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and data-driven approaches in analyzing
facial morphological traits

Hui Qiao,1,2,7 Jingze Tan,1,2,7 Jun Yan,2,7 Chang Sun,2 Xing Yin,2 Zijun Li,2 Jiazi Wu,2 Haijuan Guan,2

Shaoqing Wen,3 Menghan Zhang,2,4,5,8,* Shuhua Xu,1,6,* and Li Jin1,*
SUMMARY

The phenotype-first approach (PFA) and data-driven approach (DDA) have both greatly facilitated anthro-
pological studies and the mapping of trait-associated genes. However, the pros and cons of the two ap-
proaches are poorly understood. Here, we systematically evaluated the two approaches and analyzed
14,838 facial traits in 2,379 Han Chinese individuals. Interestingly, the PFA explainedmore facial variation
than the DDA in the top 100 and 1,000 except in the top 10 phenotypes. Accordingly, the ratio of hetero-
geneous traits extracted from the PFA was much greater, while more homogenous traits were found us-
ing the DDA for different sex, age, and BMI groups. Notably, our results demonstrated that the sex factor
accounted for 30% of phenotypic variation in all traits extracted. Furthermore, we linked DDA pheno-
types to PFA phenotypes with explicit biological explanations. These findings provide new insights into
the analysis of multidimensional phenotypes and expand the understanding of phenotyping approaches.

INTRODUCTION

The morphological diversity of the human face is the basis of many anthropological studies, and the human face is a highly complex and var-

iable structure resulting from the intricate coordination of numerous factors.1 Dissecting and quantifying facial morphological diversity plays

an important role in understanding the homogeneity and heterogeneity both within and among human populations. Traditionally, facial

anthropometry has been acquired through the direct measurement of subjects in a clinical setting, using calipers or metric tape to measure

parameters between landmarks.2 This method is referred to as the phenotype-first approach (PFA). A PFA based on distinct landmarks relies

greatly on anthropologists’ or experts’ knowledge and experiences. This approach has contributed to the study of human evolution and com-

parisons among different human populations.3 Genetic studies on facial anthropometric phenotypes have led to the identification of genes

underlying measurements of nose width, the distance between two nostrils, and the nasolabial angle.4–6 Instead of using only a limited num-

ber of distinct landmarks, Claes et al. developed a data-driven approach (DDA) to exploit both the partial and integrated information from

three-dimensional (3D) facial images, facilitating the identification of genetic effects on the facial shape at multiple levels of organization from

global to local levels.7 Various aspects of facial analyses are now using this innovative approach increasingly.8–11 In addition to facial pheno-

typing, DDAs such as unsupervised machine learning can be used to discover novel phenotypes of various diseases, including diabetes,12

sepsis,13 dilated cardiomyopathy,14 pulmonary arterial hypertension,15 heart failure,16 gliomas,17 and primary prostate cancer,18 that may

help in elucidating the mechanisms of diseases and treatment effects.

Previous studies on human facial phenotypes employed either a PFA or a DDA. However, the following unanswered questions remain: (1)

What is the relationship between these two approaches? (2) What are the differences between the two approaches in capturing human facial

characteristics? To address these questions, this study aimed to perform a comprehensive evaluation and comparison of the two approaches.

We dissected 3D facial images of 2,379 individuals from a Han Chinese population into 14,838 facial morphological traits, including PFA phe-

notypes such as the coordinates, distances, and curvatures of landmarks, as well as DDA phenotypes such as the principal components and
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Figure 1. Association analysis among different phenotypes

Circos plot illustrates correlations among phenotypes. Each color represents one type of phenotype. The wider is the band, the greater is the correlation. The

subclass of phenotypes are abbreviated as point coordinates (Point), proportion indices (Index), curvatures (Curvature), angular measurements (Angle), triangle

areameasurements (Triangle_area), Euclidean distances (Euclidean), geodesic distances (Geodesic), Manhattan distances (Manhattan), voluminal measurements

(Volume), surface area measurements (Surface_area), principal components of the module (Module_PCs), surface area of the module (Module_surf_area),

Moran’s I of the module Z coordinate (Module_mor_z), Moran’s I of the module Gaussian curvature (Module_mor_gau), and Moran’s I of the module mean

curvature (Module_mor_mea), respectively.

