics.

3D facial images accurately predict metabolic
abnormalities

We investigated the potential of facial features as predictors for
MetS by constructing a multiple logistic regression model that
incorporates significant facial PCs from the TZL cohort (Figure
4A). Through a 10-fold cross-validation process, this model
showcased a reasonable level of accuracy in predicting MetS,
achieving an AUC of 0.78. When we applied this TZL-derived
prediction model to NSPT, serving as an external validation set, it
maintained a consistent AUC of 0.78 (Figure 4B), indicating its
robust predictive capability across different populations.

To explore the viability of leveraging 3D facial variables for
forecasting a broader spectrum of metabolic abnormalities, we
developed predictive models for six metabolic conditions (obesity,
central obesity, hypertension, dyslipidemia, hyperglycemia, and
triglycerides). These models exhibited commendable efficacy in
predicting the discussed disorders and traits. Notably, the model
for obesity displayed an AUC of 0.79 during a 10-fold cross-
validation and achieved an AUC of 0.86 within an external
validation cohort (Figure 4C). Similarly, the model for central
obesity registered an AUC of 0.79 during cross-validation and
0.83 in external validation (Figure 4D). The models for
hypertension, dyslipidemia, and hyperglycemia also demon-
strated moderate predictive performance (AUC range from 0.69
to 0.76, Figure 4E-G, Table S5), underscoring the potential of 3D
facial analysis in identifying a range of metabolic disorders and
traits.

Given the wealth of large-scale GWAS studies on metabolic
disorders and their markers, we investigated if including genetic
information could enhance the prediction accuracy of these
disorders. We downloaded comprehensive GWAS summary
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statistics from various populations encompassing metabolic
disorder indicators. Leveraging this data, we calculated Polygenic
Risk Scores (PRS) for the relevant disorders and indicators.
Subsequently, we built a model that combined facial features and
PRS to predict metabolic disorders. However, this combined
model did not demonstrate a significant advantage over the
model relying solely on facial features (Figure S9G-L). Therefore,
for subsequent analyses, we opted to utilize the prediction results
based on facial features.

In gender-specific analyses, prediction models demonstrated
slight, nonsystematic differences between genders across condi-
tions, with AUCs ranging narrowly—MetS (0.75-0.78), central
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obesity (0.73-0.84), and obesity (0.79-0.87) in both cross-
validation and external validation phases (Figure SI0A—-C).

Multitasking for joint disease prediction

Given that metabolic diseases often co-occur in individuals, we
investigated the effectiveness of a multitask learning approach for
simultaneously predicting multiple diseases (Fig. 5A). We trained
two types of multitask models: random forest and multivariate
regression. While the multitask model’s premise aligns well with
the interconnected nature of these diseases, its performance did
not show a statistically significant improvement compared to

https://doi.org/10.1007/511427-024-2726-8
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single-disease models. Interestingly, both multitask models (Fig.
5B and C, 5E and F) yielded slightly lower performance compared
to models trained on individual diseases (Fig. 5D and G). For
instance, the multitask approaches achieved AUCs of 0.71 (Fig.
5B) and 0.72 (Fig. 5C) for MetS prediction on the external NSPT
dataset, compared to the single-task model’s AUC of 0.87 (Fig.
5D). Similarly, for obesity prediction, the multitask models
yielded AUCs of 0.70 (Fig. 5B) and 0.79 (Fig. 5C), while the
single-task model achieved an AUC of 0.89 (Fig. 5D). This trend is
also reflected in other evaluation metrics like recall and F1-score,
suggesting that neither multitask approach yielded statistically
significant improvements over the single-task model’s predic-
tions (Fig. 5E-G). We hypothesize that this might be due to our
relatively small sample size, potentially limiting the model’s
capacity to learn the complex relationships between facial
features and multiple diseases simultaneously. This limitation
could likely be addressed by expanding the sample size in future
studies.

