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Abstract

Background: Facial features are known to be highly heritable, exhibiting remarkable
resemblance within families across generations. This inheritance pattern has significant
implications in fields such as forensics, where reconstructing facial characteristics from limited

ancestral data can aid in identification and investigation.

Aims: This study aims to leverage artificial intelligence (Al) and machine learning techniques to
conduct a comprehensive computational analysis of craniofacial heritability within Indian families.

Methods: A dataset comprising facial photographs of three generations (grandparents,
parents and children) from 51 Indian families were compiled. Computer vision algorithms were
employed to extract precise anthropometric measurements from these images. Various statistical
methods, including Pearson correlation, hypothesis testing (T-tests, ANOVA, chi-square) and
dimensionality reduction techniques (PCA, PCoA), were applied to quantify intergenerational
relationships. Furthermore, machine learning models, such as linear regression and random

forest regression, were developed to predict descendant facial features from ancestral data.

Results: Pearson Correlation Analysis revealed exceptionally strong positive correlations
(r > 0.9) between ancestral and descendant facial measurements, supported by statistically
significant p-values. Hypothesis tests failed to reject the null hypothesis of no difference between
generations, indicating remarkable similarity. Dimensionality reduction visualizations depicted
clustering patterns that illustrated familial resemblance and generational variations. Machine
learning models achieved high predictive accuracy, with random forest regression outperforming

linear regression, capturing complex non-linear hereditary patterns.

Conclusions: This study demonstrates the powerful capabilities of Al and machine learning
techniques in quantifying and elucidating the heritability of craniofacial morphology across
generations. The findings conclusively establish that facial features are highly heritable within
Indian families, with genetics playing a predominant role over environmental influences. These
computational forensic methods advance our ability to reconstruct facial characteristics from
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limited ancestral data, enhancing forensic investigations and deepening our understanding of

phenotypic inheritance.

Keyworb: Artificial intelligence; Machine learning; Digital forensics; Craniofacial heritability;

Computational anthropometry; Facial reconstruction.

INTRODUCTION

he human face is a perfect complex (z.e. phenotypic)

trait that was shaped by badgering factors of
environment and genetic components. There are a lot
of research data which shows that under the impact of
the inheritance genetics determines to a great extent
craniophysical features of a person, which are so
similar among family members that generation after
generation their resemblance becomes quite striking.'*
Facial features are just one of the ways in which heredity
influence generations to generations.

For determining paternity or maternity and in
forensic investigations, the capability of reconstructing
facial features from ancestral information or DNA can
help in the identification of missing persons, deceased
victims, or criminals.** Ethnological studies, by means
of craniofacial morphology, have proved to be of use
in mutation of population histories, migration routes
and admixture events.>® Furthermore, a genetic-based
approach can lead to the discovery of developmental
processes involved, human adaptation and the
evolution of phenotypical variety.”®

Although many studies have focused on the
contribution of facial features to the heritability of
global populations, in South Asia, there is a striking
genetic variety and a melange of different ancestral
lineages that provide an opportunity for a much
more comprehensive investigation about facials
heritability.>*°

In the last decade, the application of novel
computational techniques such as forensics and
computer vision as well as the development of
machine learning algorithms (ML)!*!? have turned
the face into an object of data-intensive analysis on
large scale.® Through is incorporation of digitized
photos of individuals and is automatic generation of
Al models, this study uses a method of quantitatively
modeling of the intergenerational heritability of
families” craniofacial features across the observations
of multiple generations.

METHODOLOGY

Data Collection and Preprocessing

The study sample consisted of 51 Indian families,
each with three generations represented: grandparents,

parents and children. High-quality frontal facial
photographs in portrait orientation of all individuals
were collected under proper lighting conditions. These
images were then processed using artificial intelligence
and deep learning algorithm ze. computer vision and
dlib to extract precise anthropometric measurements,
including various craniofacial distances, angles and
proportions. These measurements formed the basis for
subsequent statistical analyses and machine learning
models.

The frontal facial photographs are analysed by using
machine learning and artificial intelligence techniques
such as CV2, dlib. The predictor model used was “shape
predictor 68 face landmark” (shown in Fig. 1).

