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Abstract

Introduction: Advances in nutrigenomics have enabled exploration of how genetic variation may relate to nutrition and
lifestyle traits. However, the extent to which demographic factors influence the distribution of such variants remains
underexplored.

Objective: This study examined gender- and region-specific variation in diet- and lifestyle-related genetic traits and
described patterns of trait clustering within a cohort of direct-to-consumer gene-test clients.

Methods: A cross-sectional analysis was conducted on 503 anonymised gene-test reports covering 4| nutrition- and
lifestyle-linked genetic components. Chi-square tests assessed demographic differences in allele frequency distributions.
Hierarchical clustering and principal component analysis were applied as exploratory tools to visualise trait patterns.
Results: Most individuals exhibited typical genotype distributions, though some demographic differences were observed.
Statistically significant gender variation was noted in omega-3/6 metabolism (p = 0.0378). Lactose intolerance showed the
greatest regional disparity, disproportionately affecting Asian (p < 0.00001). Marked regional differences were also
observed in vitamin-D status (p = 0.0137), omega-3 metabolism (p = 0.0215), pain tolerance (p = 0.0279), fat utilisation
(p = 0.0406) and gluten sensitivity (p = 0.041I). Clustering grouped 41 components into |4 sets. Three principal clusters
explained 44-80% of the variance. Predictive modelling was limited by incomplete data and class imbalance.
Conclusion: This exploratory study highlights modest demographic differences in allele frequencies and demonstrates
clustering of nutrition-related genetic traits within a direct-to-consumer dataset. Findings should be interpreted as
descriptive signals rather than prescriptive guidance. Future research incorporating phenotypic, biomarker, and outcome
data is needed to evaluate functional and clinical significance.
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Introduction phenotypic and environmental information to optimise health
(Bush et al., 2020), broadening the scope of nutritional gen-
omics from non-communicable diseases like cardiometabolic
health to cognitive and neuro-developmental domains

Nutrition science recognises that population-level guidelines
cannot fully account for the substantial inter-individual vari-
ability in nutrient metabolism and disease susceptibility
(Agrawal et al., 2024; Ordovas et al., 2018). This recognition
has spurred the evolution of nutritional genomics, encom- | o ] ]
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(Dauncey, 2012). Parallel advances in high-throughput
omics and analytics have deepened the understanding of clas-
sic gene-nutrient interactions. Variants in the fatty acid desa-
turase 1-fatty acid desaturase 2 (FADS1-FADS2) cluster
influence long-chain omega-3/6 polyunsaturated fatty-acid
synthesis, thereby altering inflammatory responses (Singar
et al, 2024). Lactase-persistence alleles in lactase gene
underpin pronounced ethnic differences in dairy tolerance,
especially the low persistence observed in East Asian popu-
lations (Laland et al., 2010). On the other hand, cytochrome
P450 1A2 (CYP1A2) polymorphisms modulate caffeine
metabolism, altering cardiometabolic risk profiles (Guest
et al., 2019), while fat mass and obesity-associated (FTO)
risk alleles interact with physical activity and diet to modify
obesity trajectories (Kilpeldinen et al., 2011; Reddon et al.,
2016). Importantly, these relationships are rarely universal.
Corella et al. (2018) posited that gender-specific differences
in hormonal profiles and gene expression can lead to varied
outcomes from the same diet. Allele frequencies and effect
sizes often differ by geography, as demonstrated by the
multi-ethnic GeNulne collaboration (Vimaleswaran, 2021),
and studies in Indonesian women linking vitamin
B12-related single nucleotide polymorphisms (SNPs) with
fibre intake (Surendran et al., 2019).