See also Figure S1.
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surface areas. Our findings are likely to bear some implications in fundamental and applied sciences, including human genetics, develop-

mental biology, evolutionary biology, medical genetics, forensics, and the design of facial products.

RESULTS

The inter-association among facial phenotypes is widespread

To validate the associations among phenotypes, we performed a Spearman correlation analysis on the PFA andDDA.We observed thatmost

traits were related to each other (Figure 1). The strongestmean correlation coefficient was observedwithin geodesic distance itself (r = 0.455),

followedby Euclideandistance andgeodesic distance (r = 0.442) in the PFA. Themost relevant data-driven categories were the surface area of

the module and the Moran’s I of the module Z coordinate (r = 0.068), indicating the weak correlation in the DDA. If considering the relation-

ships between PFA and DDA, the surface area of the module and geodesic distance had the greatest mean correlation coefficient (r = 0.128).

These results were consistent with expectations and suggested that correlations within different types of traits may be explained in part by

sets of shared common genetic components.

To gain further insight into the relationships among different types of phenotypes, we used multi-dimensional scaling (MDS) to identify

clusters and patterns of high-dimensional phenotypic data in the lower dimensional space. According to the correlation analysis mentioned

previously, we conducted MDS analysis to further derive these similarity or dissimilarity measurements. The results showed that point coor-

dinates, triangle area measurements, surface area measurements, voluminal measurements, and three kinds of distance were clustered

together (Figures S1A–S1C). In addition, the graphs based on the angular measurements, the principal components of the module, and

the Moran’s I of the module Z coordinate shared some common characteristics. The remaining phenotypes formed another cluster in

Dim1 and Dim2. Proportion indices were an outlier for other types in Dim1 and Dim3. The point coordinates, triangle area measurements,

surface area measurements, voluminal measurements, Euclidean distances, and geodesic distances formed the largest cluster, and the re-

maining phenotypes grouped together. FromDim2 andDim3, the curvatures, the surface area of themodule, and theMoran’s I of themodule

mean or Gaussian curvature gathered together. The proportion indices clustered tightly and separated from other traits, while the voluminal
2 iScience 27, 109325, March 15, 2024
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Figure 2. Relationship between phenotypes and basic variables

(A) The relationship between facial phenotypes and basic variables. Scatterplot for phenotypes against sex, age, and BMI.

(B) Ternary plot diagram showed the distribution of the load weight constrained by sex, age, and BMI from various phenotypes. Each dot represents

one phenotype, and the same type of trait is indicated by the common color. The solid red line represents multiple correction significance thresholds

(p = 3.37 3 10�6), and phenotypes above the red line indicate significant differences or correlations.

See also Tables S1, S2, and S3.
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measurements, surface area measurements, triangle area measurements, Euclidean distances, and geodesic distances formed another clus-

ter. To further verify the internal relationships among various phenotypes, t-distributed stochastic neighbor embedding was used to analyze

the correlation matrix of each phenotype, and we found that the similarities among facial features were consistent with the MDS results (Fig-

ure S1D). These observations illustrated that facial traits using the same phenotyping approach were more similar, and the differences be-

tween PFA and DDA were greater than their internal differences.
Facial phenotypes show significant associations with sex, age, or BMI

To probe the roles of these basic variables in different kinds of phenotypes, we performed a non-parametric test to examine the correlations

between sex, age, or BMI, and facial traits. As shown in Figure 2A, most of the traits showed significant associations with sex, age, or BMI after

multiple adjustments (p < 3.37 3 10�6). The triangle area of the pronasale, left cheilion, and left superior alar groove showed the greatest

difference between males and females using Mann-Whitney U test (p = 1.63 10�283) (Table S1). Age correlated most strongly with the angle

of the left endocanthion, right exocanthion, and right cheilion (r = 0.604, p = 1.3 3 10�236), while the first principal component of the 38th

module showed the greatest difference among BMI groups (r = �0.476, p = 4.24 3 10�135) (Tables S2 and S3).
Sex, age, and BMI play different roles in shaping the phenotypic diversity

Understanding the loadings of basic variables (sex, age, and BMI) on the various phenotypes can help to describe the associations be-

tween basic variables and phenotypes. Here, we used canonical correlation analysis (CCA) to estimate the possible associations among
iScience 27, 109325, March 15, 2024 3
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Figure 3. Scatterplot of sex, age, and BMI groups and representative facial features

(A) Partial least squares-discriminant analysis (PLS-DA) scatterplot showed separation between male (green) and female (red) clustering with individual

phenotypic data. M, male; F, female.

