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The complex interplay between genetics, culture, and environment forms an individu-
al’s biology, influencing their behavior, choices, and health. However, to what extent
information derived from this intertwined network could be quantitatively summarized
to provide a glance at an individual’s lifestyle is difficult to say. Here, we focused on die-
tary preferences as cultural proxies and genome-wide data of 543 individuals from six
historical Silk Road countries: Georgia, Armenia, Azerbaijan, Uzbekistan, Kazakhstan,
and Tajikistan. These lands favored the dispersal of innovations, foods, and DNA half-
way across Eurasia, thus representing an ideal subject to explore interactions of cultural
factors and genetic ancestry. We used discriminant analysis of principal components to
infer cultural clusters, where mixed memberships are allowed. Five different clusters
emerged. Of these, clusters 1 and 3, driven by aversion to pork and alcoholic beverages,
mirrored genetic admixture patterns with the exception of Azerbaijan, which shares
preferences supported by Islamic culture with Eastern countries. Cluster 3 was driven
by protein-rich foods, whose preference was significantly related to steppe pastoralist
ancestry. Sex and age were secondary clustering factors, with clusters formed by male
and young individuals being related to alcohol preference and a reduced liking for vege-
tables. The soft clustering approach enabled us to model and summarize the individu-
al’s dietary information in short and informative vectors, which show meaningful
interaction with other nondietary attributes of the studied individuals. Encoding other
cultural variables would help summarize an individual’s culture quantitatively, thus
ultimately supporting its inclusion as a covariate in future association studies.

cultural clustering j food culture j genetic structure j Silk Road

Over the past forty years, a vast body of empirical and theoretical studies investigated
the mechanisms of cultural transmission and culture change in various chronological
and geographic contexts, drawing especially on parallels with genetic evolutionary pro-
cesses (1–4). Recent examples include works aimed at disentangling the many forces
underlying the differential persistence of cultural variants (5–17); the relationship
between population and social structure, interaction networks, and the transmission of
culture (18–22); patterns of cultural transmission over time and space (23, 24); the
effects of intergroup interaction and branching–blending dynamics (25–32); the rela-
tionship between cultural diversity and demography (33–39); and possible relationships
between biological and cultural variability (40–50).
Among the ubiquitous cultural variables shared by all human groups (e.g., language,

traditional tales, beliefs), dietary and culinary habits have also been investigated
through the same approach. These works aimed at theory building and model fitting
concerning the link between mobility, population density, and resource quality (51), as
well as at exploring the adaptive consequences of food choices (52) and change over
time in human diet (53). Dietary choices are particularly relevant as they emerge at the
interface between individual preferences, group-level systematic choices, cultural and
environmental constraints, energy requirements, ecology, and many evolutionary and
developmental processes. At the same time, food literally becomes the person who
consumes it (“Man is what he eats” is a statement coined by philosopher Ludwig
Feuerbach), and what we eat directly affects our health and viability. A number of food
sharing practices emerged throughout human history and became a relevant part of
group identity and memory. Humans attach nonfunctional meaning to food, food
processing, and food consumption, which becomes a crucial moment for interaction,
exchange, and the emergence of complex social structures. Such a widespread and
pivotal form of cultural expression offers a privileged perspective on cultural adapta-
tion, as well as culture change and transmission across geography and time. However,
more importantly, it poses a direct link to genetic and biological variability (54).
Nevertheless, to date there is little evidence on the impact that geographic, cultural,
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and genetic structure have on the cross-cultural distribution of
food preferences and culinary traditions.
Here we investigated food choices as proxies for cultural