Moreover, public interest has grown alongside the prolifer-
ation of direct-to-consumer (DTC) genetic tests and app-based
platforms offering DNA-tailored diet plans (Kanter and
Desrosiers, 2019). Although personalised feedback has been
shown to drive behaviour change in a person, demonstrated
by the angiotensin-converting enzyme (ACE) genotype-based
sodium-reduction trial (Nielsen and El-Sohemy, 2014) and
Food4Me’s web-based intervention (Celis-Morales et al.,
2017), commercial tests often rely on single-variant interpreta-
tions and variable professional oversight, raising ethical and
practical concerns (Hardie, 2011; Singar et al, 2024).
Consequently, findings from DTC datasets should be inter-
preted cautiously, as they may not be representative of the gen-
eral population. High-quality data from clinically derived
cohorts are crucial for pinpointing which gene-diet associa-
tions can be translated into effective, actionable nutritional
interventions. Intervention studies demonstrate that genetic
information can refine dietary prescriptions. Polygenic risk
scores explain up to 28% of body mass index loss variance
under energy-restricted diets (Ramos-Lopez et al., 2020),
while large prospective cohorts show that favourable lifestyles
halve coronary disease and stroke risk even in individuals with
high inherited risk (Khera et al., 2016; Rutten-Jacobs et al.,
2018). Likewise, machine-learning and cluster-analytic meth-
ods increasingly integrate genomic, epigenomic and micro-
biome data to stratify individuals beyond single-gene effects
(Dietrich et al., 2019).

Despite the advances in this field, the demographic
modulation of genetic trait distributions remains under-
explored. Sex-specific differences in fatty-acid metabolism
and regional variation in traits such as lactose intolerance

suggest that demographic context may shape allele frequen-
cies. Furthermore, grouping correlated traits into functional
domains may help clarify the systems-level patterns present
in gene-test reports. This study analyses over 500 anon-
ymised in gene-test reports from a DTC gene-testing pro-
gram, covering 41 diet and lifestyle related genetic
components. We describe gender- and region-specific pat-
terns in allele frequency distributions and apply hierarchical
clustering and principal component analysis (PCA) as
exploratory tools to visualise trait groupings. The aim is
to generate hypotheses about demographic variation and
trait clustering within a DTC dataset, while acknowledging
that outcome data and biomarker validation are required
before any clinical or prescriptive conclusions can be
drawn. Throughout the manuscript, references to prior stud-
ies describing associations between specific SNPs and
nutritional or health-related traits are included to provide
background context and illustrate reported findings in the
literature and should not be interpreted as direct support
for the analyses conducted in this study.

Method

Data source

Our dataset comprises 503 anonymised gene-test reports
obtained from clients of a clinic in New Zealand that focuses
on personalised healthcare, as well as demographic informa-
tion such as gender and country of origin. These reports, in
the form of proper document format (PDF), were generated
by the commercially curated Dermatogenomix® program.’
This direct-to-consumer (DTC) genetic test provides categor-
ical classifications (e.g., Typical, Elevated, Enhanced, Ultra)
across 41 nutrition- and lifestyle-related genetic components.
Each report comprises a summary table listing components
tested (e.g., caffeine metabolism, lactose intolerance, omega
fatty acid balance), a categorical risk assessment (e.g.,
Typical, Elevated, Enhanced, Ultra), and corresponding health
or nutrition recommendations based on the genetic result. The
underlying single nucleotide polymorphisms (SNPs) assessed
in this panel are listed in Supplementary Table S1, together
with 1sIDs (reference SNP identifier), associated genes, and
functional references. It is important to note that such reports
provide probabilistic rather than deterministic information,
with variable evidence strength across included variants. As
a self-selected, health-conscious clientele, this cohort is not
representative of the general population. All data were irre-
versibly anonymised prior to analysis, and the Auckland
University of Technology institutional committee determined
that formal ethics approval was not required for this study.

Data extraction and pre-processing

Summary tables embedded in the PDF reports were
extracted, imported and merged into a consolidated dataset.
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Table I. Countries present in dataset are grouped into regional
categories.