(B) Visualization example of the variable importance in projection (VIP) phenotypes. Example 1: The fifth principal component of the 11th module. Example 2: The

triangular area of the pronasale, left cheilion, and left superior alar groove. Example 3: The nasal surface area.

(C) PLS-DA scatterplot showed separation among age clustering with individual phenotypic data. Y, young; M, middle-aged; O, old.

(D) Visualization example of the VIP phenotypes. Example 1:Mean curvatureMoran index of the 15thmodule. Example 2: Mean curvatureMoran index of the 31st

module. Example 3: Mean curvature Moran index of the 62nd module.

(E) PLS-DA scatterplot showed separation among BMI clustering with individual phenotypic data. Uw, underweight; N, normal; Ow, overweight; O, obese.

(F) Visualization example of the VIP phenotypes. Example 1: The seventh principal component of the fourth module. Example 2: The second principal component

of the 22nd module. Example 3: The first principal component of the 86th module. Colored circles represent 95% confidence intervals. Colored dots represent

individual samples.

See also Figures S2 and S3 and Tables S4–S9.
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different basic variables and different phenotypes. The results showed that most of the facial features significantly correlated with various

basic variables (p < 3.37 3 10�6). The ternary diagram illustrated that most of the phenotypes correlated with sex, followed by age (Fig-

ure 2B), but BMI had a relatively small loading values on phenotypes. In particular, we found sex affected the point coordinates, distances,

proportion indices, triangle areas, volumes, and surface areas. Age affected curvatures, while both age and sex affected the angular mea-

surements. Compared to the PFA, the three basic variables had little effect on the data-driven phenotypes with similar loading values. In

summary, our findings showed that sex, age, and BMI played different roles in shaping the phenotypic diversity in Han Chinese

populations.
Facial features display significant differences between males and females

We performed the partial least squares-discriminant analysis (PLS-DA) and the Adonis to examine the facial differences across sex, age, or

BMI. The PLS-DA scatterplot shown in Figure 3A illustrated the obvious facial differences between males and females with R2Y and

Q2 > 0.5 (R2X = 0.47, R2Y = 0.859, Q2 = 0.798). We assessed the significance of our classification using permutation tests. The p values

for permutation testing were pR2Y = 0.001 and pQ2 = 0.001. The Adonis analysis also supported the result, and sex could explain about

30% of the variance in facial features (R2 = 0.299, p = 0.001). Three examples of facial features contributing to facial discrimination across

sexes are shown in Figure 3B. This finding was consistent with the results of the previous association analysis and CCA analysis of facial

phenotypes.
4 iScience 27, 109325, March 15, 2024
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Facial features display significant differences among age groups

As age is an important factor in human facial features, we examined the facial differences among three age groups of young, middle-aged,

and older people using PLS-DA. As shown in Figure 3C, the three age groups formed distinct clusters in the PLS-DA scatterplots (R2X = 0.508,

R2Y = 0.521, Q2 = 0.361). The p values for permutation testing were pR2Y = 0.001 and pQ2 = 0.001. Adonis analysis showed a significant

difference in the facial phenotypes among the three age groups, and age explained 3% facial variance (R2 = 0.03, p = 0.001) (Table S4),

although there were some overlaps among age groups which indicated some degree of potentially shared features. We provided three ex-

amples of facial features with variable importance in projection (VIP) > 1 that could well distinguish the age groups (Figure 3D). In addition, we

also observed these patterns in either females or males (Figure S2, Tables S5 and S6).
Facial features display significant differences among BMI groups

We further used PLS-DA and Adonis analysis to investigate the facial differences among four groups of underweight, normal, overweight, and

obese people based on individual BMI. In particular, the PLS-DA scatterplots displayed distinct clusters of the four BMI groups (R2X = 0.446,