Linking facially inferred and traditional metabolic
measures

Metabolic abnormalities are identified through specific anthro-
pometric and clinical metrics, such as waist circumference, blood
pressure, glucose levels, and lipid profiles. Our study explored the
connection between facially inferred metabolic abnormalities and
these conventional measures. Notably, classical MetS correlated
significantly with seven out of nine evaluated measures after
Bonferroni correction (P-value<9.3x10°%) (Figure 6B).
Although there were minor differences in effect sizes, these
MetS-related measures consistently aligned with facially inferred
MetS (Figure 6B, Table S6). Similarly, the relationship between
facially inferred metabolic abnormalities and clinical markers for
other metabolic conditions mirrored the associations seen with
traditionally defined diseases (Figure 7B, Figure S11, Table S6).
This indicates that facially inferred metabolic abnormalities
closely reflect the characteristics of their traditionally identified
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Figure 5. Performance of Multitasking for Joint Disease Prediction. A, Overview of multitask-based prediction for multiple metabolic diseases. B, Area under the curve (AUC) for
predicting metabolic diseases in the external validation set (NSPT) using the Random Forest multitask prediction model; C, AUC for predicting metabolic diseases in the external
validation set (NSPT) using the Random ForestSRC multitask prediction model; D, AUC for predicting metabolic diseases in the external validation set (NSPT) using the Random
ForestSRC single-task prediction model; E, Recall and F1-score for predicting metabolic diseases in the external validation set (NSPT) using the Random Forest multitask prediction
model; F, Recall and F1-score for predicting metabolic diseases in the external validation set (NSPT) using the Random ForestSRC multitask prediction model; G, Recall and F1-
score for predicting metabolic diseases in the external validation set (NSPT) using the Random ForestSRC single-task prediction model.
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Figure 6. Misclassification of normal and MetS according to face-inferred MetS. A, The definition of matched and unmatched subgroups in normal and MetS categories according
to face-inferred MetS. B, The difference of metabolic indicators between heathy and unhealthy groups defined by traditional MetS definition or face-inferred MetS status. C, The
difference of metabolic indicators between matched and unmatched subgroups in traditional defined healthy and unhealthy individuals. NS, not significant (P-value=8.93x10%;

Hkk

, significant after Bonferroni correction (P-value<8.93x10-4)

counterparts in relation to anthropometric and clinical indica-
tors.

Bridging facial inferred metabolic health and clinical
classifications

Facially inferred MetS closely matched the phenotypic profiles of
traditional MetS diagnoses, yet we observed notable variances,
particularly in the associations of low-density lipoprotein (LDL)
and cholesterol (CH) with traditional MetS (LDL, P-value=0.002;
CH, P-value=0.004) compared to their stronger correlations with
facially inferred MetS (LDL, P-value=9.3x10-1%; CH, P-va-
lue=8.3x10-18, Figure 6B, Table S6). This discrepancy prompted
an investigation into the predictive capabilities of facially inferred
MetS for classifying metabolic health. In the NSPT cohort, we
integrated facial predictions with clinical diagnoses to classify
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individuals into four groups: concordant healthy (n=1,108),
concordant unhealthy (n=430), discordant healthy (n=440),
and discordant unhealthy (n=180). Regardless of their clinical
diagnosis, individuals in discordant groups showed physiological
and biochemical markers more aligned with their facially
inferred status (Figure 6C, Table S7). Specifically, clinically
healthy individuals identified as having MetS through facial
features exhibited markers characteristic of MetS, while clinically
diagnosed MetS individuals predicted to be healthy showed
healthier markers, like lower BMI and blood pressure. These
findings highlight the utility of facial predictions in detecting at-
risk individuals within a healthy population and refining the
classification within the MetS-diagnosed group.

Further analyses applying this approach to other metabolic
diseases, including hypertension, hyperglycemia, dyslipidemia,
obesity, and central obesity, yielded consistent results (Figure 7B,
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Figure S12). A previous study utilized a multi-omics approach to
predict obesity found that multi-omics predictions could aid in
identifying obesity subtypes (Watanabe et al., 2023). Our study
revealed that face-based obesity predictions also demonstrated
that individuals in the unmatched groups displayed physiological
and biochemical markers that resembled the opposite category
(Figure 7C, Table S8). This suggests that face-inferred disease
status holds promise as a generalizable tool for uncovering
subtypes within both healthy and diseased populations.

Longitudinal data validation of future disease risk in
healthy subtype

Facial analysis shows promise in identifying individuals within a
healthy population who may be at higher risk of developing
metabolic diseases. To validate whether these predicted sub-

https://doi.org/10.1007/511427-024-2726-8

groups differ in disease susceptibility, we analyzed data from a
longitudinal cohort (JD)(Xia et al., 2020). This cohort included
3,769 individuals who had 3D facial scans taken at baseline
(year 2018). Additionally, the cohort has clinical information
related to four metabolic diseases (obesity, hypertension,
hyperglycemia, and dyslipidemia) collected in 2018 (baseline),
2019, 2022, and 2023 (Figure 8A). Although we couldn’t
diagnose metabolic syndrome due to missing waist circumference
data, we used information on four related diseases to assess if the
predicted subgroups differed in their future risk of developing
them.