group membership, aiming at exploring whether some cultural
factors, such as religion, or other personal characteristics (e.g.,
sex, age, and genetic ancestry) may shape the interindividual
differences in food choices and, consequently, the cultural
grouping. We focused on 538 individuals from six populations
of the Silk Road and investigated their food preferences for 79
different foods along with genotypes, sex, and age. The Silk
Road has been a trading route between Europe and Asia from
the second century BCE to the 15th century CE, thus repre-
senting an ideal case to study patterns of cultural and genetic
variation and admixture. These lands, dotted by myriad trading
posts, were crossed for millennia by various cultural, political,
religious, and culinary innovations, thus favoring the dispersal
of technological innovations, artifacts, seeds, and human DNA
halfway across Eurasia (55). Previous works (56) highlighted in
the populations living along this ancient route a complex pat-
tern of admixture events and genetic diversity, as well as pheno-
typic differentiation in terms of bitter taste perception (57) and
eye color (58). In particular, some of those populations experi-
enced different admixture events during the Bronze Age (59)
as well as more recent migrations and invasions such as the
Mongol expansion in the 13th and 14th centuries CE. For
these reasons, these populations are a well-suited natural labora-
tory for exploring the connection between genetic and cultural
factors in modern multiethnic societies characterized by a
complex demographic history. This work aimed to investigate
whether food preferences can be effectively used to summarize
an individual’s membership to a group inferred through cluster-
ing techniques. A positive result would open up possibilities
for modeling complex patterns of cultural admixture in an
ever-connected world, characterized by the increased presence

of genetically and possibly culturally admixed individuals, simi-
larly to what is done in genetic ancestry analysis.

Results

Genetic, Culinary, and Geographic Patterns Along the Silk
Road. The populations living along the Silk Road, which spans
a wide geographic region connecting Europe to the Far East
(Fig. 1), experienced a complex demographic history, as evi-
denced by analyses of modern genomes (56). As evidenced by
admixture analyses on the populations from six countries along
this route (Georgia, Armenia, Azerbaijan, Uzbekistan, Kazakh-
stan, and Tajikistan; supervised and unsupervised analyses in
Fig. 1 [Inset] and SI Appendix, Fig. S1), individuals living on
opposite sides of the Caspian Sea exhibit different genetic struc-
tures, with Eastern Asian influxes (proxies for the ancient
Kazakh/Mongolian population) being predominant in Kazakhstan
in the east and reaching only Azerbaijan among the western
countries. Whether cultural phenomena such as dietary prefer-
ences would have been also hampered by geographic distances
and geomorphological barriers, namely the Caspian Sea, is yet
to be established.

In order to investigate whether cultural and genetic variation
followed similar patterns, we analyzed food preference ques-
tionnaires for 79 foods, compiled by 543 individuals living in
the above-mentioned countries. The participants were asked to
rate the foods on a 5-point scale from 1 (“dislike extremely”) to
5 (“like extremely”) or as “never tasted.” Using the unweighted
pair group method with arithmetic mean clustering algorithm
(UPGMA), we found six food subsets that, according to their
compositions, were named “alcohol” (e.g., red wine), “pork”
(e.g., ham), “sweets” (e.g., milk chocolate), “vegetables” (e.g.,
peppers), “animal proteins” (e.g., whole milk), and “fruits”
(e.g., apples; SI Appendix, Fig. S2). The “never tasted” answers
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Fig. 1. Genetic and culinary affinities along the Silk Road. Map showing the geographic location of the cities (dots) from the six Silk Road countries sampled
in this study (dots are colored according to the country); pseudocoordinates of each city from genetic (DNA icon) and food preference distances (carrot icon)
are also shown. Where the overlapping of shapes and lines makes it difficult to distinguish precise locations and labels, we wrote the name of the city
between brackets close to its respective icon (see also SI Appendix, Fig. S4 for a clearer representation). Within the inset, pie charts representing the ancestral
genetic components for each country as inferred with a supervised admixture analysis. The genetic components at the individual level are reported in
SI Appendix, Fig. S1A and have been averaged by country in order to compute the pie percentages.
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were not randomly distributed between countries (Material and
Methods and SI Appendix, Fig. S3), thus potentially pointing
toward cultural information by way of shared and systematic
dietary habits among the countries. For this reason, we replaced
them with the minimum value of the questionnaire, which is 1,
indicating that the subjects never ate or experienced a particular
food.
Then, we delved into the relationship between the genetic,