R2Y = 0.207, Q2 = 0.142) (Figure 3E). The p values for permutation testing were pR2Y = 0.001 and pQ2 = 0.001. And the Adonis analysis also

showed an overall significant difference among the four BMI groups (Total: R2 = 0.07, p = 0.001). However, no significant difference was

observed between the underweight and normal groups, suggesting a relationship between certain BMI groups and facial morphology in

the Han Chinese population (Table S7). We provided three examples of facial features with VIP >1 that could well distinguish the BMI groups

(Figure 3F). These results were further replicated in both male and female sub-datasets (Figure S3, Tables S8 and S9).
PFA and DDA characterize different aspects of facial phenotypes

To further evaluate the performance of PFA and DDA, we adopted the criteria importance through inter-criteria correlation19 to estimate the

objective weights (OWs) for all facial phenotypes extracted using the two approaches. As shown in Figure 4A, the averageOWobtained from

PFAwas significantly greater than that fromDDA (p < 2.23 10�16). By ranking theOWs for each facial phenotype, we next compared PFA and

DDA in the top 10, 100, or 1,000 facial phenotypes (Figure 4B). The results showed that the averageweight of the top 10 facial phenotypes was

smaller in the PFA comparedwith theDDA (p= 1.63 10�4). This indicated that DDAbetter explained the facial phenotypic variation than PFA.

However, the situation was different for the top 100 and 1,000 phenotypes, for which the average OWs for PFA were larger than those for the

DDA (top 100: p = 1.13 10�3; top 1,000: p < 2.23 10�16). Generally, we discovered an overall greater proportion of differentiated facial phe-

notypes when using PFA than DDA for different sex, age, and BMI groups (Figure 4C). On the other hand, we discovered an overall smaller

proportion of the common facial phenotypes with PFA than DDA (Figure 4D). These were also observed using the Adonis analysis (Figure 4E).
Unclear biological explanations of DDA phenotypes can be explained by PFA phenotypes

To provide a concrete meaning of the DDA phenotype in the context of the traditional understanding of facial morphology, we attempted to

link DDA phenotypes to PFA phenotypes with explicit biological or physical explanations. We identified several such links using correlation

analysis and local area mapping. For example, the DDA phenotype Gau_MoranI17 was associated with three PFA phenotypes for the

morphological change of the forehead slope (Figure 5A). Similarly, Module6_pc1 using principal component analysis could be explained

by four PFA phenotypes related to the alae nasi projection (Figure 5B). The Module21_pc8, with a low-rank OW, was strongly correlated

with three angular phenotypes representing the chin projection in the morphological observation (Figure 5C). These cases demonstrated

a prevalent corresponding relationship between PFA and DDA phenotypes.
DISCUSSION

In this study, using both PFA and DDA, we analyzed 14,838 facial morphological phenotypes in the Han Chinese population. The findings

indicated that there was a broad correlation among PFA phenotypes, but a lower correlation among DDA phenotypes (Figure 1). The nature

of theDDA likely resulted in the lower correlation; its computational principlemade it easier for each segment to exist independently.7 Impor-

tantly, we proposed that PFA can better characterize the highly differentiated facial traits, while DDA can better characterize the shared facial

traits among various groups defined based on sex, age, and BMI.

It has been well documented that facial features vary based on sex and age. The timing and duration of surges in facial growth tend to be

different for males and females and between populations contributing to overall facial variation.20–22 Based on 3D image analysis, a previous

study reported that women’s noses were shorter and that the nose tip was more pronounced than men’s.23 Interestingly, another physical

anthropological study of the Han Chinese also showed that males had thinner eyes and higher nose wings, while females had more slanted

eyes, more prominent cheekbones, a more prominent nose tip, and more Mongolian folds.24 In this study, we observed significant sex dif-

ferences in most phenotypes, in particular, the males showed larger mean values in 9,219 of 14,838 phenotypes than females.