We applied the prediction models developed using the
discovery set TZL to the JD baseline data to obtain predicted
labels for the four diseases (Figure 8B). The area under the curve
(AUC) for these predictions ranged from 0.68 for hypertension to
0.8 for obesity (Figure 8C). Based on the true and predicted labels,
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Figure 8. Longitudinal Data Validation of Future Disease Risk in Healthy Subtype. A, Longitudinal cohort baseline and follow-up sampling time points. B, The prediction models
for the four diseases developed using the discovery cohort (TZL) were applied to the baseline data of the longitudinal validation set to obtain the predicted values for the
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the four diseases over the next five years. Hazard ratios indicate the relative risk of developing a disease in the predicted positive group compared to the predicted negative group.

we categorized individuals within the healthy population into
two subgroups: predicted negative and predicted positive (Figure
8D). For instance, among the 3,052 individuals with normal BMI
at baseline, 2,449 were correctly predicted as having normal BMI
(negative), and 603 were predicted as overweight (positive).
Similarly, among the 3,098 individuals without hyperglycemia
at baseline, 1,910 were correctly predicted as negative, and
1,188 were predicted as positive (Figure 8D).

To assess if the baseline predicted subgroup influences the
likelihood of developing a disease in the future, we employed the
Cox proportional hazards model, considering both follow-up time
and disease status. The future disease incidence curves indicate
that the disease development rate (incidence) over time within
the baseline predicted positive group is significantly higher than
that within the negative group (Figure 8E). The hazard ratios
(HR) also confirm this, showing that for each disease, the baseline
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subgroup predicted as positive has a significantly higher risk of
developing the disease compared to the subgroup predicted as
negative. For example, the subgroup predicted as positive in the
baseline normal BMI samples had a 2.40-fold higher risk of
developing obesity (Hazard ratio=2.40, 95% CI: 1.84-3.12) over
the next 5 years than the subgroup predicted as negative (Figure
8F). Likewise, the subgroup predicted as positive in the baseline
normoglycemic samples had a 2.21-fold higher risk of developing
hyperglycemia (Hazard ration=2.21, 95% CI: 1.46-3.33) over
the next 5 years than the subgroup predicted as negative (Figure
SF).

DISCUSSION

The main goal of this study is to explore the potential application
of facial features in predicting health. First, we employed a
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comprehensive facial analysis technique (FaWAS) to reveal a
significant association between facial characteristics and MetS,
along with related metabolic issues. Nearly half of the facial
features we examined were linked to MetS risk, confirmed by
follow-up studies and holding true for both men and women. This
finding extends to other MetS-related conditions, highlighting the
potential of facial features as predictive markers. Second, we
delved deeper to understand the reasons behind this link,
analyzing both genetic and environmental factors. Interestingly,
our findings suggest that genetics play a more significant role in
the association between facial features and metabolic health.
Third, by creating models based on facial characteristics, we
demonstrated the feasibility of using facial analysis for early
detection and classification of MetS and other metabolic
disorders. This opens doors for potential future applications in
healthcare. Fourth, this research goes beyond just predicting
health risks. We delved into the clinical implications of facial
feature-based health prediction and defined health subtypes
based on facial characteristics. This innovative approach is
groundbreaking in this field. Similar to a study using multi-omics
data to classify obesity subtypes, we found that facial feature-
based prediction of health subtypes also holds clinical value.
Finally, we introduced a longitudinal study to validate the
potential of facial feature-defined health subtypes in identifying
individuals at high risk of developing certain diseases. This
research paves the way for a novel approach to assess metabolic
health and potentially predict risks based on facial features.
Further research is needed to refine and validate this approach
for wider use.