food preference, and geographic patterns by projecting genetic
and dietary data onto the geographic coordinates with Space-
Mix (60) in Fig. 1 (see SI Appendix, Fig. S4 for a more detailed
representation), thus obtaining for each sampled city their
genetic and dietary pseudocoordinates. The dietary pseudocoor-
dinates are significantly less scattered than the genetic ones and
gravitate generally closer to their geographic sampling point
(Wilcoxon P value for dietary vs. genetic distances = 8.47e-8;
Wilcoxon effect size = 0.743). Azerbaijan is an exception to
this trend, with its dietary preferences and, to a lesser extent
also its genes, moving it toward the east. We noticed that the
genetic pseudocoordinates of eastern countries tend to strik-
ingly depart from the actual geographic positions: While the
East Asian component of Kazakhstan and Uzbekistan pushes
them roughly in the same direction, the reduced amount of
this component in Tajikistan, which is replaced by higher pro-
portions of Caucasus hunter–gatherer and Yamnaya signatures,
draws it toward the Caucasus. Indeed, both geographic and
genetic longitudes are strongly correlated with East Asian ances-
try proportions (Pearson correlations of 0.83 and 0.95, respec-
tively). Conversely, the genetic pseudocoordinates of western
countries tend to match the geographic ones, with, once again,
the exception of Azerbaijan.

Cultural Clustering of Food Preferences. We started by visually
exploring the individuals’ food preference profiles in a two-
dimensional subspace by using different dimensionality reduction
techniques (multidimensional scaling, principal component analy-
sis (PCA), t-distributed stochastic neighbor embedding, and Uni-
form Manifold Approximation and Projection, SI Appendix, Fig.
S5), whose results were found to be highly correlated (mean
Procrustes correlation of 0.86; see Materials and Methods). In all
analyses, the country of origin seems to be a great driver of sam-
ple scattering, with eastern and western countries stretching along
the first dimension. Indeed, focusing specifically on the PCA, we
found that the first component is strongly correlated with longi-
tude (R = 0.83, P = 3e-06), while the second and the third are
weakly related to age and sex (R = 0.41, P < 2.2e-16 and
Wilcoxon test P = 1.2e-15; SI Appendix, Fig. S6).
As expected given the continuous nature of interindividual

and cross-cultural food preferences, neat groups are not detect-
able. Hence, we delved into the peculiar food preferences
contributing to the east–west stretching along the first PCA
component, by relying on soft clustering techniques. Instead of
grouping the items so that each item is only assigned to one clus-
ter, soft clustering algorithms perform probabilistic clustering by
quantifying the likelihood of a given individual belonging to any
of the inferred clusters, with such probabilities being then inter-
preted as admixture proportions. To do so, we used the discrimi-
nant analysis of principal components (DAPC) technique (see
Materials and Methods (61)). This method, originally designed to
identify groups of genetically related individuals, can be applied
to any quantitative data to infer the presence of different clusters
and describe each individual as a combination of such clusters,
thus allowing for mixed memberships. According to the Bayesian
Information Criterion (BIC) evaluation (SI Appendix, Fig. S7),

we described the participants based on their probabilities of
assignment to five distinct clusters (see Materials and Methods;
we also reported the results for four, six, and seven clusters in SI
Appendix, Figs. S8–S10).

We ran DAPC on individual food preferences and explored
the inferred clusters’ probabilities of assignment at the individual
level (SI Appendix, Fig. S1C). We observed that 13% of them
showed mixed memberships, with the probability of assignment
for the second most likely cluster being at least 10% (SI
Appendix, Fig. S1C).

In order to quantify food preference variability at population
and individual levels and to compare it with genome-wide vari-
ability, we decomposed the overall dietary variance into between
countries, between and within cities, and among individuals for
each cluster distribution of assignments. We used the analysis
of molecular variance (AMOVA) (62) to partition the genetic
variance into the same layers (see Materials and Methods). As
it happens for genetic variation, the highest fraction of the cul-
tural cluster variance is explained by interindividual preferences
(“Among individuals” layer, Fig. 2). Nevertheless, while the other
variance partitions at the genetic level are negligible, the “Between
countries” layer accounts for 20% of the overall variance on aver-
age, with cluster 1 reaching up to 38% (Fig. 2). Conversely, the
low variance within and between cities suggests that food prefer-
ences are somewhat shared among people from the same location.