With respect to age, a previous study in the Korean population reported that the height and thickness of the skull decreased with age,

while the length of the skull did not change significantly.25 Another study based on the Malaysian population samples reported significant

differences in facial phenotypes among age groups.26 Regarding the Han Chinese population, we found negative correlations with age in

several facial phenotypes, including the head width, head circumference, lip height, face width, head length height index, and mouth width

index, while the mouth width, morphological surface height, nose width, and upper lip skin height correlated with age positively.27 Here, we
iScience 27, 109325, March 15, 2024 5



Figure 4. Comprehensive evaluation of the phenotype-first approach (PFA) and the data-driven approach (DDA)

(A) Objective weights of PFA and DDA. The dotted line represents the mean weight.

(B) Top 10, 100, and 1,000 objective weights of the PFA and DDA. The dotted line represents the mean weight.

(C) Heterogeneous ratios in the PFA and DDA.

(D) Homogenous ratios in the PFA and DDA. Age all and BMI all mean a combination of male and female data. All factors mean sex, age, and BMI were

considered.

(E) The Adonis tests of the top 10, 100, and 1,000 smallest p values for sex, age, and BMI differences. Colored dots/bars represent each phenotype: phenotype-

first (red) and data-driven (green).
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showed that age played a critical role in the phenotypic diversity of the facial morphology for both the PFA and DDA. Overall, facial pheno-

types largely correlated with sex, age, and BMI.

In the previous study, the goal was to investigate whether different types of phenotypes were correlated with basic variables. Utilizing

several analytic strategies, our results demonstrated that the facial phenotypes of 15 types differed in basic variables. The next natural ques-

tion is whether some phenotypes are not variations from all the basic variables. Therefore, this study screened for non-significant phenotypes
6 iScience 27, 109325, March 15, 2024
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Figure 5. Example of mapping relationships among morphological observations, phenotype-first approach (PFA), and data-driven approach (DDA)

phenotypes

(A) The biological explanation of Gau_MoranI17.

(B) The biological explanation of Module6_pc1.

(C) The biological explanation of Module21_pc8. The number on the horizontal red line represents the correlation between the two traits. The weight rank

represents the weight size of traits obtained using CRITIC. The larger the weight value, the smaller the rank. The traits are abbreviated as the Gaussian

curvature Moran index of the 17th module (Gau_MoranI17); the X coordinate direction of the glabella (X1); the Y coordinate direction of the glabella (Y1); the

Z coordinate direction of the glabella (Z1); the first principal component of the sixth module (Module6_pc1); the X coordinate direction of the right alare
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Figure 5. Continued

(X14); the angle of the right alare, pronasale, and left superior alar groove (Ang_760a); the angle of the pronasale, right alare, and left alare (Ang_752b); the angle

of the right subalare, pronasale, and left subalare (Ang_775a); the eighth principal component of the 21st module (Module21_pc8); the angle of the pronasale,

sublabiale, and pogonion (Ang_676b); the angle of the subnasale, stomion, and pogonion (Ang_870b); and the angle of the labral superius, sublabiale, and

pogonion (Ang_1117b).

ll
OPEN ACCESS

iScience
Article
in the previous variation analysis. The results showed that 3,711 facial phenotypes had no significant differences in basic variables, among

which 1,836 phenotypes were obtained through DDA (pR 3.373 10�6) (Figure S4). In addition, we identified 259 facial phenotypes showing

no considerable correlation with these three variables by an iterative Adonis test, of which 220 were DDA phenotypes. The Adonis test

confirmed that regardless of sex, age, or BMI groups, the R2 interpretation was very tiny, and the p values also verified that there was no dif-

ference among subgroups (Tables S10 and S11). These results indicated the complexity of the mechanisms and driving forces of facial

morphological diversity.

Several studies have already applied either PFA or DDA to the exploration of the relationship between genes and phenotypes.5,6,9,28–40

However, to the best of our knowledge, the present study is the first research to evaluate the effects of characterizing facial features with PFA

and DDA. In this study, we found that the PFA had a greater average weight than the DDA, indicating that the PFA could better characterize

facial features, and also better explain the data conditioning on factors such as sex, age, and BMI. The PFA could extractmore heterogeneous

features, while the DDA could extract more homogenous features. Therefore, the PFA is a knowledge-basedmethod that is valuable in phys-

ical anthropological studies, while DDA is a promising approach for knowledge-free phenotyping. We proposed that both PFA and DDA

should be considered not only for facial phenotypes but also for the study of other physical anthropological traits, with a well-designed anal-

ysis considering the pros and cons of the two approaches.
Limitations of the study