Previous studies utilizing 2D imaging have identified key facial
features associated with higher BMI, such as broader and shorter
lower jaws, wider upper faces, and a noticeable distance between
the eyebrows and eyes. These characteristics have been
quantified using ratios like CJWR, WHR, LF/FH, and PAR, as
well as measures like FW/LFH and MEH (Figure S4) (Stephen et
al., 2017; Wen and Guo, 2013). Our study, employing 3D facial
imaging, not only corroborates these 2D findings but also
enriches our understanding by revealing that the increased
distance between the eyebrows and eyes involves not just a
vertical stretch but also an outward projection, enhancing the
fullness of the temple-eye-cheek region in a 3D context. This shift
to 3D imaging represents a significant improvement in the
accuracy and depth of obesity prediction. While 2D imaging-
based obesity predictions previously did not surpass an AUC of
0.80 (Fook et al., 2020; Raj et al., 2023; Wen and Guo, 2013;
Yousaf et al., 2021), our 3D model excels with an AUC of 0.89.
This noticeable improvement underscores the superiority of 3D
imaging in capturing the complex facial features associated with
obesity, offering a promising avenue for future non-invasive
health assessments. By leveraging the comprehensive spatial
data provided by 3D technology, we significantly enhance the
precision of predicting health risks, paving the way for improved
early detection and management strategies for MetS risk and
related conditions.

Our study highlights the advantage of using 3D facial data in
predicting disease, particularly in identifying subtypes within
both healthy and diseased populations. The capability of our face-
inferred model to detect nuanced subtypes across conditions like
hypertension, hyperglycemia, lipid abnormalities, and obesity,
underscores the potential of facial phenotyping in capturing the
heterogeneity of health statuses. In addition, this study also
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includes a longitudinal cohort data and shows that the future 5-
year risk of disease in the health subtype is significantly higher
than the other subgroup. This suggests that facial features hold
significant value in predicting future health problems, particu-
larly metabolic issues. This finding aligns with omics-based
predictions known for their biological relevance in identifying
health subtypes (Watanabe et al., 2023). However, our study
opens new questions about the unique contributions of facial
phenotyping to this area. Future research should explore the
synergistic potential of combining facial and omics data to
enhance subtype distinction, offering deeper insights and
improved strategies for understanding and managing health
variations within populations.

The face-inferred model emerges as a highly accessible tool for
self-health monitoring, distinguishing itself from other non-
invasive measurement techniques (Hanna et al., 2020; Lee et al.,
2019; Park et al., 2020) by leveraging solely 3D facial images for
input. This approach not only demonstrates scalability for
expanding datasets but also offers the groundwork for developing
into user-friendly, portable software applications. Crucially, our
methodology underscores a commitment to personal privacy
protection. By employing the MeshMonk method (White et al.,
2019) for the extraction of facial points and utilizing PCA for the
compression of facial features, we ensure that personal identifiers
are meticulously obscured, safeguarding sensitive information.
This integration of privacy-preserving technologies with the face-
inferred model enhances its appeal for widespread use, promising
a seamless and secure avenue for individuals to monitor their
health status. The potential for this model to be developed further
into an intuitive, portable application underscores its future role
in facilitating proactive health management and fostering a
deeper understanding of personal health trends and predisposi-
tions.

Our study faces certain limitations, including incomplete
disease information, which restricts the full exploration of 3D
facial data’s predictive capabilities for various diseases, suggest-
ing the need for comprehensive clinical datasets in future
research. Additionally, our model’s reliance on PCA and linear
regression may limit its effectiveness; future research could
explore the potential of advanced deep learning techniques for
improved outcomes. While our longitudinal study demonstrates
the clinical significance of facial phenotype prediction in
identifying subhealth or disease subtypes in metabolic diseases,
our predictive model is currently based on cross-sectional data.
This means it can only establish a correlation and interpretability
between facial features and metabolic diseases. However, the
underlying mechanisms by which predicted subtypes may have
different future disease risks remain unclear and require further
investigation. Additionally, although this study provides initial
insights into the genetic and environmental factors contributing
to the observed association between metabolic diseases and facial
phenotypes, a more comprehensive phenome and exposome
approach is necessary to fully understand the relationship
between environmental factors and phenotypes. Lastly, our
findings, derived from an East Asian cohort, highlight the
necessity of extending this research to diverse populations to
assess the model’s universal applicability and ensure its general-
izability across different demographic groups.