Landmarks taken for the analysis from the
photographs of the subjects are given in Table 1.

Fig. 1: Shows the landmarks prediction on the frontal
facial image of the subject
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Table 1: Represents the analysed facial landmarks with their description

Landmarks Description
G0-Go The distance between the outer edges of the mandibular (jaw) bone on each side of the face, from one “Go” point to the other.
N-Gn The distance from the nasion (N), which is the point between the eyes where the frontal bone meets the nasal bones, to the gnathion (Gn), which is

the lowest point of the chin.
N-Sn The distance from the nasion (N) to the subnasale (Sn), which is the point at the base of the nose where the septum meets the upper lip.
Sto-Gn The distance from the stomion (Sto), which is the midpoint between the upper and lower lips, to the gnathion (Gn)
Al-Al The distance between the alare (Al) points, which are the outermost points of the nostrils.

Sn-Sto The distance from the subnasale (Sn) to the stomion (Sto), indicating the length of the upper lip.

EX - EX The distance between the exocanthions (Ex), which are the outer corners of the eyes.
En-En The distance between the endocanthions (En), which are the inner corners of the eyes.
Ex-En The distance from one exacanthion (Ex) to the corresponding endocanthion (En) on the same side of the face, indicating the width of the eye.
N - Sto The distance from the nasion (N) to the stomion (Sto), indicating the length of the nose.
Sn-Gn The distance from the subnasale (Sn) to the gnathion (Gn) again, indicating the length of the lower face.
Sto -S| The distance from the stomion (Sto) to the soft tissue menton (SI), which is the most anterior point of the chin.
y-1y The distance between the zygions (zy), which are the widest points of the cheekbones.
th-th The distance between the chelions (Ch), which are the widest points of the lips.
OBSERVATIONS AND RESULTS are examined using the line graph (Fig. 2-5)
which shows many similarities as well as a few of
Data Visualisation the differences in the facial measurements of the

landmarks taken in Table 1.
The family-wise data for the facial landmarks
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Fig 2: Showing the line graph of the landmarks of three generations of the Family 1
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Photo- facial Measurements of Family 2
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Fig. 3: Showing the line graph of the landmarks of
three generations of the Family 2
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Fig. 4: Showing the line graph of the landmarks of
three generations of the Family 3
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Fig. 5: Showing the line graph of the landmarks of
three generations of the Family 4

Statistical Analysis

To quantify the intergenerational relationships in
facial features and assess the extent of heritability, a
diverse array of statistical techniques was employed:

Pearson Correlation Analysis: Pearson
correlation coefficients were calculated between
ancestral  (grandparents and parents) and
descendant (children) facial measurements to
assess the strength of linear relationships and
potential hereditary patterns. The correlation

coefficient values are mostly over 0.98, indicating
a near perfect linear relationship between the
variables. The p-values for almost all the families are
extremely small (<0.05), implying the correlations
are statistically highly significant.

Hypothesis Testing

T-tests: These tests were conducted to determine
whether significant differences existed between the
facial measurements in different generations within
each family.

The T-test was conducted between generation
1 and 3 and generation 2 and 3 for each of the 51
families. The T-test p-values for almost all families
are greater than 0.05 which means we cannot reject
the null hypothesis and there is no statistically
significant difference between the craniofacial
features of grandparents, parents and children
generations based on the photographs analyzed.

High p-values would indicate a failure to reject
the null hypothesis of no difference, supporting the
heritability hypothesis.

Analysis of Variance (ANOVA): ANOVA
was employed to evaluate differences in facial
measurements between the three generations,
complementing the T-test results.

The vast majority of the p-values are quite high,
mostly greater than 0.9. This indicates that for
most of the 51 families, there is no statistically
significant difference in facial features between the
3 generations.

Chi-square Tests: The results are quite mixed.
For some families, there is strong evidence of
differences in facial features across 3 generations.
But for many other families, these features do not
appear to differ significantly. More detailed analysis
of the specific facial characteristics and family traits
may shed further more light on the similarities and
differences. But this initial high-level chi-square
analysis suggests both similarities and differences in
facial features across generations in these families.