In future studies, more efforts are needed to collect richer phenotype data to facilitate facial morphological studies, which will further improve

the power of locating genes associatedwith facial phenotypes. It would be interesting to expand the study into non-Han-Chinese populations

to explore whether these findings can be broadly applied.
STAR+METHODS

Detailed methods are provided in the online version of this paper and include the following:

d KEY RESOURCES TABLES

d RESOURCE AVAILABILITY
8

B Lead contact

B Materials availability

B Data and code availability

d EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

B Participants

d METHOD DETAILS

B 3D facial image acquisition and preprocessing

B Dissecting facial phenotypes

d QUANTIFICATION AND STATISTICAL ANALYSIS
SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.isci.2024.109325.
ACKNOWLEDGMENTS

We are very grateful to the subjects who volunteered for the project. We thank the Fudan University Taizhou Institute of Health Sciences for its

role in volunteer recruitment and data entry. We are indebted to the investigator’s support of the Ministry of Education Key Laboratory of

Contemporary Anthropology in Fudan. We also thank the local staff and institutions at recruitment sites for their assistance in sample collec-

tion. We are also very grateful to all of the cooperation agencies for generously donating their time to our project and to the present and

former lab members who worked tirelessly to make these analyses possible. This study was supported by the Basic Science Center Program

(32288101), the National Science and Technology Basic Research Project (2015FY111700 to L.J. and 2023YFC2605400 to S.X.), and the Na-

tional Natural Science Foundation of China (NSFC), China (No. 32271186, 31771325, 32030020, T2122007, and 32070577). We thank

LetPub (www.letpub.com) for its linguistic assistance during the preparation of this manuscript.
iScience 27, 109325, March 15, 2024

https://doi.org/10.1016/j.isci.2024.109325
http://www.letpub.com


ll
OPEN ACCESS

iScience
Article
AUTHOR CONTRIBUTIONS

L.J. conceived the project and provided themain resources. J.T., M.Z., and S.X. supervised the study. H.Q. and J.Y. conducted 3D facial image

analysis, manual landmarks annotation, and data analysis and drafted the manuscript. C.S., X.Y., Z.L., J.W., H.G., and S.W. performed

research. H.Q., L.J., M.Z., and S.X. revised the manuscript. All authors reviewed the manuscript.

DECLARATION OF INTERESTS

The authors declare no competing interests.

Received: November 8, 2023

Revised: January 17, 2024

Accepted: February 20, 2024

Published: February 24, 2024
REFERENCES

1. Liu, D., Ban, H.J., El Sergani, A.M., Lee, M.K.,

Hecht, J.T., Wehby, G.L., Moreno, L.M.,
Feingold, E., Marazita, M.L., Cha, S., et al.
(2021). PRICKLE1 x FOCAD Interaction
Revealed by Genome-Wide vQTL Analysis of
Human Facial Traits. Front. Genet. 12,
674642.

2. Farkas, L.G. (1994). Anthropometry of the
Head and Face in Clinical Practice (Raven
Press).

3. Xi, H.J., and Chen, Z. (2010). Anthropometric
Methods, 2nd (Science Press).

4. Boehringer, S., van der Lijn, F., Liu, F.,
Günther, M., Sinigerova, S., Nowak, S.,
Ludwig, K.U., Herberz, R., Klein, S., Hofman,
A., et al. (2011). Genetic determination of
human facial morphology: links between
cleft-lips and normal variation. Eur. J. Hum.
Genet. 19, 1192–1197.

5. Liu, F., van der Lijn, F., Schurmann, C., Zhu,
G., Chakravarty, M.M., Hysi, P.G., Wollstein,
A., Lao, O., de Bruijne, M., Ikram, M.A., et al.
(2012). A Genome-Wide Association Study
Identifies Five Loci Influencing Facial
Morphology in Europeans. PLoS Genet. 8,
e1002932.