In conclusion, our study demonstrates the promising potential
of using 3D facial imaging for predicting metabolic syndrome and
related conditions, revealing significant associations between
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facial features and health statuses. Despite facing limitations such
as incomplete disease data and a focus on specific analytical
models and populations, this research opens new avenues for
non-invasive health monitoring and personalized medicine. The
face-inferred model’s scalability, privacy protection, and the
novel insights it provides into disease subtyping underscore its
value as a tool for future health assessment and management. As
we move forward, expanding the dataset diversity and employing
advanced analytical techniques will be crucial in enhancing the
model’s predictive accuracy and applicability across broader
populations, marking a step forward in integrating facial
phenotyping into health care practices.

MATERIALS AND METHODS

Study cohorts

Our study includes two distinct cohorts for discovery and
validation purposes. The discovery cohort is drawn from the
Taizhou Longitudinal Study (TZL) (Wang et al., 2009) and
comprises 2,621 Chinese individuals, all of whom were
volunteers recruited in Taizhou, Jiangsu Province, China. This
group consists of 1,334 women and 786 men, ranging in age
from 31 to 85 years and 34 to 88 years, respectively. The TZL
study received approval from the Ethics Committee of Fudan
University, Shanghai, China, and all participants in this cohort
have given their written informed consent.

The validation cohort, on the other hand, includes 2,188
individuals from the National Survey of Physical Traits (NSPT)
(Peng et al., 2024). The participants in this cohort were
volunteers recruited in three Chinese provinces: Jiangsu, Henan,
and Guangxi. This group comprises 1,356 women and 778 men,
aged between 19 and 80 years for women and 19 and 83 years
for men. Like the TZL, the NSPT also received ethical clearance
from the Ethics Committee of Fudan University, Shanghai, China,
and all individuals in this cohort have provided their written
informed consents.

The longitudinal cohort, Jidong cohort (JD), includes 3,769
individuals who had 3D facial scans taken at baseline (year
2018) (Xia et al.,, 2020). Additionally, the cohort has clinical
information related to four metabolic diseases (obesity, hyperten-
sion, hyperglycemia, and dyslipidemia) collected in 2018 (base-
line), 2019, 2022, and 2023. This study was carried out
according to the guidelines of the Declaration of Helsinki.
Approval was obtained from Ethical Committees of the Staff
Hospital of Jidong oil-field of China National Petroleum Corpora-
tion. The approval will be renewed every 5 years. Written
informed consent was obtained from each of the participants.

3D facial image acquisition and processing

Our methodology for 3D facial image collection involved several
steps to ensure accuracy and consistency. Initially, volunteers
were asked to remove any makeup, glasses, or other items that
could alter the appearance of their neutral face. They were also
instructed to adopt a standard posture by sitting upright, facing
directly forward, and pulling back their hair to reveal the
forehead. Following image capture, each 3D image underwent
manual inspection to exclude low-quality images or those
showing facial expressions. This process was prior to the
automated image alignment, during which individual texture
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information was disregarded.

The images were captured using a high-resolution 3D camera
system (3dMD face system, www.3dmd.com/3dMDface). We
then applied dense non-rigid registration to align the 3D images
based on anatomical homology (Guo et al., 2013). The images
were imported into MeshMonk software in wavefront .obj format
for dense surface registration (White et al., 2019).

For initial alignment in MeshMonk, the nose tip landmark was
manually identified as the origin point in each image, standardiz-
ing to 7,906 facial landmarks across all images. We conducted
Generalized Procrustes Analysis (GPA) separately in TZL and
NSPT groups to neutralize variations in position, orientation, and
scale. Non-symmetric variations were averaged out. Each image
and its landmarks underwent a thorough double-check to
remove any prominent outliers.

Finally, after quality control (QC) procedures, the aligned
images were projected into a 3D Euclidean space, considering the
nose tip as the origin (x=0, y=0, z=0). We used the x, y, and z
coordinates of all 7,906 landmarks as explanatory variables in
subsequent association and prediction analysis, resulting in a
total of 23,718 explanatory variables. Width is represented by
the x-axis, with positive values extending to the right. Length is
depicted on the y-axis, with positive values going upwards
towards the top of the head. Finally, convexity is shown on the z-
axis, with positive values indicating outward protrusion. We
leverage this coordinate system to describe the relationship
between facial characteristics and metabolic conditions.

Phenotyping

Anthropometric measurements

All anthropometrics and blood pressure were measured by
physicians in Taizhou Institute of Health Sciences, Fudan
University, who had been well trained by the research team.
Weight was measured on a digital scale while subjects wore light
clothing with no shoes. Height was determined using a wall-
mounted measuring tape, subjects standing with no shoes. BMI is
calculated by dividing weight in kilograms (kg) by the square of
height in meters (m?2). Waist circumference (WC) was measured
in standing subjects using a flexible tape, midway between the
lowest rib and the iliac crest.