Region  Country

Oceania Australia, New Zealand

Europe Germany, Ireland, Italy, Netherlands, Russia, Spain,
Sweden, UK

America  Canada, Colombia, USA

Asia Hong Kong, India, Lebanon, Singapore

Africa South Africa

During pre-processing, component names were cleaned and
standardised to ensure consistency (e.g., different format-
ting for ‘Achilles Tendon Injury” was unified under a single
label). Components that appeared under related labels, such
as variants of caffeine metabolism or fat sensitivity, were
grouped under umbrella terms to facilitate analysis.
Country names were also standardised, and mixed-format
entries (e.g., ‘NZ/Indian’) were separated into distinct vari-
ables for country and ethnicity where possible. Countries
were then grouped into regional categories: Oceania,
Europe, America, Asia, and Africa, to enable descriptive
comparisons (see Table 1). Finally, the risk categories, typ-
ically reported as ‘typical’, ‘elevated’, ‘enhanced’, ‘ultra’
etc., were encoded ordinally using a numeric scale ranging
from 0 (Unknown) to 10 (Ultra), allowing for statistical
handling.

Data cleaning

Reports with missing or ambiguous gender data (n = 9) and
those based on a non-standard testing panel (e.g., Covid-19
susceptibility) were excluded, resulting in a final sample of
503 complete records. During exploratory attempts to
assign individuals to clusters using the random forest clas-
sifier, a machine learning technique, records that lacked any
component data for the clusters were dropped. Although
essential for reliable cluster assignment, this cleaning step
ultimately precluded the derivation of a predictive target
variable for modelling. This limitation underscores that
the present dataset is descriptive in nature and not suitable
for predictive modelling.

Statistical analysis

As a first step, we explored general patterns in the dataset,
including distributions of categorical classifications across
individuals and components. To assess whether these classi-
fications varied by gender or region, chi-square tests were
applied to each component. For descriptive comparison, cat-
egories were grouped into ‘high-risk’ (elevated, enhanced,
ultra) and ‘typical/low-risk’ (typical, diminished, low).
These categories represent predefined, evidence-based

outputs from a commercial gene-test panel rather than vali-
dated clinical risk measures.

Furthermore, to explore interrelationships between com-
ponents, pairwise chi-square tests were conducted for all
component combinations. The resulting p-values were trans-
formed using -log10, and a Euclidean distance matrix was
constructed from these values. Hierarchical cluster analysis
using Ward’s method was then applied as an exploratory
tool to visualise patterns of co-occurrence. The dendrogram
was cut at height 50, where the tree shows a natural break
(Figure 1). Below this threshold, many fine branches emerge
whose members share very low p-values, indicating strong
internal cohesion. Selecting this cut-off therefore preserves
those cohesive groups while yielding 14 clusters, enough
to support meaningful analysis without becoming unwieldy.
Sensitivity analyses at cut-heights 40 and 60 produced
broadly similar structures (Supplementary Figures). Based
on the strength of the associations and biological plausibility,
the top three clusters were selected for further analysis. These
were labelled descriptively as Nutrient Metabolism,
Digestive and Absorption, and Immunity and Antioxidants.
Principal component analysis (PCA) was then performed
separately on each of these three clusters to reduce dimen-
sionality, visualise patterns of variance and identify compo-
nents contributing most strongly to overall variability.
These analyses are exploratory and do not imply causal or
functional relationships.

Drawing on the observed demographic disparities and
the clustering of components, exploratory attempts were
also made to evaluate whether demographic variables could
predict cluster membership. For each participant, the mean
risk score was calculated within every cluster, and the clus-
ter with the highest average was assigned as that person’s
‘TopCluster’. This classification task was modelled using
both a class-weighted random forest classifier and a multi-
nomial logistic regression, both using one-hot-encoded gen-
der and region as predictors. The random forest pipeline
imposed complete-case filtering on the 41 component
scores, eliminating every record, whereas the multinomial
model, which can tolerate missing predictors, proceeded
on the rows that retained a valid ‘TopCluster’. The data
did not support reliable prediction due to substantial miss-
ingness and pronounced class imbalance. As a result, pre-
dictive modelling was not feasible.