6. Cha, S., Lim, J.E., Park, A.Y., Do, J.H., Lee,
S.W., Shin, C., Cho, N.H., Kang, J.O., Nam,
J.M., Kim, J.S., et al. (2018). Identification of
five novel genetic loci related to facial
morphology by genome wide association
studies. BMC Genom. 19, 481.

7. Claes, P., Roosenboom, J., White, J.D.,
Swigut, T., Sero, D., Li, J., Lee, M.K., Zaidi, A.,
Mattern, B.C., Liebowitz, C., et al. (2018).
Genome-wide mapping of global-to-local
genetic effects on human facial shape. Nat.
Genet. 50, 414–423.

8. Sero, D., Zaidi, A., Li, J., White, J.D., Zarzar,
T.B.G., Marazita, M.L., Weinberg, S.M.,
Suetens, P., Vandermeulen, D., Wagner, J.K.,
et al. (2019). Facial recognition from DNA
using face-to-DNA classifiers. Nat. Commun.
10, 2557.

9. White, J.D., Indencleef, K., Naqvi, S., Eller,
R.J., Hoskens, H., Roosenboom, J., Lee, M.K.,
Li, J., Mohammed, J., Richmond, S., et al.
(2021). Insight into the genetic architecture of
the human face. Nat. Genet. 53, 45–53.

10. Hoskens, H., Liu, D., Naqvi, S., Lee, M.K.,
Eller, R.J., Indencleef, K., White, J.D., Li, J.,
Larmuseau, M.H.D., Hens, G., et al. (2021). 3D
facial phenotyping by biometric sibling
matching used in contemporary genomic
methodologies. PLoS Genet. 17, e1009528.

11. Liu, D., Alhazmi, N., Matthews, H., Lee, M.K.,
Li, J., Hecht, J.T., Wehby, G.L., Moreno, L.M.,
Heike, C.L., Roosenboom, J., et al. (2021).
Impact of low-frequency coding variants on
human facial shape. Sci. Rep. 11, 748.

12. Ahlqvist, E., Storm, P., Käräjämäki, A.,
Martinell, M., Dorkhan, M., Carlsson, A.,
Vikman, P., Prasad, R.B., Aly, D.M., Almgren,
P., et al. (2018). Novel subgroups of
adultonset diabetes and their association
with outcomes: a data-driven cluster analysis
of six variables. Lancet Diabetes Endocrinol.
6, 361–369.

13. Seymour, C.W., Kennedy, J.N., Wang, S.,
Chang, C.C.H., Elliott, C.F., Xu, Z., Berry, S.,
Clermont, G., Cooper, G., Gomez, H., et al.
(2019). Derivation, validation, and potential
treatment implications of novel clinical
phenotypes for sepsis. JAMA 321, 2003–2017.

14. Verdonschot, J.A.J., Merlo, M., Dominguez,
F., Wang, P., Henkens, M.T.H.M., Adriaens,
M.E., Hazebroek, M.R., Masè, M., Escobar,
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participants

A total of 2,379 HanChinese individuals, consisting of 904males and 1,475 females aged 17 to 83 (mean= 48.9, SD= 12.7), were recruited over

five years in China for the collection of 3D data and other relevant information. In addition to 3D data, each participant’s age, sex, height, and

weight were also recorded. Informed consent was obtained from all individual participants included in the study. The sample collection pro-

cess for this study was approved by the Ethics Committee of HumanGenetic Resources of School of Life Sciences, Fudan University, Shanghai

(14117) and has been performed in accordance with the ethical standards as laid down in the 1964 Declaration of Helsinki and its later amend-

ments or comparable ethical standards.

METHOD DETAILS

3D facial image acquisition and preprocessing

The GFM FaceScan 3D System, developed by GFMesstechnik GmbH (Teltow, Germany), was used to obtain 3D images. The system was cali-

brated against a target image, containing a known pattern of dots on a white background, at the beginning and regular intervals during each

acquisition session. This ensured that each 3D facial image had accurate dimensions. Individuals with a history of craniofacial trauma, congen-

ital malformation, or surgery were excluded. Before scanning, an experienced operator marked critical bone structures on the participant’s

face with an erasable pen for further annotation.41 During image capture, participants were instructed to tilt their heads slightly upward,main-

tain a neutral facial expression with their mouths closed and eyes open, and gaze directly forward. Images with incorrect characteristics were

discarded, and new images were taken to meet the set criteria.41 Each image was composed of a 3D triangular mesh, with about 50,000

vertices representing the frontal facial surface and the corresponding texture map. To account for variations in the original pose and position

of the meshes, the acquired 3D images were transformed to a common orientation under the same coordinate space. The preprocessing

pipeline was performed using the GFM FaceScan 3D System.