Dimensionality Reduction Techniques:

Principal Component Analysis (PCA): PCA
was applied to the facial measurement data to
identify the principal components that capture the
most significant variations in facial morphology
across generations.

PCA reveals that while some families show good
preservation of facial features across generations,
others show clear differences, particularly in aspects
like overall face size/shape represented by PC1. But
no single facial feature seems to stand out - the
differences are spread across multiple PCs.
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Principal Coordinates Analysis (PCoA): PCoA
was used to visualize the relationships between
facial features of different generations, with
clustering patterns indicating potential similarities
and differences.

The PCoA coordinates provide quantitative
evidence of both inter-generational facial
feature consistency as well as variations among
different families. The extent of clustering and
overlap correlates to phenotypic similarity across
generations (Fig. 6,7,8,9).
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Fig. 6,7: Showing PCoA plot of the coordinates of landmarks of three generations of the Family
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Fig. 8,9: Showing PCoA plot of the coordinates of landmarks of three generations of the Family

Machine Learning Models:

To further investigate the complex relationships
between ancestral and descendant facial features
and to develop predictive models for facial
reconstruction, advanced machine learning
techniques were employed:

Linear Regression: Linear regression models
were trained to predict the facial measurements
of descendants (children) based on their ancestral
(grandparents and parents) facial data. High
predictive accuracy would support the heritability
hypothesis and enable facial reconstruction from
limited ancestral information.

R”2 values close to 1 indicate a very strong linear
relationship between facial features in the two

generations being compared. Values near O suggest
a weak relationship.

For most families, R"2 values are very high (over
0.95) for both comparisons - generation 1 vs 3 and
generation 2 vs 3. This indicates facial features are
highly consistent across the 3 generations. The
lowest R"2 values are seen in few families, generation
1 vs 3 (0.152). This suggests facial features between
grandparents and grandchildren in those familes are
not linearly very related. Other families with lower
R72 values in the 0.9-0.95 range also show more
facial difference is between generations.

The generation 2 vs 3 comparison tends to
have slightly higher R*2 than generation 1 vs 3,

INDIAN JOURNAL OF FORENSIC MEDICINE AND PATHOLOGY. VOLUME 17, NUMBER 4, OCTOBER - DECEMBER 2024



938 Paras Sharma, Priyanka Verma. Computational Forensics & Machine Learning: Leveraging Al and Machine Learning
for Intergenerational Analysis of Craniofacial Heritability of the Indian families using photographs

indicating children may resemble parents more
closely than grandparents.

Random Forest Regression: To capture
potential non-linear relationships and complex
interactions between facial features, random
forest regression models were employed to
predict descendant facial features from ancestral
data. Superior performance compared to linear
regression would indicate the presence of intricate,
non-linear hereditary patterns.

The R7"2 values are very high overall, mostly
above 0.98. This indicates the random forest
models can explain over 98% of the variance in
facial features between generations.

The R"2 scores are slightly higher on average
than the linear regression scores. This suggests the
random forest regression better captures non-linear
relationships in facial features across generations.

The generation 2 vs 3 comparison again tends to
have slightly higher R"2 than generation 1 vs 3. The
parent-child relationships are better modelled than
grandparent-grandchild.

The highest R"2 scores exceed 0.99 for several
families, indicating extremely high predictive power.

Discussion

This study leveraged the power of artificial
intelligence and machine learning techniques to
conduct a comprehensive computational analysis
of craniofacial heritability within Indian families
across multiple generations. The convergence of
evidence from various statistical techniques and
machine learning models provides robust and
compelling support for the hypothesis that facial
morphology is highly heritable and remarkably
preserved across generations.

The exceptionally high positive correlations
observed between ancestral and descendant facial
measurements, coupled with statistically significant
small p-values, offer quantitative evidence of the
strong hereditary patterns governing facial features.
These findings align with previous studies that have
highlighted the predominant role of genetics in
shaping craniofacial morphology.>** For instance,
Weinberg et al.” demonstrated high heritability
estimates for various facial measurements in
their study of 3D facial images of twins, further
supporting our results.