Peripheral artery blood pressure measurement

Peripheral blood pressure was measured with a standard
mercury sphygmomanometer, using the first and fifth Korotkoff
sounds as the systolic and diastolic blood pressure, while the
subjects were in a sedentary position, having rested for at least
5 minutes. The appropriate size cuff was determined based on
arm circumference. The systolic blood pressure (SBP, measured
in mmHg) and diastolic blood pressure (DBP, measured in
mmHg) were measured three times, and the average of these
three measurements was considered as the final measurement
value.

Laboratory analyses

Blood samples were collected between 7 am and 10 am, after
subjects had fasted for at least 12 hours. Blood samples were
stored at 4°C, and delivered to the central laboratory in the
Taizhou Institute of Health Sciences, Fudan University on the
same day. Serum fasting blood glucose (GLU, mmol L), high
density lipoprotein cholesterol (HDL, mmol 1), and low density
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lipoprotein cholesterol (LDL, mmol L), total cholesterol (CH,
mmol L) and triglyceride (TG, mmol L-!) levels were
determined using enzymatic assays (Roche, Basel, Switzerland),
on a fully automatic biochemical autoanalyzer (Cobas® 6000,
Roche). The technicians who performed the different tests were
blinded to the clinical data of the subjects.

Diseases

In our study, the definition of MetS adheres to the criteria of the
revised ATP III. An individual is classified as having MetS if they
exhibit three or more of the following conditions: (i) Central
obesity, defined as a waist circumference (WC) of =90 cm for
men and =80 cm for women,; (ii) Elevated triglycerides (TG) level
of =1.7 mmol L! or undergoing treatment for high triglycer-
ides; (iii) Redu ced High-Density Lipoprotein (HDL) cholesterol,
indicated by levels <40 mg/dL (1.03 mmol L!) in men and
<50 mg dL! (1.3 mmol L1) in women, or receiving treatment
for low HDL; (iv) High blood pressure, characterized by systolic
blood pressure (SBP) =130 mmHg or diastolic blood pressure
(DBP) =85 mmHg, or treatment for previously diagnosed
hypertension; (v) Elevated fasting plasma glucose (GLU) of
=5.6 mmol L1, or treatment for high glucose levels. Obesity
is defined as a Body Mass Index (BMI) of =28 kg m—2.
Dyslipidemia is identified by one or more of the following: Total
Cholesterol (CH) =6.22 mmol L', Low-Density Lipoprotein
(LDL) cholesterol =4.14 mmol L', HDL cholesterol
<1.04 mmol L1, TG =2.26 mmol L1, or a self-reported
history of hyperlipidemia. Hypertension is defined either by a self-
reported history of the condition or by having an SBP
=140 mmHg and/or a DBP =90 mmHg. Hyperglycemia follows
the current American Diabetes Association (ADA) criteria,
defined as a fasting plasma glucose level of =7.0 mmol L1 or
a self-reported history of diabetes.

Several exposed factors were extracted from the questionnaire,
including living environment (rural or urban), smoking status
(smoking or not), alcohol consumption (drinking or not), income
and education status.

FaWAS

GWAS has proven to be a powerful tool in advancing our
understanding of the genetic basis of various complex traits. Like
GWAS, which iteratively tests the association between genome-
wide genetic factors and the targeted phenotype, our FaWAS
iteratively tests all facial traits with each binary phenotype, i.e.,
MetS, Obesity, Dyslipidemia, Hypertension, and Hyperglycemia,
using logistic regression. For quantitative phenotypes such as
BMI and SBP, we used linear regression. All association tests
were adjusted for age and sex. Bonferroni method was used to
derive our face-wide significant threshold (P=2.11x10-°).
Replication was conducted using the same logistic or linear
models where the resultant P values were Bonferroni adjusted.
Sex stratified association analyses were conducted separately for
males and females using the same logistic or linear models.

Prediction analysis

In our predictive analysis, we initially performed PCA on 23,718
facial variables, extracting 50 PCs that collectively accounted for
90% of the variance in facial features. Subsequently, we identified
significant PCs associated with the disease status (sigPCs) and
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integrated them into the predictive model. The model, a multiple
linear or logistic regression, included age and sex as covariates.
Thorough evaluation of these models took place in TZL through a
10-fold cross-validation design.