Notably, at the city level, the cultural admixture analysis
shows a neat separation between Georgia and Armenia on one
side and Azerbaijan, Kazakhstan, Tajikistan, and Uzbekistan on
the other (Fig. 3A and SI Appendix, Table S1), thus partially
mirroring the east–west cline highlighted by the PCA (SI
Appendix, Fig. S5A). In particular, while clusters 1 (light blue)
and 3 (red) seem predominant in eastern countries, as well as
in Azerbaijan, clusters 2 (yellow), 4 (green), and 5 (blue) reach
higher proportions in Armenia and Georgia. At the same time,
cities within the same country are generally homogeneous for
what concerns their mean individual cluster proportions. Nota-
bly, the average proportions of clusters 4 and 5, which are widely
present in western countries, reach 30% in Bukhara (Uzbekistan),
as well as in the two Kazakh cities (Alga and Almaty, Fig. 3A).

In order to pinpoint the main determinants of the inferred
clustering, we explored individual assignments to the clusters
by comparing intercluster food preferences (Fig. 3 B and C),
as well as considering other cultural aspects (religion), and
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Fig. 2. Cultural and genetic variance partitions. Culture: Food-based vari-
ance layers for each distribution of cluster (cl) assignments were obtained
through a linear mixed effect analysis. Genes: Genetic variance layers were
obtained via AMOVA.
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factors potentially modulating the interindividual differences
in food choices such as age and sex, as well as genetic ancestry
(Fig. 3 C–E).
Both clusters 1 and 3, which are enriched in eastern coun-

tries and Azerbaijan, are negatively correlated with pork and
alcohol preference (R = –0.81 and –0.65 for cluster 1 and
R = –0.20 and R = –0.39 for cluster 3, Fig. 3 B and C), a
pattern that, given the Muslim majority within such countries
(63), may be at least partially explained by Islamic dietary restric-
tions (Pearson correlation between per-country Muslim propor-
tion and clusters 1 and 3 assignments of 0.98, P = 0.00047). The
compelling religious guidelines on dietary choices are mirrored by
the higher fraction of variance explained by between-country var-
iability for cluster 1 than for the others; in this case, religious
constraints prevail on personal preferences, thus explaining
almost 40% of the total variance (Fig. 2). Clusters 1 and 3 are
also associated with greater preferences for animal protein foods,
with cluster 3 showing a more robust correlation (R = 0.39 and
0.53 for clusters 1 and 3, respectively). This observation may
partly be explained by the pastoral economies of local popula-
tions, here proxied by genetics, with Yamnaya and Han Chinese
ancestral components being correlated with both clusters (Fig. 3C).
Typical products from regional cuisines, such as the Georgian
cheese sulguni and the steppe dairy-based product kurut, con-
cur in strengthening the otherwise religion-based separation
(Fig. 3B).
Moreover, clusters 1 and 3 differ in the age of the partici-

pants, with cluster 3 individuals being significantly younger
than in cluster 1 (Fig. 3D, adjusted P = 1.2e-06). This trait
may also explain both the greater preference for sweets and the
aversion for vegetables of cluster 3 subjects (Fig. 3C).
On the other side, clusters 2, 4, and 5 are represented mainly