Dissecting facial phenotypes

This paper implements two approaches for 3D facial morphological phenotyping to compare their differences in characterizing facial traits.

The first approach, PFA, was described in detail by the authors in our previous study.42 Briefly, one trained operator manually placed 26
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landmarks across the facial surface twice. The coordinate values (x, y, and z) of these 26 facial landmarks were recorded for each 3D facial

image, resulting in a total of 78 coordinate values. Generalized Procrustes analysis standardized the location and orientation of all point con-

figurations.43 The reliability of image capture and manual landmarking has been reported elsewhere in our previous study.42 Using RStudio

3.5.144 and MATLAB R2016b, a total of 11,557 phenotype-first measurements were calculated including the point coordinates, mean curva-

tures, Gaussian curvatures, Euclidean distances, Manhattan distances, geodesic distances,45 proportion indices, angular measurements, tri-

angle area measurements, voluminal measurements, and surface area measurements. The second approach, DDA, was performed using the

pipeline described by Claes et al.7 The global-to-local facial phenotyping partitioned each facial surface into 127 segments, each of which

consisted of several point clouds and was represented by multiple dimensions of variation (principal components, PCs). The extracted phe-

notypes included the principal components of the module, the surface area of the module, the Moran’s I of the module Z coordinate, the

Moran’s I of the module mean curvature, and the Moran’s I of the module Gaussian curvature. A total of 3,281 phenotypes were obtained

in our previous study42 (Figure S5, and Table S12).
QUANTIFICATION AND STATISTICAL ANALYSIS

The Spearman rho correlation, a nonparametric correlation of the Pearson correlation, was used to analyze the facial phenotypes within the

differences of sex, age, and BMI. P values were adjusted for multiple testing using the Holm-Bonferroni method;46 for example, an a threshold

for statistical significance for 14,838 comparisons was determined to be 3.37310�6 (i.e., a = 0.05/14,838). Multidimensional scaling (MDS) and

t-distributed stochastic neighbor embedding (t-SNE) were used to visualize the similarity and dissimilarity among different types of pheno-

types.47,48 We used SIMCA-P software, version 14.0 (Umetrics, Umea, Sweden), to identify key phenotypes that could discriminate between

different subgroups. Partial least squares-discriminant analysis (PLS-DA)49 was used to investigate the differences between subgroups and to

identify the discriminative phenotypes responsible for the separation of the groups. The statistical models were validated using the default

internal cross-validation method (10-fold CV) and evaluated by permutation test statistics. The quality of the models was described by the

R2X, R2Y, and Q2 parameters. The R2 value is a cross-validation parameter that defines the proportion of variance in the data explained

by the models, while the Q2 value is an internal cross-validation parameter that indicates the predictability of the model. Furthermore, the

contributions of variates were evaluated in the classification models using the variable importance in projection (VIP) score.50 VIP values > 1.0

indicatemaximumdiscriminatory power, whereas those with values < 1.0 indicateminimal discriminatory power.51 Permutational multivariate

analysis of variance (PERMANOVA), also known as Adonis, was utilized to test the significant differences in phenotypic composition among

various subgroups and to determine the extent to which different grouping factors explained sample differences.52 The PERMANOVA pro-

cedures were implemented using the adonis function of Vegan package53 in R . Canonical correlation analysis (CCA),54 as implemented in the

function canoncorr in MATLAB 2016b, was used as a straightforward multivariate testing framework. CCA was used to extract the linear com-

bination of basic variables from each facial segment and calculate the weights of three components. Objective weights of the PFA and the

DDA were examined based on the criteria importance through inter-criteria correlation (CRITIC) to detect which approach could better char-

acterize facial features.19
12 iScience 27, 109325, March 15, 2024
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