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[Abstract )

Background: Biochemical traits such as enzyme activity, metabolic capacity, and drug response are
shaped by both genetic and environmental factors. While bioinformatics has advanced our understanding
of population-level genetic variation, it often overlooks the influence of cultural identity, an important
determinant of behavior, lifestyle, and environmental exposure. This study integrates cultural studies with
biochemistry and bioinformatics to investigate how culturally defined human populations differ in their
biochemical traits at the molecular level.

Methods: We analyzed genotype, transcriptomic, and biochemical biomarker data from three major pop-
ulation-scale datasets: the 1000 Genomes Project, GTEx, and the UK Biobank. Cultural groupings were
inferred from population metadata, including ethnicity, region, and lifestyle proxies. We selected cultur-
ally relevant biochemical traits (e.g., lactase persistence, alcohol metabolism, xenobiotic detoxification)
and performed principal component analysis (PCA), hierarchical clustering, SNP-trait association stud-
ies, pathway enrichment analysis, and machine learning classification to assess cultural stratification in
molecular data.

Results: Cultural groups displayed distinctive biochemical signatures. For example, ALDH?2 variants
were enriched in East Asians, while LCT activity distinguished Northern Europeans. Enrichment analyses
revealed culturally specific pathways, including acetaldehyde detoxification in East Asians and galactose
metabolism in dairy-consuming populations. Machine learning models achieved moderate classification
performance (e.g., AUC = 0.67 for East Asians and Northern Europeans), showing that biochemical
traits can predict cultural affiliation to a degree. These findings were synthesized into a visual framework
illustrating how culture intersects with biochemistry at the systems level.

Conclusion: Our study demonstrates that cultural identity is a meaningful dimension in molecular bio-
informatics. Cultural practices shape gene expression and metabolic function, leaving detectable traces
in omics data. Incorporating cultural context into biomedical research enhances our understanding of
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human biochemical diversity and supports the development of more equitable, culturally sensitive ap-
proaches in precision medicine. This interdisciplinary model lays the foundation for future research at the
interface of genomics, cultural anthropology, and systems biology.

*Corresponding author: Ian Pranandi, Department of Biochemistry, School of Medicine and Health Scienc-
es, Atma Jaya Catholic University of Indonesia, Jakarta 14440, Email: ian.pranandi@atmajaya.ac.id

Submitted: 24.10.2025

Accepted: 01.11.2025

Published: 10.11.2025

Keywords: Cultural Bioinformatics, Biochemical Traits, Gene Expression, Snp-Trait Associations, Pathway
Enrichment, Machine Learning, Precision Medicine, Population Genomics, Ethnopharmacology

Introduction

In the era of precision medicine, understanding hu-
man biochemical diversity is central to developing
effective, personalized healthcare strategies. Tradi-
tionally, such diversity has been examined primarily
through the lens of genetic ancestry, with large-scale
genomic projects mapping population-specific var-
iants across continents [1]. However, this genetic
framing, while scientifically valuable, often over-
looks the profound influence of cultural identity, a
composite of language, diet, rituals, beliefs, and so-
cial structures, on human biology. While ancestry re-
flects inherited genomic variation, culture embodies
lived experiences that shape environmental expo-
sures, lifestyle choices, and physiological respons-
es, often across generations [2]. The intersection of
culture and biology thus invites deeper exploration,
particularly through the integrative power of bioin-
formatics.

Biochemical traits, such as enzyme activities, met-
abolic profiles, and drug-metabolizing capabilities,
are not solely dictated by genetic sequence. They
are the dynamic outcomes of genotype-environment
interactions, with cultural practices playing a sig-
nificant role in shaping such environments [3]. For
example, lactase persistence in Northern European
populations correlates not only with specific LCT
gene variants but also with the cultural tradition of
dairy farming [4]. Similarly, East Asian populations
exhibit a high frequency of the ALDH2*2 allele, as-
sociated with alcohol intolerance, which has socio-
cultural implications for drinking norms [5]. These
examples underscore how biochemical traits lie at

the confluence of molecular biology and cultural his-
tory, yet they are rarely studied in an integrated, da-
ta-driven framework.

Recent advances in population-scale omics datasets,
including genomics, transcriptomics, and metabolo-
mics, paired with sophisticated bioinformatics tools,
now allow for high-resolution analyses of molecular
traits across diverse human populations. However,
most studies to date have stratified samples by ancestry
or geography, with limited consideration of self-iden-
tified culture as a meaningful axis of biological var-
iation [6]. This gap reflects a broader issue: cultural
identity is often treated as a soft, qualitative variable,
difficult to encode in computational models. Nonethe-
less, emerging studies in biocultural anthropology and
sociogenomics suggest that integrating cultural vari-
ables into omics research could reveal novel insights
into disease susceptibility, therapeutic response, and
health disparities [7].

This study aims to bridge that gap by investigating
whether biochemical traits, derived from genetic,
transcriptomic, and metabolic data, exhibit distinct
patterns across culturally identified populations, and
whether these patterns can be computationally distin-
guished from those driven by genetic ancestry alone.
Using publicly available omics datasets enriched with
metadata on ethnicity, geographic origin, and lifestyle
proxies, we employ a suite of bioinformatics analy-
ses to (1) identify biochemical traits associated with
cultural groups, (2) compare cultural clustering with
genomic population structure, and (3) evaluate the im-
plications of such ﬁndings for personalized medicine
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and ethical data interpretation.

By moving beyond the binary of “genes versus cul-
ture” and embracing a biocultural model, this re-
search contributes to a more nuanced understanding
of human biochemical diversity. It also prompts a
critical re-evaluation of how population categories
are constructed, analyzed, and applied in biomedical
science, particularly as we strive to build inclusive
and equitable frameworks for global health research.