Results

Most individuals in the study were categorised as having a
‘typical’ profile for most genetic components, indicating
that their gene-test reports generally reflect common classifi-
cations. However, certain components deviated from this pat-
tern. For example, components such as achilles tendon injury
and gluten sensitivity exhibited a higher proportion of
‘Elevated” or ‘Enhanced’ classifications, suggesting that
while the overall distribution is moderate, some components
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Figure I. Hierarchical cluster analysis reveals 14 clusters at cut-height 50. Top three clusters are Nutrient Metabolism, Digestive and

Absorption and Immunity and Antioxidants.
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Figure 2. High-risk components’ distribution across individuals followed a bell-shaped curve.

show greater variability across individuals. When compo-
nents classified as ‘high,” ‘elevated,” ‘enhanced,” or ‘ultra’
were considered, their distribution across individuals fol-
lowed a bell-shaped curve (Figure 2). Most individuals had
between 35% and 50% of their assessed components flagged
as higher than typical.

In gender-based analysis, omega-6 and omega-3 fatty
acid metabolism showed a statistically significant difference

(p = 0.0378), with females more frequently classified in
high or above categories. This may be explained by the
influence of sex hormones, particularly oestrogen, on the
metabolic pathways involved in fatty acid processing
(Simopoulos, 2016). Oestrogen is known to upregulate
the activity of key enzymes, such as delta-6 desaturase
and elongase, which are responsible for converting essential
fatty acids into their long-chain, bioactive forms. This
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hormonal modulation may lead to differences in the effi-
ciency of fatty acid metabolism between females and males.
Additionally, genetic factors that regulate these enzymes
may interact with hormonal influences, further amplifying
the differences in omega-6 and omega-3 processing.
Consequently, these combined biological processes could
result in a higher propensity for females to exhibit profiles
associated with these fatty acid pathways. Other compo-
nents such as muscle damage and bone mass displayed
trends towards gender differentiation, though these did
not reach statistical significance.

Regionally, six components demonstrated significant dif-
ferences: lactose intolerance (p < 0.00001), vitamin D defi-
ciency (p = 0.0137), omega-3 fatty acid metabolism
(p = 0.0215), pain tolerance (p = 0.0279), saturated and
unsaturated fat risk (p = 0.0406), and gluten sensitivity
(p = 0.0411). Notably, Asian individuals were more fre-
quently classified in higher categories for lactose intoler-
ance, which is consistent with historical dietary practices
involving low dairy consumption and the corresponding
low prevalence of lactase persistence. Regional differences,
particularly for Asia, were also observed for vitamin D sta-
tus, omega-3 metabolism, and gluten sensitivity. This obser-
vation may suggest genetic predispositions, skin type and
cultural practices that limit sun exposure, in addition to
environmental factors such as lower UV radiation levels
(Akhtar, 2016; Oktaria et al., 2022), regional dietary habits,
such as a higher reliance on fish and unique genetic adapta-
tions that may influence fatty acid processing (Schuchardt
et al., 2022), as well as gluten sensitivity potentially arising
from both genetic predispositions and the cultural promin-
ence of wheat-based products in the diet (Ashtari et al.,
2019), which was corroborated by studies in India that
demonstrated higher gluten intolerance for wheat-eating
North Indians compared to rice-eating South Indians (Paul,
2017). American individuals demonstrated heightened pain
tolerance, in the presence of catechol-O-methyltransferase
(COMT) gene variants, which modulate the degradation of
catecholamines and thereby reduce pain perception, result-
ing in an elevated pain tolerance (Korczeniewska et al.,
2021). Classifications related to saturated and unsaturated
fat metabolism were elevated across regions, with a mod-
estly higher frequency observed in Europe. This may sug-
gest dietary patterns rich in specific types of fats (Eilander
et al., 2015) and the influence of genetic variants that affect
fat metabolism. Together, these regional disparities point to
the complex interplay of historical, cultural, and biological
factors in shaping observed genetic patterns, suggesting
hypotheses for future outcome-based research.