in the Georgian and Armenian cities. Notably, being clear of
religious-based food restrictions, they exhibit higher interindi-
vidual variability (Fig. 2). For instance, cluster 2 is significantly
enriched with women (Fig. 3D) who prefer wine but dislike
beer or spirits (e.g., brandy and vodka). Moreover, belonging to
these clusters seems barely correlated with sweets and vegetable
preferences and strongly anticorrelated with animal protein
foods (Fig. 3C). Conversely, cluster 4 is composed mainly of
men (Fig. 3D), for which we report a strong correlation with
alcohol (R = 0.72) and pork (R = 0.64) and a reduced prefer-
ence for the other food groups. The last cluster (cluster 5) is
again represented by younger subjects, who, differently from
cluster 3, prefer pork, alcoholic beverages (with lower scores
for spirits), sweets, and fruits but strongly dislike vegetables
(R = –0.70, Fig. 3C). Notably, a DAPC analysis of the permu-
tated dataset did not lead to either country-specific distribu-
tions or strong or significant associations with food groups, age,
and sex of the subjects (SI Appendix, Fig. S11), thus supporting
our approach. As a partial control for sampling bias, we report
that the DAPC results at the city level obtained for the down-
sampled and sex- and age-matched dataset highly correlated
with those of the original dataset (SI Appendix, Fig. S12).
Finally, we compared the DAPC results obtained for increas-

ing number of clusters by using the nonnegative least square
function which decomposes each cluster’s probabilities of assign-
ment for the run with k + 1 clusters as a combination of the
results obtained with k clusters (SI Appendix, Fig. S13), thus
highlighting the relationships between the various DAPC itera-
tions. In particular, we noticed that the addition of each cluster
offers an increasingly fine-grained view of our results without
impairing the previous DAPC run (SI Appendix, Fig. S13). For
instance, cluster 5 originates mainly from clusters 3 (young,

mostly female subjects in eastern countries) and 4 (mostly male
subjects in western countries) of the previous run (SI Appendix,
Fig. S8), with no contributions from clusters 1 and 2. Moreover,
we also confirm that the religious-driven food preferences are
strong drivers of the clustering process, with proportions almost
unaffected by the growing ks.

Discussion

With our work, we summarized 78 cultural variables to extract
individual probabilities of assignments to discrete cultural clus-
ters. When we looked at the individual level, many subjects
were probabilistically assigned to more than one cluster. The
soft clustering approach may then be interpreted as a mixed
membership, thus hinting at complex cultural dynamics regard-
ing dietary preferences. Such admixed assignments mirror what
is observed from a genetic point of view, where we confirmed
the previously described (56) complex history of migrations
and admixtures characterizing these populations. The same pat-
terns of demographic movements have also brought together
different cultural habits from every corner of the Silk Road.
Taking both genetic and cultural variables into account, our
approach aimed at describing population structure and admix-
ture at both levels, as well as highlighting dietary, social, and
genetic patterns shared across these lands.

More specifically, we found different layers of cultural strati-
fication, possibly reflecting religious dietary restrictions, age-
related personal preferences, and group traditions. For instance,
the first and second cultural clusters ( “pork” and “alcohol”) are
mirrored by a geographic and genetic west–east cline, with the
exception of Azerbaijan (Fig. 3A). In this case, we propose that
the consumption of pork and alcoholic drinks is determined
by recent cultural shifts, driven by the extensive Islamization
of Central Asia starting from 751 AD (55), not matched
by a genetic signature. This layer of complexity is further
highlighted by the reduced interindividual variability (for clus-
ter 1 when compared to other clusters and genetics; Fig. 2), as
well as the presence of outlier cluster components within the
country at the city level (Fig. 3A). For example, the city of
Bukhara in Uzbekistan showed a different level of clustering
than other villages in the same country, possibly reflecting its
history as an important economic and cultural center along the
Silk Road, which attracted people from far and wide. Similar
behavior can be seen in Alga and Almaty in Kazakhstan, a
country hosting a wide variety of ethnic groups with different
religions. Indeed, while Islam is the most commonly practiced
religion, about 26% of the Kazakh population identifies as
Christian (64), with the city of Almaty itself hosting the main
Russian Orthodox Church in Kazakhstan, the Ascension
Cathedral. This shows how cultural influences could sharply
differentiate these variables in multicultural populations even if
genetic variation does not immediately reflect such dynamics.
Nevertheless, although this pattern seems supported even when
we plotted the downsampled and sex- and age-matched by
country dataset (SI Appendix, Fig. S12), we stress here that
such compositions may also reflect a sampling bias among
countries and cities. Both clusters 1 and 3 showed also a greater
preference for foods rich in dairy and meat proteins, a pattern
that may be influenced by deep (Bronze Age–related introduc-
tion of pastoralism) and more recent historical influences over
the sampled populations (Fig. 3C). This link could also hint at
a more profound relationship, whose roots may be intertwined
with genetics and the environment, as the lactose tolerance
allele was brought to this population from the steppe during
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the Bronze Age (65). We stress here that, while such results
seem specific to the geographic areas analyzed in this work with
roots that, at least for the genetic ancestral components, go
back to ancient times (66, 67), the formation of these dietary
patterns may also be the result of historical and modern events.
With religion-based dietary restrictions fading in the remain-