In the 10-fold cross-validation procedure, the TZL dataset was
randomly partitioned into ten subsets. In each fold, nine subsets
served as the training set, while the remaining one functioned as
the testing set. Feature selection was restricted to the training set
in each fold, meaning that only significant PCs were employed to
build the predictive models. To address overfitting, PCA was
exclusively performed within the training set for each fold.
Subsequently, the selected PCs in the testing set were predicted
using the PCA model from the training set, eliminating the
necessity for PCA in the testing set.

The performance of models trained on all TZL samples was
externally validated using the NSPT dataset. For continuous
outcomes, model predictive performance was assessed using the
coefficient of determination (R?) and Mean Absolute Error (MAE).
For binary outcomes, we evaluated the models using statistical
metrics including the Area Under the Receiver Operating
Characteristic Curve (AUC), sensitivity, specificity, and the F1
score.

Multitask-based prediction for multiple diseases

The process begins with data preprocessing, where categorical
variables are converted to numeric, incomplete cases are
removed, and labels are converted to logical. Next, a multi-label
task is defined with the target labels. In this step, two multitask-
based prediction methods were applied. One is based on R
randomForest package. The model definition involves choosing a
base learner, specifically a random forest, and wrapping it for
multi-label classification. The multi-label model is then trained
on the preprocessed data. Finally, the trained model is used to
predict labels for an external data (NSPT). For another one, a
multivariate regression model is trained using the rfsrc function
from the R randomForestSRC package, which handles multiple
regression targets simultaneously. These approaches allow for
simultaneous modeling and prediction of multiple related
outcomes, leveraging shared information among the labels for
potentially improved predictive performance.

For comparison, we also applied a single-task-based prediction
model based on R randomForestSRC package. This method
involves building and using multiple regression models for
predicting several disease-related labels. First, categorical vari-
ables in both training and testing datasets are converted to
numeric, and incomplete cases are removed to ensure clean data.
The specified disease labels are ensured to be numeric. For each
label, a regression task is created, and a random forest regression
learner is defined and trained on the corresponding data.
Predictions are then made for the external datasets using the
respective models.

Analyzing future disease risk with cox proportional
hazards model

To assess the risk of developing different diseases in our
longitudinal data, we employed the Cox proportional hazards
model (implemented with coxph from survival). This model
estimates how factors like age, sex, and group (explanatory
variables) influence the likelihood of developing a disease
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(survival outcome) defined by follow-up time and disease status.
The model provides hazard ratios (HR) and their confidence
intervals (CI). To effectively communicate these risk estimates,
we generated a forest plot using the ggplot2 library. This plot
visually represents the HRs and their CIs for different disease
categories, allowing for easy comparison of risk factors across
various diseases. Furthermore, we utilized survfit from the
survival package to estimate future disease incidence curves.
These curves depict the disease development rate (incidence) over
time within different groups. The visualization of these cumula-
tive incidence curves is generated using ggsurvplot from the
survminer package.

Heritability and genetic correlation

The microarray data and quality control (QC) procedures in TZL
and NSPT have been comprehensively detailed in a previous
publication (Zhang et al., 2022). In essence, TZL and NSPT
utilized distinct gene typing platforms: the Illumina Infinium
Global Screening Array, designed by WeGene (https://www.
wegene.com/), capturing 707,180 variants, and the Illumina
HumanOmniZhongHua-8 array, capturing 776,213 variants,
respectively. Quality control and imputation were independently
conducted for each dataset. Following the completion of all QC
steps (Minor Allele Frequency>0.05, Hardy-Weinberg Equili-
brium P-value>10->, INFO score>0.8), a total of 8,018,212
shared variants between the discovery and replication datasets
were obtained for subsequent analysis. Unsupervised k-means
clustering of the three main genomic PCs demonstrated that our
samples are closely grouped with East Asians from the 1000
Genomes Project. GCTA (https://cnsgenomics.com/software/
gcta/) (Yang et al., 2011; Yang et al., 2016) was employed to
estimate SNP-based heritability for facial PCs and MetS and to
evaluate genetic correlations between facial PCs and MetS.

All statistical analyses were conducted in R 4.2.2 unless
otherwise specified.
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