Hierarchical cluster analysis derived 14 clusters when the
dendrogram was cut at height 50 (Figure 1). The top three
clusters were examined further to illustrate variance
structure. The first cluster, labelled the Nutrient Metabolism
cluster, comprised  Advanced  GlycatioEndProducts,
Folate, MonounsaturatedFat, MotivationtoExercise, and

StarchDigestion. The second, the Digestive and Absorption
cluster, included EnergyBalance, FacialPigmentation, Gluten,
Lactose, LowlronStatus, Omega3Fat, and SaturatedFat. The
third cluster, the Immunity and Antioxidants cluster, was
formed by AntioxidantCapacity, VitaminB12, and VitaminC.

PCA was then performed separately on each of these clus-
ters to pinpoint the primary contributors to the variability. In
the Nutrient Metabolism cluster, the first principal compo-
nent (PC1) explained approximately 47% of the variance.
The loadings on PC1 revealed that MonounsaturatedFat
and StarchDigestion were the dominant contributors, indicat-
ing that variations in lipid metabolism and carbohydrate pro-
cessing were key in this group (Figure 3(a)). For the
Digestive and Absorption cluster, PC1 accounted for around
44% of the variance, with Gluten and Omega3Fat emerging
as the most influential variables (Figure 3(b)). In the
Immunity and Antioxidants cluster, PC1 captured over
80% of the variance, with VitaminBI2 contributing over-
whelmingly to this group (Figure 3(c)). These analyses are
exploratory and illustrate associations rather than causal
relationships.

Overlaying the PCA biplots with both gender and
regional labels provided descriptive visualisations of
how demographic factors intersect with variance structure.
In the Nutrient Metabolism cluster, the PCA biplot over-
laid with gender showed that female participants tended
to cluster in areas associated with higher loadings of
MonounsaturatedFat and StarchDigestion (Figure 4(a)).
This suggests that women in the dataset were more fre-
quently classified in categories related to fat and carbohy-
drate processing, though the functional significance of this
difference cannot be determined from the present dataset.
The regional overlay further revealed that, while the
majority of individuals from Oceania and Europe clustered
around the central ‘Typical’ area, a subset of Asian indivi-
duals appeared to diverge slightly, indicating variation in
classifications that may warrant further investigation
(Figure 4(b)). For the Digestive and Absorption cluster,
the PCA biplot indicated that components such as
Gluten, Lactose, and Omega3Fat are key contributors to
variability. When gender was considered, both male and
female participants largely overlapped; however, subtle
differences in classification patterns were observed
(Figure 4(c)). The regional overlay was more striking in
this cluster. Asian individuals more frequently appeared
in areas corresponding to higher -classifications for
Gluten and Lactose intolerance, which aligns with known
historical dietary patterns and lower lactase persistence in
these populations. In contrast, participants from America
and Europe tended to display more moderate or
‘Typical’ classifications  for  these  components
(Figure 4(d)). In the Immunity and Antioxidants cluster,
the gender overlay showed a relatively uniform distribu-
tion between males and females, though there was a slight
tendency for one group to align with higher VitaminB12
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Figure 3. (a) Plots showing variance contribution and top loadings for the nutrient metabolism cluster. (b) Plots showing variance
contribution and top loadings for the Digestive and Absorption cluster. (c) Plots showing variance contribution and top loadings for the

Immunity and Antioxidants cluster.