ing clusters, other features of the participants, partially related
to culture, emerged, such as age and sex (Fig. 3 D and E). For
instance, the role of biological sex and its social perception may
guide a person’s dietary choices by generating specific food
preference patterns, such as the high correlation with alcoholic
beverages in cluster 4, which consists mainly of men.
In conclusion, our study provides a perspective on the inter-

twined relationship between cultural and genetic structures and
admixture by quantitatively summarizing an individual culture in
vectors of probabilities, similarly to what is done in genetic ances-
try analyses. In particular, it proved to be a valuable resource to
highlight the effects on cultural patterns of peculiar events in
recent timescale, whose light footprints genetics fails to retrace,
and to provide a compact and tractable means of including cul-
tural variables as a covariate in future association studies.

Materials and Methods

Sample Study. This study analyzed the food preference questionnaires for
79 foods of 543 individuals (310 female and 233 male subjects ranging from
9 to 82 y). Such data have been collected as part of the scientific expedition
Marcopolo 2010 (www.marcopolo2010.it), undertaken with the aim of analyzing
individual and regional-specific variations in the perception of the human senses
(e.g., taste, smell, hearing, and vision) across six countries (Georgia, Armenia,
Azerbaijan, Uzbekistan, Kazakhstan, and Tajikistan) along the Silk Road (57, 68).
Genetic samples were also collected with lifestyle and habit information for
a subset of the individuals participating in the study. More information on the
project and technical details about the sampling and genotyping steps can be
found in (56). The data that support the findings of this study are available
upon request.

Each participant in the study provided written informed consent. The research
protocol had been approved by the ethical committee of IRCCS-Burlo Garofolo
Hospital.

Data Preprocessing and Food Clustering. The dataset we worked on was
initially designed to explore the main genetic factors leading to individual food
preferences. The participants in the study were asked to rate 79 foods on a
5-point scale, which ranges from 1 (“dislike extremely”) to 5 (“like extremely”).
The option “never tasted” was also included as an alternative answer (68).

We removed five individuals whose food preferences profiles had an SD
equal to zero (they expressed the same rate to all the foods) or they were
completely missing, and the food “artichokes” because more than half of the
subjects did not provide an answer for it, thus resulting in a dataset of 78 food
preferences over 538 individuals. We will refer to this dataset as the “raw”
dataset.

We built the correlation matrix of “raw” food preferences, and we used the
scipy.cluster.hierarchy.linkage() function on this matrix (method = “average”,
metric = “euclidean”) to hierarchically cluster the food items (the “average”
method is also known as the unweighted pair group method with arithmetic
mean algorithm, UPGMA). With the function scipy.cluster.hierarchy.fcluster() we
selected a maximum of six clusters (criterion = “maxclust”), which, according to
their internal composition were called “alcohol,” “pork,” “sweets,” “vegetables,”
“animal proteins,” and “fruits.”

Finally, we computed the Cronbach’s alpha for each of the food clusters to
measure their internal consistency with the formula

αst =
N � r

1 + N� 1ð Þ � r
;

where N is the number of items (foods) and r is their mean correlation. The Cron-
bach’s alpha of the inferred food clusters was higher than 0.75, except for the

smallest one (“pork,” which consisted of three foods with a Cronbach’s alpha of
0.69; SI Appendix, Table S2), thus demonstrating the internal consistency of the
clusters themselves.