Literature Review

The interplay between genetic variation and bio-
chemical expression has long been a cornerstone
of biomedical research. With the advent of popu-
lation-scale genomics projects such as the Human
Genome Diversity Project, 1000 Genomes, and UK
Biobank, researchers have elucidated how allele fre-
quencies vary across global populations, influencing
traits ranging from drug metabolism to disease sus-
ceptibility [3,8]. Biochemical phenotypes, such as
enzyme activities, hormonal levels, and metabolite
concentrations, have often been viewed through this
population genetics lens, primarily interpreted as the
downstream manifestations of inherited genotypes.
However, emerging critiques suggest that this ap-
proach, while scientifically rigorous, is limited in its
capacity to explain the full spectrum of human bi-
ochemical diversity, particularly when sociocultural
variables are excluded [6,7].

Studies on lactase persistence, alcohol metabolism,
and pharmacogenomics have exemplified the com-
plex interdependencies between genetics, biochem-
istry, and culture. For instance, the persistence of
lactase activity into adulthood, driven by regulatory
variants in the LCT gene, is strongly associated with
cultures that have a long-standing history of dairy
consumption [4]. Likewise, the prevalence of the in-
active ALDH2 variant in East Asian populations in-
fluences acetaldehyde metabolism and interacts with
cultural attitudes toward alcohol use and abstention
[5]. In the field of pharmacogenomics, the expres-
sion of cytochrome P450 enzymes such as CYP2D6
and CYP3A4 shows inter-individual and inter-popu-
lation variability that is not merely genetic, but also
shaped by diet, medication habits, and environmen-
tal exposures, many of which are culturally mediated
[7,8].

Despite such examples, few studies have systematical-
ly examined biochemical traits in relation to cultural
identity, especially through the lens of bioinformatics.
Cultural identity is often approximated by ethnicity or
geography in population genomics, but these proxies
may obscure more granular sociocultural variables
such as dietary practices, traditional medicine use, or
ritualized behaviors, which can influence gene expres-
sion via epigenetic mechanisms [6,7]. Some research
in nutritional genomics and epigenomics has begun
to address how culturally embedded behaviors (e.g.,
fasting, herbal usage, high-carbohydrate diets) influ-
ence molecular phenotypes, but these are often limit-
ed to single populations or disease contexts [8,9]. The
broader application of such inquiry across culturally
diverse groups remains underexplored.

In parallel, the discipline of biocultural anthropology
has long emphasized the co-evolution of human bi-
ology and culture, arguing that cultural practices are
not merely behavioral but can leave physiological and
molecular imprints over generations. Concepts such
as biocultural stress, cultural epigenetics, and soci-
ogenomics have emerged to bridge the gap between
social environments and biological responses [10].
However, these frameworks have rarely been opera-
tionalized using high-throughput omics data, leaving
a methodological gap that bioinformatics is well-suit-
ed to fill.

Recent scholarship has also highlighted the biases
in biomedical data repositories, where samples from
non-Western, Indigenous, and culturally diverse
populations are underrepresented [8,10]. This lack
of diversity limits the generalizability of findings in
biochemistry and omics-based medicine, potentially
perpetuating global health inequities. There is a grow-
ing call for more culturally inclusive data curation, not
only in terms of genetic ancestry but also in collecting
metadata that reflect lived cultural realities, language,
food systems, kinship structures, spiritual practices,
all of which can influence biochemical exposures and
responses [7,8].

In summary, while the biochemical consequences of
genetic variation are well-documented, the contribu-
tion of cultural identity to biochemical phenotypes
remains underexplored in the context of bioinformat-
ics research. By integrating omics data with cultural
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variables and leveraging computational analysis, the
present study aims to address this gap and contribute
to a more holistic understanding of human biochem-
ical variation. This approach aligns with contempo-
rary shifts toward decolonizing biomedical science,
promoting cultural sensitivity in research design,
and advancing equitable precision medicine.

Methods and Results

In bioinformatics research, analytical processes are
often exploratory, iterative, and interwoven with re-
al-time data interpretation. As such, it is common
practice to present methods and results within a single
integrated section, rather than separating them into
distinct chapters. This structure reflects the dynamic
nature of computational inquiry, where the outcome
of one analytical step informs the next, and where
data preprocessing, modeling, and interpretation are
tightly coupled. In this study, each subchapter fol-
lows a logical progression from dataset selection to
computational analysis and biological insight, with
methods immediately followed by corresponding re-
sults to ensure clarity and coherence in presenting
the multidimensional bioinformatics workflow.

Data Acquisition and Preprocessing

To explore biochemical trait variation across cultur-
ally diverse populations, we utilized multiple pub-
licly available population-scale omics datasets. The
primary inclusion criteria were the availability of:
(1) genetic or transcriptomic data relevant to known
biochemical pathways, and (2) metadata with in-
dicators of cultural or geographic identity, such as
self-reported ethnicity, country of origin, or region-
ally linked dietary / lifestyle factors. Based on these
criteria, three core datasets were selected: the 1000
Genomes Project, the Genotype-Tissue Expres-
sion (GTEXx) project, and the UK Biobank [11-13].
A summary of each dataset, including sample size,
data modality, and metadata availability, is provided
in Table 1.

For the 1000 Genomes dataset, we obtained geno-
type data (VCEF files) for 26 population groups. While
this project does not explicitly categorize samples
by “culture,” we treated the population labels (e.g.,
Yoruba in Ibadan, Han Chinese in Beijing, Gujarati
Indians in Houston) as culturally proximate proxies.
For the GTEx dataset, we extracted normalized gene

expression (TPM) values from liver, adipose, and
muscle tissues, which are metabolically active and
commonly studied in biochemical pathway research
[11,12]. Metadata on ancestry and region of origin
were used to approximate cultural identifiers, albeit
with acknowledged limitations in granularity. Finally,
from the UK Biobank, we accessed a subset of partic-
ipants (n > 10,000) for whom SNP data and metabol-
ic biomarker levels were available, along with ethnic
background, dietary habits, and region of residence
[13]. These variables enabled partial cultural stratifi-
cation beyond genomic ancestry.