loadings (Figure 4(e)). Regionally, the biplot indicated
that while individuals from Oceania and Europe clustered
towards higher antioxidant capacity, Asian subjects
showed a modest shift in classification patterns
(Figure 4(f)). These demographic overlays are descriptive
and exploratory, and their functional or clinical signifi-
cance cannot be determined from the present dataset.
Although predictive modelling was initially consid-
ered, with the aim of using demographic variables (gen-
der and region) to predict an individual’s dominant
cluster, the modelling approach was ultimately not pur-
sued. This was because complete-observation cleaning

in the case of the random forest classifier removed all
503 observations, preventing estimation of this model.
The multinomial regression converged. However,
because the largest cluster comprised 64% of partici-
pants, the model defaulted to predicting the majority
class for every individual, producing an overall accuracy
of 0.66 with zero precision and recall for all other clus-
ters. Consequently, attempting to model outcomes
under such conditions of extensive missingness and class
imbalance compromised reliability and generalisability,
underscoring that predictive modelling is not viable
with the descriptive nature of the dataset.
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Discussion

This study contributes to the growing body of work exam-
ining how genomic information may inform personalised
nutrition research, particularly when demographic context
is considered. In our dataset, females were more frequently
classified in higher categories for omega-3/6 fatty-acid

metabolism, consistent with prior reports of sex-specific
variability in nutritional genomics. Corella et al. (2018)
noted that ignoring sex can obscure such effects while
recent trials by Di Renzo et al. (2023) confirm divergent
male—female responses to identical Mediterranean diets.
These findings suggest that sex-linked differences remain
an important consideration in nutrigenomic research.
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Regional patterns were equally evident. Elevated
lactose-intolerance classifications among Asian participants
reflect the low historical prevalence of lactase-persistence
alleles in East Asia, in contrast to their higher frequency
in Northern Europeans (Laland et al., 2010). Vitamin D
insufficiency signals were also strongest in Asian groups,
consistent with previous work suggesting interactions
between tropical ancestry and UV exposure in temperate
settings. Differences in fatty-acid desaturase genes and
HLA alleles may contribute to regional variability in
omega-3 metabolism and gluten sensitivity, respectively.
Multi-ethnic consortia such as GeNulne have confirmed
that gene-diet associations often diverge by ancestry
(Vimaleswaran, 2021), reinforcing the importance of con-
sidering population context in nutrigenomic studies
(Ordovas et al., 2018).

Beyond individual traits, our clustering revealed
domains spanning nutrient metabolism, digestion/absorp-
tion, and antioxidant-immune processes. Such groupings
are consistent with evidence that metabolic and inflamma-
tory pathways are genetically intertwined (Ducheix et al.,
2013; Farras et al., 2013). A cluster linking exercise motiv-
ation with metabolic traits may reflect shared pathways.
Reddon et al. (2016) provide evidence for such interplay,
showing that physical activity can modulate the effect of
genetic obesity risk. These networks highlight the potential
value of examining sets of related traits rather than isolated
variants, for example, combining antioxidant-rich diets with
anti-inflammatory strategies for individuals exhibiting
coupled oxidative and inflammatory classification
categories.

In conclusion, this exploratory study indicates that:

e Gender-linked differences are detectable in omega-3/
6 fatty-acid metabolism.

e Ancestry-linked variation is apparent in lactose toler-
ance, vitamin D biology and gluten sensitivity.

e Nutrition-related genetic traits can be grouped into
broader physiological domains, offering a system-
level perspective on trait organisation.

Table 2 presents the summary of demographic domains
and their observed at-risk traits. These findings should be
interpreted as descriptive signals rather than prescriptive
guidance, and the observed patterns suggest hypotheses
regarding demographic variation and trait clustering that
warrant further investigation.

Limitations

Several limitations should be acknowledged, which, how-
ever, do not diminish the overall significance of the find-
ings. The cohort was drawn from a single commercial
gene-testing program, and clinical outcomes were not
tracked, preventing direct assessment of intervention

Table 2. Demographic and at-risk traits.