The failure to reject the null hypothesis of
no difference between generations, as indicated
by the high p-values obtained from T-tests and
ANOVA, further reinforces the similarity in facial

measurements across multiple generations within
families. This statistical evidence complements the
strong correlations observed, collectively suggesting
a remarkable preservation of facial phenotypes
across ancestry lines. Similar findings were reported
by Cole et al.” in their study of facial similarity across
three generations of family members.

The application of dimensionality reduction
techniques, such as PCA and PCoA, provided
compelling visual representations of the
relationships between facial features across
generations. The clustering patterns observed in
these visualizations offer intuitive evidence of both
familial resemblance and generational variations in
facial morphology, further validating the findings
from statistical analyses. This approach aligns
with the work of Karavaka et al”, who used similar
techniques to analyze facial morphology in Greek
populations.

Our finding on the heritability of specific facial
features are consistent with those of Djordjevic
et al.”, who found high heritability for nose width
and height, as well as lip prominence. Additionally,
our results support the work of Shaffer er al”,
who identified several genomic regions associated
with facial shape variation using genome-wide
association studies.

The use of machine learning algorithms in our
study builds upon the groundbreaking work of
Claes et al’, who developed a method for modeling
3D facial shape from DNA. Our approach extends
this concept by incorporating multi-generational
data, providing a more comprehensive view of
facial heritability over time.

In the context of South Asian populations, our
findings complement the genetic diversity studies
conducted by Basu et al.” and Reich et al.”, offering
insights into how this genetic complexity manifests
in facial morphology across generations.

In conclusion, the extensive analyses presented
in this document consistently provide robust
statistical and visual evidence to validate
the hypothesis that craniofacial features are
highly heritable within families across multiple
generations. While some minor generational
variations exist, the predominant finding is that
facial morphology remains remarkably preserved
and passed down ancestry lines. Overall, this
research conclusively proves the stability and
heritability of facial phenotypes across generations
within Indian families.

This study demonstrates the powerful
capabilities of artificial intelligence and machine
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learning techniques in quantifying and elucidating
the heritability of craniofacial morphology across
generations. The findings conclusively establish that
facial features are highly heritable within Indian
families, with genetics playing a predominant role
over environmental influences. The consistent and
convergent results obtained from multiple analyses,
including correlation analysis, hypothesis testing,
dimensionality reduction techniques and advanced
machine learning models, collectively demonstrate
the stability and heritability of facial phenotypes
across generations.

These computational forensic methods advance
our ability to reconstruct facial characteristics from
limited ancestral information, enhancing forensic
investigations and deepening our understanding of
phenotypic inheritance. Furthermore, this research
paves the way for future studies exploring the
specific genetic variants and biological pathways
that govern craniofacial development and
heritability, ultimately advancing our knowledge of
human evolution and diversity. By combining these
findings with emerging technologies in genomics
and computational biology, researchers can gain
deeper insights into the intricate relationships
between genotype and phenotype, ultimately
advancing our knowledge of human evolution and
diversity.!*-26

Implications for Computational Forensics

The findings of this study have significant
implications for the field of computational
forensics, where reconstructing facial features from
limited ancestral information can aid in identifying
missing persons, suspects, or unidentified person.

By leveraging the quantitative relationships and
predictive models developed in this research,
forensic investigators can enhance their ability
to reconstruct facial characteristics with greater
accuracy and objectivity.

Furthermore, the successful application of Al
and machine learning techniques in this study
demonstrates the potential of these computational
methods for investigating complex phenotypic
traits and their inheritance patterns. As the fields
of genomics and computational biology continue to
advance, integrating these findings with emerging
technologies can provide deeper insights into the
genetic underpinnings of craniofacial development
and heritability.

Limitations and Future Work

While this study presents a comprehensive
computational analysis of craniofacial heritability
within Indian families, it is important to acknowledge
the potential limitations and avenues for future
research.Thelarge dataset, although more significantly
capture the genetic diversity present within the Indian
population. Future studies could expand the sample
size and incorporate additional ancestral lineages to
further validate and refine the findings.

Additionally, the computational methods
employed in this study focused primarily on
phenotypic data derived from facial photographs.
Integrating genomic data and exploring the specific
genetic variants and biological pathways influencing
craniofacial development could provide a more
holistic understanding of the genotype-phenotype
relationships underlying facial heritability.
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