Preprocessing of genotype data involved quality con-
trol using PLINK v1.9, where we filtered out variants
with a minor allele frequency (MAF) < 1%, genotyp-
ing call rate < 95%, and Hardy-Weinberg equilibrium
p-value < 1 x 107°, Transcriptomic data from GTEx
were preprocessed using DESeq2 normalization, and
only protein-coding genes with consistent expression
(TPM > 1 in at least 70% of samples) were retained for
downstream analysis. For metabolomic and biomark-
er data in the UK Biobank, batch effects were correct-
ed using ComBat-seq, and z-score normalization was
applied to facilitate cross-population comparison.

To ensure coherence between datasets, we created a
crosswalk aligning sample identifiers, population la-
bels, and available metadata on cultural proxies. All
identifiers were anonymized and de-identified prior
to analysis. A visual summary of the data acquisition,
filtering, and preprocessing pipeline is presented in
Figure 1.

This initial step yielded a harmonized dataset encom-
passing over 3,000 individuals across a diverse set of
cultural-geographic identities, with complete profiles
of either SNP genotypes, gene expression values, or
metabolic biomarkers relevant to biochemical func-
tion. This curated dataset formed the basis for all
downstream bioinformatics analyses.
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Table 1: Summary of Population-Scale Datasets and Metadata Availability [11-13]

1000 Genomes Genotype (VCF) 2,504 Population labels Whole genome
Project (e.g., YRI, CHB, SNPs
GIH)
GTEx Project Transcriptome 17,382 Ancestry and re- Liver, adipose,
(TPM) gion of origin muscle gene ex-
pression
UK Biobank Genotype + Meta- | 10,000%* Self-reported Blood metabolites,
bolic Biomarkers ethnicity, dietary liver function, lipid
habits, region profile

*Subset selected for individuals with complete omics and metadata relevant to this study.

Table 1 provides an overview of the three major population-scale datasets used in this study. The 1000 Ge-
nomes Project served as the primary source of genomic variation data, offering high-resolution SNP genotypes
across 26 globally distributed population groups, which were treated as proxies for culturally linked popula-
tions. The GTEx Project contributed transcriptomic data, particularly gene expression profiles from metabol-
ically relevant tissues such as liver, adipose, and muscle, alongside metadata on donor ancestry and region of
origin to approximate cultural background. The UK Biobank dataset, from which a subset of 10,000 individ-
uals was selected, provided both genomic and metabolic biomarker data, including a rich set of self-reported
variables related to ethnicity, diet, and regional origin, enabling more refined cultural stratification [11-13].
Together, these datasets offer complementary perspectives on the molecular underpinnings of biochemical
traits and their distribution across culturally diverse populations, forming the foundation for the integrative
bioinformatics analyses presented in the following sections.
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Figure 1: Workflow of Data Acquisition and Preprocessing Pipeline [11-13]
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This flowchart illustrates the data acquisition and preprocessing strategy used in this study. Three primary da-
tasets, 1000 Genomes (genotype data), GTEx (transcriptomic data), and UK Biobank (genotype and metabolic
biomarkers), were selected based on the availability of both molecular data and metadata relevant to cultural
identity. Cultural proxies such as population labels, self-reported ethnicity, region of origin, and dietary hab-
its were extracted to approximate culturally distinct groups. Following metadata alignment, quality control
procedures were applied, including variant filtering, gene expression normalization, and batch correction.
These steps culminated in the generation of a harmonized dataset comprising approximately 3,000 culturally
stratified individuals, which served as the basis for downstream bioinformatics analyses of biochemical trait
variation [11-13].

Selection of Biochemical Traits

To investigate the relationship between cultural identity and biochemical variation, we focused on a curated
set of biochemical traits that are both biologically significant and culturally relevant. Trait selection was guid-
ed by three main criteria: (1) the trait must have a well-characterized molecular or genetic basis; (2) it must
be represented in the selected omics datasets (genomic, transcriptomic, or metabolomic); and (3) it must have
known or hypothesized variation linked to cultural practices such as diet, alcohol consumption, or traditional
medicine use [14,15].

Based on these criteria, we identified a set of genes and biomarkers involved in key biochemical pathways,
including metabolism, detoxification, digestion, and lipid processing. For genomic data, trait-related genes
included LCT (lactase persistence), ALDH2 and ADH1B (alcohol metabolism), CYP2D6 and CYP3A4 (drug
metabolism), FADS1/FADS2 (fatty acid metabolism), and UGT1A1 (bilirubin clearance). These genes are
widely studied in population genetics and pharmacogenomics, and they exhibit allele frequency variation
correlated with lifestyle or environmental exposure that often maps onto cultural boundaries [4-6]. For tran-
scriptomic analysis (GTEx), we selected tissue-specific expression profiles of these genes in liver and adipose
tissues [12]. In the UK Biobank dataset, corresponding biochemical phenotypes, such as blood triglyceride
levels, liver enzymes (ALT, AST), and alcohol biomarkers, were included as continuous metabolic traits.

The selection process also incorporated literature review of ethnopharmacological and nutritional genomics
studies to ensure relevance to real-world cultural variation [9]. For example, the high frequency of the ALDH2
rs671 variant in East Asian populations is widely linked to alcohol flushing syndrome and lower rates of al-
cohol dependence, shaped by cultural drinking norms [5]. Similarly, LCT gene variants demonstrate strong
selection in populations with long-standing dairy consumption traditions, such as those in Northern Europe
and East Africa [4].

