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ABSTRACT

This document details a fully operational pipeline for the prediction
of human facial features from genomic inputs like VCF or FASTA
data. Essentially, the system is a staged processing of raw DNA data
through quality control, SNP picking, feature embedding, model
prediction, and the eventual face synthesis unit that generates the 2D
or 3D facial structure. The intent of the endeavor is to devise a
dependable method of interpreting the impact of genetic variations on
facial morphology and to produce intelligible visual representations
of the predicted traits. Furthermore, the pipeline acknowledges model
uncertainty, data governance, and ethical use aspects. All the 2,
pictorials and components of the system are the intellectual property
of the research “Facial Structure Recognition from Genetic Data.”
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1. INTRODUCTION

Facial morphology is partially inherited from a
complicated mixture of genetic variants and the
interaction of the environment with the genes. It is
now possible to attempt to predict exact facial
features from genome data thanks to the recent
development in machine learning and bioinformatics.
This initiative is centered on creating a well-
organized pipeline that consumes genetic data and
yields a simulated face through computer modeling.
The concert of operations comprises DNA
preprocessing, SNP extraction, feature embedding,
predictive modeling, and facial structure rendering.
The report of the project, “Facial Structure
Recognition from Genetic Data” was the basis for the
system’s conceptualization and assessment.

2. RELATED WORK

Previous studies have delved into the association
between particular genetic markers and craniofacial
characteristics. Genome-wide association studies
(GWAS) pinpoint SNPs that influence the shape of
the nose, the distance between the eyes, jaw structure,
and general facial geometry. Recent deep learning
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developments have opened up novel ways of
predicting phenotypes from genotypes. Generative
models like GANs and diffusion models are
commonly employed to generate lifelike facial
outputs. A set of issues regarding the privacy,
fairness, and possible use of genetic phenotyping that
has not been resolved yet, is still being discussed.

3. PROBLEM DEFINITION AND
OBJECTIVES

The primary goal is to estimate facial features and

reconstruct visual facial content based solely on

genetic information. The system aims to:

1. Process and clean raw DNA data.

2. Identify relevant SNPs known to influence facial
variation.

3. Convert SNPs into a numerical representation
suitable for machine learning.

4. Train a model facial feature

coefficients.

to predict

5. Convert predicted traits into a synthesized face.
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4. SYSTEM ARCHITECTURE

Figure 1 illustrates the overall architecture. The
pipeline begins with DNA ingestion, proceeds
through preprocessing and SNP encoding, and finally
produces a synthesized facial output using predictive
modeling and reconstruction.
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Fig 1: Complete pipeline for DNA based facial
structure prediction.

S. DATA PREPROCESSING

A. Input Formats - Supported DNA formats include
VCF, FASTA, and raw data from consumer
genetic testing services. All samples are aligned
to a reference genome before analysis.

B. Quality Control - Quality control includes
filtering low-confidence variants, removing SNPs
with low call-rate, applying MAF thresholds, and
running Hardy—Weinberg checks. Missing
genotypes may be imputed using reference
datasets.

C. SNP Selection - Relevant SNPs are selected using
GWAS databases, feature selection models, and
statistical methods such as LASSO and Random
Forest importance scoring.

6. FEATURE ENCODING AND EMBEDDING
Each SNP is encoded using allele dosage:

gi€ {0, 1,2}

where the value reflects the number of minor alleles.
Encoded SNP vectors are fed into an embedding
network that compresses genetic information into a
latent representation.

7. MODEL DESIGN

A. Predictor Network - A neural network {6 maps the
embedded genetic vector z to predicted facial
traits: t"= 10 (z)

These traits may be PCA components, landmark
deltas, or shape descriptors

B. Face Synthesizer-
Two reconstruction methods are used:

» 3D Morphable Model (3DMM):

S*=S" +Bt"

» Neural rendering models such as GANs or
diffusion networks.

8. TRAINING AND EVALUATION

A. Datasets-

Training requires paired genomic and facial datasets,
including 3D scans or 2D annotated images.

B. Metrics-

Evaluation uses:

» Landmark RMSE

» PCA correlation scores

» SSIM and LPIPS for rendered images

9. RESULTS

The developed DNA-to-face prediction system was
evaluated through a series of experiments that
measured its accuracy, consistency, and ability to
reconstruct meaningful facial structure from SNP-
based data. The results reflect both the performance
of the predictive model and the quality of the
synthesized facial output.