Demographic At-Risk Trait

Asian females Lactose intolerance (low prevalence of
lactase-persistence alleles)
Reduced cutaneous vitamin D synthesis
and vitamin D metabolism variants
Impaired long-chain omega-3/6 fatty-acid
conversion due to unfavourable FADS
genotypes

Heightened sensitivity to saturated fat
(fat-utilisation variants)

Elevated genetic susceptibility to gluten
sensitivity / coeliac disease (HLA-DQ
alleles)

Asian populations (all
genders)
Females (all regions)

European males

Individuals of
European ancestry

benefit. Missing data posed a major obstacle: clients com-
pleted one of two panels, leaving many traits unmeasured
per individual. The requirement for complete observations
eliminated all records from the random forest classifier,
while class imbalance skewed multinomial regression
toward the majority cluster, illustrating the practical diffi-
culty of multivariate modelling with sparse matrices. Such
data gaps are common in nutrigenomics (Ordovas et al.,
2018), and underline the logistical challenges of assembling
comprehensive, multi-layer datasets. The hierarchical clus-
tering process itself relies on a subjective choice of dendro-
gram cut height, meaning that raising or lowering this
threshold would merge or split clusters differently and
could alter downstream PCA and interpretation. Small sub-
samples in certain demographics (e.g., small number of
observations from Asia) further limited power to detect sub-
tler gene-diet interactions. Finally, direct-to-consumer clas-
sifications convey probabilistic, not deterministic,
information, and  unmeasured  gene-gene  and
gene-environment interactions could attenuate or amplify
the profiles reported here. Additional considerations also
apply. The dataset reflects a self-selected, health-conscious
clientele from a single New Zealand clinic and is therefore
not representative of the general population. This self-
selection may bias observed allele-frequency patterns, as
individuals seeking direct-to-consumer testing may differ
systematically from the general population in variant fre-
quencies or health behaviours, thereby limiting extrapola-
tion beyond such user groups. The commercial panel used
is curated by the provider, and the strength of evidence sup-
porting individual variants varies. To improve transparency,
the specific SNPs corresponding to each component are
listed in Supplementary Table S1. However, the absence
of phenotypic, biomarker, and outcome data means that
the functional and clinical significance of these classifica-
tions cannot be determined. Moreover, observed allele-
frequency differences do not necessarily imply functional
or physiological effects, as variant penetrance, gene-gene
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interactions, and environmental influences were not
evaluated.

Taken together, these limitations may directly constrain
the interpretation of the findings. The probabilistic nature of
direct-to-consumer classifications, sparse and uneven SNP
coverage, potential misclassification, and a self-selected,
non-representative user base may limit biological inference
and generalisability. As a result, the observed demographic
patterns and trait clusters should be interpreted as descrip-
tive and exploratory, reflecting tendencies within this data-
set rather than supporting predictive, causal, or clinically
actionable conclusions.

Despite these constraints, the study offers a useful
exploratory snapshot of how sex and ancestry may shape
genetic classifications and how those classifications can
coalesce into broader clusters. Larger, prospective investi-
gations that integrate dietary intake, biomarkers and longi-
tudinal outcomes, are needed to test whether these
descriptive patterns hold in more diverse populations.

The translational potential remains a subject for future
evaluation. Trials such as Food4Me already show that per-
sonalised feedback can increase dietary adherence
(Celis-Morales et al., 2017), and emerging machine-
learning work suggests that polygenic scoring can explain
up to 28% of weight-loss variability (Ramos-Lopez et al.,
2020). Nevertheless, larger multi-ethnic cohorts and con-
trolled intervention studies remain essential to determine
whether gene-tailored approaches confer clinically signifi-
cant advantages over standard guidelines. As the field
matures, integrating rigorous genetic testing, culturally con-
textualised counselling and robust longitudinal evaluation
will be critical for assessing whether personalised nutrition
can move from proof-of-concept into routine practice.
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