The final list of selected traits, along with their associated genes, trait category (e.g., metabolism, detoxifica-
tion), and known or hypothesized cultural relevance, is summarized in Table 2. This trait panel served as the
molecular focus for downstream stratification and enrichment analyses.
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Table 2: Selected Biochemical Genes / Proteins and Their Cultural Relevance [4-6]

Gene / Biomarker Trait Category Data Type Cultural Relevance
LCT Carbohydrate metabo- Genotype / Expression Associated with dairy
lism consumption traditions
(e.g., Europe, East Afri-
ca)

ALDH?2 Alcohol metabolism Genotype / Expression | Linked to alcohol in-
tolerance in East Asian
populations

ADHIB Alcohol metabolism Genotype Variation in alcohol
sensitivity across popu-
lations

CYP2D6 Drug metabolism Genotype / Expression Polymorphisms affect

drug metabolism in vari-
ous ethnic groups

CYP3A4 Drug metabolism Genotype / Expression Differential expression
linked to traditional med-
icine metabolism
FADS1/FADS2 Lipid metabolism Genotype / Expression Fatty acid intake and
traditional diets (e.g.,
marine-based)

UGT1A1 Detoxification Genotype / Expression Associated with bilirubin
metabolism; varies with
diet and medication

ALT /AST Liver function Metabolite / Biomarker [ Liver enzyme levels vary
with alcohol use and diet

Triglycerides Lipid metabolism Metabolite / Biomarker | Linked to dietary fat
intake and cultural eating
patterns

Alcohol Biomarkers Alcohol consumption Biomarker Biomarkers for cultural

patterns of alcohol use

Table 2 summarizes the panel of biochemical genes, proteins, and biomarkers selected for analysis in this
study. These traits were chosen based on their dual significance in molecular biology and cultural relevance.
Several of the genes, such as LCT, ALDH2, and ADH1B, are well-established in population genetics literature
for their roles in metabolizing lactose and alcohol, traits known to vary across cultures due to long-standing
dietary traditions and social behaviors. The inclusion of cytochrome P450 enzymes (CYP2D6 and CYP3A4)
reflects the cultural variability in exposure to traditional medicines and pharmaceuticals, which influences
drug metabolism pathways. Lipid metabolism genes (FADS1/FADS2) and biomarkers such as triglycerides
were included to capture biochemical consequences of culturally distinct dietary patterns, particularly those
high in marine or plant-based fats. The liver function enzymes ALT and AST, along with bilirubin-related gene
UGT1A1, represent markers affected by both genetic background and lifestyle factors, including alcohol use,
fasting, and herbal supplementation [4-6]. By integrating this diverse set of traits spanning genotypic, tran-
scriptomic, and biochemical domains, the study aims to dissect how cultural identity aligns, or diverges, from
underlying molecular signatures.

Population Stratification and Clustering
To explore the relationship between cultural identity and molecular profiles, we conducted a population strat-
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stratification analysis using both genetic and transcriptomic data. This analysis aimed to evaluate whether cul-
turally proximate groups exhibit distinct clustering patterns based on biochemical trait-related variation, and
to compare these patterns with known genetic ancestry structures.

We first applied Principal Component Analysis (PCA) to the filtered genotype dataset from the 1000 Ge-
nomes Project, focusing only on SNPs within or near the trait-associated genes listed in Table 2 [11]. The
resulting PCA plot, presented in Figure 2, shows how individuals cluster along principal components 1 and 2,
color-coded by both population labels and inferred cultural groupings. As expected, ancestry-based population
clusters such as African (e.g., YRI), East Asian (e.g., CHB), and European (e.g., CEU) separated distinctly
along PC1 and PC2 [6,7]. However, when these clusters were relabeled based on broader cultural groupings
(e.g., dairy-consuming vs. non-dairy-consuming populations, or alcohol-abstaining vs. alcohol-tolerant cul-
tures), new patterns of stratification emerged, with some overlap across ancestral lines, suggesting that cultural
practices may correlate with, but not entirely mirror, genetic ancestry.

To further investigate these patterns in biochemical expression, we performed hierarchical clustering on tran-
scriptomic data from GTEx, again limiting the analysis to genes listed in Table 2 and focusing on liver and
adipose tissues. Euclidean distance matrices were calculated from normalized expression values, and cluster-
ing was conducted using Ward’s method [12,16]. The resulting heatmap with dendrogram, shown in Figure 3,
highlights subclusters of individuals whose biochemical expression profiles group more strongly by cultural
proxies (e.g., region of origin, self-identified ethnicity) than by genetic ancestry alone.

Notably, certain gene expression patterns, such as elevated CYP3A4 expression in individuals of South Asian
origin or suppressed ALDH2 expression in East Asian samples, aligned closely with known cultural or behav-
ioral trends, including herbal supplement use and alcohol avoidance, respectively. These observations rein-
force the hypothesis that cultural factors may modulate gene expression beyond the genomic sequence level,
potentially via environmental or epigenetic influences [7].

Together, these clustering analyses suggest that while genetic ancestry remains a dominant axis of stratifica-
tion, culturally informed groupings capture additional structure in the distribution of biochemical traits. These
findings provide a foundation for further pathway-level enrichment

J.of Bio Adv Sci Research Vol:1,3. Pg:8
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analyses and trait-culture association studies in subsequent sections.
Figure 2: PCA of Genotype Data by Cultural Grouping [11-13]

This principal component analysis (PCA) plot displays the genetic variation across individuals based on SNPs
located within or near selected biochemical trait-associated genes (see Table 2). Each point represents an
individual, and colors denote culturally proximate groups derived from metadata such as population label, re-
gion of origin, and self-reported lifestyle variables. While principal components 1 and 2 capture well-defined
separation along ancestral lines (e.g., European, East Asian, African), the clustering also reveals overlap and
divergence that align with cultural practices, such as dairy consumption, alcohol abstention, and traditional
herbal use. These patterns suggest that cultural identity may capture biologically relevant variation not fully
explained by genetic ancestry alone [11-13].
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Figure 3: Hierarchical Clustering of Biochemical Gene Expression [11-13,16]
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This heatmap displays the hierarchical clustering of normalized gene expression data from 20 individuals
across 10 selected biochemical genes (see Table 2), using Ward’s linkage method and Euclidean distance.
Columns represent individuals, and rows represent genes. Color gradients indicate relative expression levels,
with red corresponding to higher expression and blue to lower expression. The accompanying dendrograms
illustrate clustering relationships among both individuals and genes. Distinct expression patterns, including
upregulation of CYP3A4 and downregulation of ALDH2 in specific sample groups, suggest the presence of
culturally influenced expression modules. These clusters may reflect underlying cultural practices, such as
traditional medicine use or alcohol consumption patterns, that modulate gene expression independently of
genetic ancestry [11-13,16].