A. Model Performance Overview

The neural predictor demonstrated stable convergence
during training, with decreasing loss across epochs
and no signs of over fitting due to regularization and
early stopping. The final model exhibited strong
alignment between predicted facial coefficients and
their ground-truth values.

TABLE I: Overall Model Performance on Final

Metric Training Score
Landmark RMSE (mm) 2.12
PCA Coefficient Correlation 0.78
SSIM (Image Similarity) 0.85
LPIPS (Perceptual Distance) 0.10

B. Landmark Prediction Accuracy - To evaluate the
structural accuracy of the reconstructed face, 68
standard facial landmarks were compared
between predictions and reference data. The areas
with highest accuracy included:

» Nasal bridge length
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» Eye-to-eye distance

» Facial width and cheekbone contours Higher-
variance features (lower accuracy):

» Chin curvature

» Lip thickness

» Local asymmetry in jaw structure

This reflects the polygenic complexity and

environmental influence on soft-tissue—based facial
features.

C. SNP-to-Trait Contribution - Through SHAP-
based explainability analysis, the system
identified SNP clusters with consistently strong
influence on:

Bridge width of the nose

Mandible angle

Brow ridge projection

Zygomatic arch prominence

YV VYV

These findings support previously reported GWAS
associations, validating the relevance of selected SNP
panels.

D. Reconstruction Quality Evaluation - The
synthesis module produced visually coherent 2D
and 3D reconstructions. Although exact

photorealism was not expected, the generated
faces maintained:

» Anatomical consistency

» Accurate proportion patterns

» Clear representation of predicted structural traits

Figure placeholders below represent where final
project output images should be inserted.

Fig 2: Example reconstructed face generated by
the system.

E. Comparison with Existing Approaches - To
benchmark system performance, results were
compared against two baseline models:

» Linear regression on SNP sets

» PCA-based dimensionality reduction with SVM
regression

Our model outperformed both baselines:
TABLE II: Comparison with Baseline Models

Model RMSE PCA Corr.  SSIM
Linear Regression ~ 4.95 0.32 (.41
SVM Regression 387 051 0.58
Proposed Model 267 0.68 0.78

The improvement confirms the suitability of deep
genetic embedding’s for capturing nonlinear
genotype—phenotype relationships.

F. Computational Efficiency - The final deployed
model:

» Requires less than 40 MB of storage

» Runs inference in 120-300 ms on standard GPU
hardware

» Supports batch inference for large genomic
datasets

This demonstrates the pipeline’s practical usability
for research applications.

G. Error Analysis - Incorrect or lower-confidence
predictions often occurred when: « SNPs showed
missingness or imputation bias

» The dataset included mixed-ancestry samples
lacking balanced representation

» Soft-tissue-dominated traits were evaluated

Uncertainty estimates were essential for flagging
facial features with weak evidence.

H. Qualitative Observations - Reconstructed faces
displayed noticeable variations corresponding to:
Ethnic background influences encoded genetically
Strong SNP-driven traits such as jaw prominence
or nasal width

Subtle asymmetries predicted through model
confidence scores

YV VYV

—

Overall Result Summary - The DNA-to-face
pipeline produced:

Statistically reliable predictions for structural
facial traits

Smooth, interpretable 3D reconstructions

Strong correlation with known genetic behavior
of craniofacial features

VvV VY

Although photorealism has natural constraints, the
reconstructed outputs demonstrate strong potential for
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forensic anthropology, biological research, and
genetic visualization studies.

10. ETHICAL CONSIDERATIONS

Genetic phenotyping requires strict ethical controls:
Informed consent

» Restricted access to genomic data

» Transparency about prediction uncertainty

» Prevention of misuse in identity inference

11. FUTURE WORK

Future improvements include:

Incorporating whole-genome sequencing

Using multi-omic data such as epigenetics
Building larger diverse datasets

Enhancing generative realism with advanced
diffusion models

12. CONCLUSION

This work outlines a complete DNA-to-face
prediction pipeline, starting from raw genomic data
and ending with synthesized facial output. The
modular structure allows for easy updates, and
emphasis is placed on responsible usage, accuracy,
and future scalability. The project “Facial Structure
Recognition From Genetic Data” served as the basis
for this research.

Y VVY
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