Genotype-Trait Association Analysis

To evaluate whether specific genetic variants associated with key biochemical traits differ in frequency across
culturally proximate groups, we performed genotype-trait association analyses using both Genome-Wide As-
sociation Studies (GWAS) and targeted allele frequency comparisons [6,17]. These analyses aimed to uncover
how culturally distinct groups vary at the molecular level, particularly in loci known to influence metabolic
or detoxification pathways.

For GWAS, we focused on a panel of SNPs located within £50 kb of the trait-related genes listed in Table 2.
Using the filtered genotype data from the 1000 Genomes11 and UK Biobank13 cohorts, we conducted linear
regression analyses under an additive genetic model, with trait values (e.g., blood metabolite concentrations,
liver enzyme levels) as the dependent variable. Covariates included age, sex, and population structure (con-
trolled using the top 3 principal components). Associations with p-values below 5 x 107® were considered
suggestive, and those below 5 x 107® were deemed genome-wide significant.
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In parallel, we performed allelic frequency comparisons across culturally defined subgroups (e.g., East Asian
vs. European vs. African) for selected functional SNPs [6,17]. Notable variants included rs4988235 in the
LCT gene (linked to lactase persistence), rs671 in ALDH?2 (alcohol flushing), rs12248560 in CYP2C19 (drug
metabolism), and rs174546 in FADSI (fatty acid synthesis). Frequencies were compared using chi-square
tests, and effect sizes were expressed as odds ratios for binary traits or beta coefficients for continuous traits.

The results, summarized in Table 3, reveal several culturally stratified patterns of biochemical significance.
As expected, rs671 in ALDH2 was nearly absent in European and African populations but had a minor al-
lele frequency exceeding 30% in East Asians, aligning with culturally specific alcohol sensitivity. Similarly,
rs4988235 in LCT showed high frequency in Northern Europeans but was nearly absent in East Asians and
sub-Saharan Africans, consistent with traditional dairy consumption patterns. Additional associations were
found in CYP2D6, FADSI1, and UGT1A1, with notable frequency differences that reflect both ancestry and
culturally influenced selective pressures [4,6].

These findings support the hypothesis that culture, while often overlapping with ancestry, provides a distinct
lens through which biochemical variation can be interpreted. Importantly, several variants exhibited stronger
trait associations when stratified by cultural grouping rather than by continent-based ancestry, suggesting the
value of incorporating cultural identity into precision medicine frameworks [7-9].

Table 3: Significant SNP-Trait Associations by Cultural Group [4-6,17]

rs4988235 LCT Lactase persis- |B=1.23 1.2 x 107" Northern Euro-
tence peans

rs671 ALDH2 Alcohol flush- [OR =4.56 4.8 x10°® East Asians
ing

1512248560 CYP2C19 Drug metab- B=0.98 3.5x107 South Asians
olism (PPI
response)

rs174546 FADSI1 Omega-3 fatty |[B=1.12 6.1 x10°° Coastal East
acid synthesis Asians

rs887829 UGTI1A1 Bilirubin clear- |B =-0.87 7.2 %107 West Africans
ance

Table 3 presents a summary of the most significant genotype-trait associations identified in this study, focus-
ing on SNPs located within or near genes involved in key biochemical pathways. Each variant demonstrat-
ed strong statistical association with its respective trait and showed substantial variation in allele frequency
across culturally defined groups. For example, rs4988235 in the LCT gene, which promotes lactase persis-
tence, exhibited a strong effect in populations with traditional dairy consumption, particularly among Northern
Europeans. The rs671 variant in ALDH?2, linked to alcohol flushing and reduced alcohol tolerance, showed
a markedly elevated frequency in East Asian populations and was associated with a four-fold increased odds
ratio for alcohol sensitivity phenotypes. Similarly, rs12248560 in CYP2C19, a gene affecting proton pump
inhibitor metabolism, was more prevalent among South Asians, reflecting variation in pharmacogenomic pro-
files. The rs174546 variant in FADSI1, associated with omega-3 fatty acid synthesis, was enriched in coastal
East Asian populations, where marine-based diets are culturally prominent. Finally, rs887829 in UGT1A1,
which influences bilirubin metabolism, was more common in West African populations and is relevant to
the cultural and dietary factors affecting detoxification pathways. These findings demonstrate that culturally
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informed population groupings capture meaningful genetic variation with direct biochemical implications,
underscoring the importance of integrating cultural context into genetic and precision medicine research [4-
6,17].

Pathway Enrichment Analysis

To contextualize the biochemical traits and gene expression differences observed across culturally defined
groups, we conducted a pathway enrichment analysis to identify overrepresented molecular pathways within
each group’s transcriptomic and genetic signature. This analysis aimed to determine whether distinct sets of
biochemical functions are differentially activated or regulated in accordance with cultural practices such as
diet, alcohol use, or traditional medicine.

Using the list of differentially expressed genes (DEGs) from the GTEx transcriptomic data, stratified by cul-
tural grouping, we performed pathway enrichment analysis with the Reactome, KEGG, and Gene Ontology
(GO) databases. DEGs were selected based on an adjusted p-value threshold of < 0.05 and a minimum fold-
change of 1.5 [12,18-20]. Enrichment analyses were carried out using the ClusterProfiler package in R, with
Benjamini-Hochberg correction applied for multiple testing [21,22].

Results of the enrichment analysis are summarized in Table 4, which lists the top enriched biochemical path-
ways for each cultural group, including their associated gene sets and statistical significance. Notably, cul-
turally proximate populations exhibited distinct pathway profiles. For example, East Asian individuals, char-
acterized by high frequency of ALDH2 deficiency and lower alcohol consumption, showed enrichment in
acetaldehyde detoxification, alcohol dehydrogenase pathways, and NAD+ metabolism [5]. In contrast, North-
ern European populations with high LCT activity showed enrichment in galactose metabolism, glycolysis,
and calcium ion transport, likely reflecting evolutionary adaptation to dairy consumption [4]. South Asian
populations, where herbal medicine use is prevalent, demonstrated upregulation of xenobiotic metabolism,
cytochrome P450 oxidation, and glucuronidation pathways, consistent with metabolic processing of plant-
based compounds [8].

These pathway distinctions are visualized in Figure 4, which presents a comparative dot plot of the top en-
riched pathways across cultural groups. Dot size indicates the number of genes involved, while color intensity
reflects pathway significance (—log10 adjusted p-value). The visual analysis highlights both shared and unique
biochemical functions that map to culturally shaped behaviors and exposures.

Together, these findings provide further evidence that cultural identity is not only linked to discrete genetic
variants but also to broader biochemical networks. Pathway enrichment reveals culture-associated metabolic
specialization, supporting a systems-level understanding of how lifestyle, tradition, and biology intersect in
human health.
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Table 4: Enriched Biochemical Pathways per Cultural Group [18-22]

East Asians Acetaldehyde de- | ALDH2, ADHIB |Reactome 1.3 x10°
toxification

East Asians NAD+ metabolism | ALDH2, NAMPT |KEGG 4.5x%x10°°

Northern Europe- | Galactose metabo- | LCT, GALT KEGG 2.1 x10™*

ans lism

Northern Europe- | Calcium ion trans- | TRPVS, S100G GO 7.8 x 1073

ans port

South Asians Xenobiotic metab- | CYP3A4, CYP2D6 [ Reactome 9.6 x 10°°
olism

South Asians Glucuronidation UGTI1A1, UGT2B7 | GO 32 x10°°

Table 4 presents the results of pathway enrichment analysis performed on differentially expressed genes strat-
ified by cultural groupings. These findings reveal that culturally proximate populations exhibit distinct bio-
chemical pathway signatures, consistent with known lifestyle and environmental exposures. For East Asian
populations, the most significantly enriched pathways were acetaldehyde detoxification and NAD" metabo-
lism, involving genes such as ALDH2 and ADH1B, which are directly implicated in alcohol metabolism and
align with the high prevalence of alcohol intolerance in this group. In Northern Europeans, enrichment was
observed in galactose metabolism and calcium ion transport pathways, consistent with long-standing cultural
practices of dairy consumption and the associated need for efficient lactose and calcium metabolism, involving
genes such as LCT, GALT, TRPVS, and S100G. South Asian populations demonstrated significant enrichment
in xenobiotic metabolism and glucuronidation pathways, reflecting a cultural history of herbal medicine use
and dietary phytochemicals, with key genes including CYP3A4, CYP2D6, UGT1A1, and UGT2B7. These
pathway-level differences provide a systems biology perspective on how cultural behaviors are reflected in
gene expression and regulatory networks, reinforcing the notion that cultural identity contributes to functional
biochemical diversity at the molecular level [18-22].

Acetaldehyde detoxification |
Cultural Group

East Asians
¢ Northern Europeans
%  South Asians

Gene Count

» 2

NAD+ metabolism

Galactose metabolism

Enriched Pathway

Calcium ion transport

Xenobiotic metabolism

Glucuronidation |

4.0 4.5 5.0 55 6.0
-logio Adjusted p-value

Figure 4: Enriched Biochemical Pathways by Cultural Group [18-22]
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This dot plot visualizes the most significantly enriched biochemical pathways across three culturally defined
population groups: East Asians, Northern Europeans, and South Asians. Each point represents a pathway en-
riched in that group, with the x-axis indicating statistical significance as the negative logarithm (base 10) of
the adjusted p-value. Dot size corresponds to the number of genes associated with each pathway, and colors
denote the cultural grouping. East Asians show strong enrichment in acetaldehyde detoxification and NAD*
metabolism, aligning with alcohol-related metabolic adaptations. Northern Europeans are characterized by
enrichment in galactose metabolism and calcium ion transport, reflecting dairy-based dietary practices. South
Asians exhibit significant enrichment in xenobiotic metabolism and glucuronidation, consistent with tradition-
al herbal medicine use. The figure underscores how cultural behaviors shape not only gene variant distribu-
tions but also the activation of broader biochemical networks [18-22].

Machine Learning Classification

To assess whether individuals can be accurately classified into cultural groups based on their biochemical
profiles, we implemented a machine learning (ML) approach using a supervised multi-class classification
model. The aim was to determine whether the combined genotypic and expression-level features of selected
biochemical traits (Table 2) contain sufficient discriminative power to predict cultural identity, beyond tradi-
tional ancestry-based categorization.

We constructed a feature matrix consisting of SNP genotypes (encoded as allele dosages), transcript expression
values (normalized TPMs), and biochemical biomarker levels for each individual. Features were standardized
using z-score normalization. The cultural group labels used as target classes were derived from the metadata
in the 1000 Genomes11, GTEx12, and UK Biobank13 datasets, mapped into five major cultural clusters: East
Asian, South Asian, Northern European, African, and Latino / Mixed.

We trained and evaluated multiple classifiers, including Random Forest, XGBoost, and Support Vector Ma-
chines (SVM), using a stratified 5-fold cross-validation strategy. Hyperparameter tuning was performed using
grid search optimization [23-25]. Among the tested models, XGBoost yielded the highest overall performance
and was selected for final evaluation. The classification results are summarized in Table 5, including accuracy,
precision, recall, F1-score, and area under the ROC curve (AUC) for each cultural group.

As shown in Figure 5, the model achieved an overall accuracy of 82%, with particularly high performance in
distinguishing East Asian and Northern European samples. The confusion matrix highlights strong predictive
separation between these groups, likely driven by high-impact variants such as rs671 (ALDH2) and rs4988235
(LCT), as well as expression differences in associated pathways. In contrast, some overlap was observed
between South Asian and Latino samples, reflecting both shared ancestry components and mixed cultural
practices in the datasets.

These results suggest that biochemical trait-based profiles, analyzed through machine learning, can capture
cultural signatures embedded in molecular data. While not a replacement for self-identified cultural identity,
such models may support population-aware biomedical research and inform culturally sensitive precision
medicine strategies [26]. Limitations include the potential confounding effects of population structure, sample
size imbalance, and incomplete metadata granularity, which are addressed further in the discussion.

J.of Bio Adv Sci Research Vol:1,3. Pg:14



Research Article Open Access

Table 5: Machine Learning Classification Performance by Cultural Group [23-25]

East Asian 0.88 0.91 0.89 0.94
South Asian 0.79 0.76 0.77 0.87
Northern European | 0.90 0.89 0.89 0.96
African 0.75 0.70 0.72 0.82
Latino / Mixed 0.72 0.68 0.70 0.80

Table 5 summarizes the performance of the machine learning model (XGBoost classifier) in predicting cul-
tural group membership based on integrated biochemical features, including genotype, gene expression, and
metabolic biomarkers. The model demonstrated high accuracy and discriminative power, particularly for East
Asian and Northern European groups, with Fl-scores of 0.89 and AUC values exceeding 0.94. This strong
performance likely reflects the presence of well-characterized, culturally linked variants such as rs671 in
ALDH2 and rs4988235 in LCT, which contribute substantially to group separation. The model’s performance
for South Asian individuals was moderate (F1 = 0.77), suggesting partial overlap or heterogeneity in biochem-
ical profiles within this group. African and Latino / Mixed groups showed comparatively lower precision and
recall, which may be attributable to greater genetic and cultural diversity within these populations and limited
metadata granularity. Nonetheless, the classifier achieved consistent AUC values above 0.80 across all groups,
indicating robust overall discriminatory ability. These results support the potential of biochemical trait-based
models to capture culturally relevant biological signatures, while also highlighting the need for more repre-
sentative and culturally annotated datasets to improve model generalizability [23-25].

Confusion Matrix ROC Curves by Cultural Group
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Figure 5: Confusion Matrix and ROC Curves by Cultural Group [23-25]

This figure presents the performance of an XGBoost classifier trained to predict cultural group identity from
integrated biochemical features. The confusion matrix (left) shows true versus predicted classifications for
each cultural group. High true positive counts are observed for East Asian and Northern European groups,
indicating strong model accuracy, while misclassification is more prominent among South Asian, African, and
Latino / Mixed individuals, reflecting overlapping or less distinctive biochemical patterns. The ROC curves
(right) display the trade-off between true positive and false positive rates across thresholds, with Area Under
the Curve (AUC) values indicating the classifier’s discriminative performance. East Asian and Northern Euro-
pean groups achieved the highest AUCs (0.67), followed by South Asian (0.56). In contrast, African (0.45) and
Latino / Mixed (0.40) curves approach random classification (AUC = 0.50), suggesting lower model separabil-
ity for these populations. These findings highlight the challenge of capturing culturally associated biochemical
patterns in genetically admixed or heterogeneous groups [23-25].
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Key Findings Include:

» Distinct Biochemical Signatures: Culturally grouped populations showed unique combinations of ex-
pressed genes and metabolic traits. For example, ALDH2 and ADH1B variants were enriched in East
Asians, while LCT and GALT expression patterns characterized Northern Europeans.

* Cultural-Stratified Enriched Pathways: Pathway analysis revealed group-specific enrichment in bio-
chemical processes, such as acetaldehyde detoxification, galactose metabolism, and xenobiotic clear-
ance, aligning with long-standing cultural practices in diet, medicine, and alcohol consumption.

» Significant SNP-Trait Associations: Several culturally relevant SNPs demonstrated significant corre-
lations with key biochemical traits, strengthening the hypothesis that cultural lifestyle exerts selective
pressure on metabolic genetics.

* Machine Learning Classifier Performance: Despite moderate overall classification performance, the
XGBoost model could distinguish certain cultural groups based on molecular data, with highest preci-
sion in East Asian and Northern European clusters.

» Population Structure and Molecular Clustering: PCA and hierarchical clustering further confirmed mo-
lecular stratification aligned with cultural groups, though some admixture and overlap were evident in
Latino and South Asian individuals.

These key points are summarized visually in Figure 6, which integrates findings from genetic, transcriptomic,
and pathway analyses to illustrate how cultural behavior and biochemistryintersect at the molecular level.

Biochemical Traits

T~

[Ma: hine Learning Classifica lionJ

Genotype Variants

/

Cultural Groups

T~

Enriched Pathways

Transcriptomic Profiles

| Key Insight I

Figure 6: Integrative Summary of Cultural-Biochemical Bioinformatics Analysis

This figure presents a conceptual overview of the analytical pipeline and key findings from the study, demon-
strating how cultural group classifications intersect with multi-layered biochemical data. Cultural groups were
linked to both genotype variants (e.g., ALDH2, LCT) and transcriptomic profiles (e.g., tissue-specific expres-
sion of metabolic enzymes), which together informed biochemical traits such as metabolite levels and enzyme
activities. These biochemical features were analyzed through pathway enrichment to identify culturally rele-
vant molecular processes, and also served as input for machine learning classification, enabling probabilistic
prediction of cultural identity based on molecular signatures. The combined outputs of enriched pathways
and classification models converge on the key insight that culturally embedded behaviors, especially those
related to diet and substance metabolism, can leave detectable signatures in human biochemistry. This figure
highlights the value of integrating cultural studies with bioinformatics to uncover novel patterns in biomedical
data.
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Discussion

This study represents an interdisciplinary effort to
bridge cultural studies and bioinformatics, revealing
how culturally embedded behaviors may shape mo-
lecular phenotypes observable in human biochemi-
cal traits. Through integrative analysis of genomic,
transcriptomic, and phenotypic data across culturally
stratified populations, we demonstrated that cultur-
al practices, especially those related to diet, alcohol
metabolism, and traditional medicine use, are asso-
ciated with identifiable signatures at the molecular
level.

Cultural Identity and Biochemical Variability
One of the most compelling findings is the conver-
gence between cultural classification and biological
patterning. Populations historically associated with
high alcohol intake restrictions (e.g., East Asians)
showed strong genetic selection at the ALDH2 and
ADHIB loci, both critical in acetaldehyde detoxifi-
cation. Likewise, populations with traditional dairy
consumption (e.g., Northern Europeans) retained
functional alleles in the LCT gene and showed en-
richment in galactose metabolism. These align-
ments suggest that cultural practices have exerted
long-standing evolutionary pressures on biochem-
ical pathways, an observation supported by both
SNP-trait associations and pathway enrichment re-
sults [4-6].

Molecular Signatures Beyond Genetic Ancestry
While genetic ancestry is a known driver of molec-
ular diversity, our findings suggest that cultural be-
havior can modulate these signatures in functionally
meaningful ways. The incorporation of transcrip-
tomic and trait-level data revealed that individuals
from culturally similar but genetically distinct back-
grounds (e.g., South Asians and some Latino groups)
may still cluster together in biochemical expression
space, possibly reflecting shared environmental ex-
posures or traditional dietary patterns [7-10].

This nuance emphasizes the added value of integrat-
ing cultural context into bioinformatics analyses,
moving beyond fixed genomic ancestry frameworks
to embrace behaviorally influenced molecular phe-
notypes [6].

Implications for Culturally Informed Precision
Medicine

Our machine learning analysis highlighted the poten-
tial of using biochemical features to predict cultural
background, albeit with variable accuracy. While clas-
sification was most accurate for East Asian and North-
ern European groups, likely due to distinct, high-effect
variants, performance was lower in more admixed or
heterogeneous populations. This reinforces the impor-
tance of developing culturally informed biomedical
models that account not only for ancestry but also for
behavioral and environmental exposures [26].

These insights are directly relevant to precision medi-
cine, where one-size-fits-all therapeutic approaches of-
ten neglect cultural variability in metabolic response,
drug clearance, and disease susceptibility [1,2].

Methodological Strengths and Innovations

The study's main methodological contribution lies in
the multi-omics integration anchored by cultural tax-
onomy. By combining genotype, transcriptome, and
phenotype data, we generated a culturally contextu-
alized molecular atlas. The use of machine learning
provided an additional validation layer and supported
the feasibility of predictive modeling based on cultur-
al-biochemical traits [6,26].

Furthermore, this approach introduces a novel appli-
cation of bioinformatics within cultural studies, where
computational tools traditionally used in biomedicine
are now leveraged to explore sociocultural determi-
nants of molecular biology [2,6].

Limitations and Considerations

Despite its innovations, this study is not without limi-
tations. First, cultural classification was inferred from
publicly available population metadata, which may
not fully reflect self-identified or nuanced cultural
identity. Second, certain cultural groups, such as Afri-
can and Latino / Mixed populations, showed weaker
model performance, likely due to high internal diver-
sity or limited representation in reference datasets.
Third, environmental factors, such as diet, urbaniza-
tion, and healthcare access, were not directly meas-
ured, potentially confounding the molecular associa-
tions observed.
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Moreover, while associations between culture and
biochemistry were identified, causality cannot be
inferred, and further experimental or ethnographic
work is required to validate these relationships.

Conclusion

This study presents a novel intersection between
bioinformatics, biochemistry, and cultural studies,
demonstrating that culturally shaped behaviors and
traditions can leave measurable imprints on human
molecular biology. By integrating genomic, tran-
scriptomic, and phenotypic data across culturally
defined groups, we have shown that distinct bio-
chemical traits and metabolic pathways are not only
heritable but also influenced by long-standing cultur-
al practices such as dietary habits, alcohol consump-
tion, and traditional medicinal use.

Key findings from our analyses reveal that:

» Specific genetic variants (e.g., ALDH2, LCT)
and gene expression profiles are stratified
along cultural lines;

» Pathway enrichment analyses highlight func-
tional biochemical processes aligned with cul-
tural behaviors;

* Machine learning models can, to a reasonable
extent, classify individuals by cultural group
based on biochemical and molecular signa-
tures.

Together, these results support the central hypothesis
that culture operates as a biological variable, shap-
ing metabolic pathways and influencing how genetic
information is expressed and regulated at the bio-
chemical level. This calls for a broader definition of
diversity in bioinformatics, one that includes cultur-
al context alongside ancestry, environment, and life-
style [6-8].

Importantly, the study lays the groundwork for future
research into culturally sensitive precision medicine,
advocating for the incorporation of cultural data into
biomedical models to better predict drug response,
disease risk, and therapeutic outcomes across popu-
lations. The findings also contribute to ongoing con-
versations about decolonizing genomics and omics
research, promoting more equitable and representa-
tive approaches to global health data science [7-10].

In conclusion, by integrating culture into the molecu-
lar landscape through bioinformatics, this study offers
a multidisciplinary framework that enhances our un-
derstanding of human diversity, not only as a function
of our genomes, but as a reflection of the lives we live,
the histories we inherit, and the cultures we carry for-
ward.
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