Missing Data Processing. We reasoned that the “never tasted” options (coded
in the original dataset as missing values) could point toward meaningful signals
related to systematic differences in dietary choices between countries.

To experimentally confirm that, we performed a χ2 test on the “missing”
counts of each food in each country, with the idea of spotting the putative cul-
tural signatures of shared dietary choices. Indeed, a χ2 test on “missing” counts
by countries pointed toward a significant dependence of “missing” hits from
countries (P = 1.22e-185). By repeating a χ2 test on “missing” counts for each
food, we found 31 foods whose “missing” count was significantly different
between countries (“country-associated missing foods,” adjusted P < 0.05;
SI Appendix, Table S3). Then, we investigated whether the distributions of
“missing” hits across different foods were somewhat correlated together. By
answering the question “Are there foods which are never tasted or skipped by
the same individuals?,” we wanted to pinpoint foods whose “missing” values
could connect people. In order to do that, we built a correlation matrix on
“missing” counts by using just the “country-associated missing foods” (SI
Appendix, Fig. S3A) and the entire dataset (SI Appendix, Fig. S3B). We noticed
that “missing” answers for alcoholic beverages (e.g., “brandy,” “vodka,” “beer,”
“red wine,” and “white wine”) and pork (e.g., “cooked salami,” “pork chops,”
and “ham”) preferences colocalized, which may suggestively indicate a cultural
influence such as the adhesion to religious precepts.

Given that the “never tasted” answers seem to carry cultural information, we
could not impute them with the mean of the feature, thus ignoring this informa-
tion. Instead, we decided to give them the minimum value of the questionnaire,
which is 1, because they indicate mainly individuals who never ate or experi-
enced a particular food. Nevertheless, to get rid of the possibly present technical
“missing” hits, we excluded 62 individuals with a “missing” ratio higher than
0.10 computed on the foods whose “missing” count was not associated with the
countries (i.e., the foods outside the list of the 31 country-associated ones;
SI Appendix, Table S3). Then, we normalized the individual profiles with the
StandardScaler() function of the python library scikit-learn. We will refer to this
dataset as the “processed” dataset.

As an additional control, we replaced the “never tasted” answers with the
mid food preference value (3) and repeated the clustering analyses (SI
Appendix, Fig. S14).

SpaceMix. We ran SpaceMix (60) to provide a pseudocoordinate relationship
between the geographic, genetic, and dietary habits of the sampled individuals.
We used as input the sampling longitudes and latitudes of each town, as well as
the allele frequency of each single-nucleotide polymorphism (SNP) and the aver-
age food preferences. In particular, for the genetic allele frequencies, we selected
the 130,000 SNPs with minor allele frequency (MAF) above 5% and genotyping
rate of 100%. The average food preferences were computed for each food, at the
city level, after first quantile-cutting into three levels (0, 1, and 2), the full range
of answers (thus mirroring allelic dosage patterns) using the quantile-based dis-
cretization function pandas.qcut. The genetic and dietary pseudocoordinates out-
putted by SpaceMix were then plotted along with the actual geographic ones.

Finally, we computed the Euclidean distances between each geographic loca-
tion and its genetic or dietary pseudocoordinates by using the R function dist
(method = “euclidean”, pairwise = T), and we compared the dietary and the
genetic distances via the Wilcoxon rank sum test.

Dimensionality Reduction. We used the following dimensionality reduction
techniques in order to spot general patterns of variability within the “processed”
dataset by using the Python scikit-learn library (69): multidimensional scaling,
PCA, t-distributed stochastic neighbor embedding (with learning_rate = 50),
and Uniform Manifold Approximation and Projection for Dimension Reduction
(with default parameters). Finally, we checked the overall consistency of results
across the different techniques via the Procrustes analysis, which tests the simi-
larity of two datasets by transforming the second one through scaling, dilation,
rotations, and reflections. In detail, we computed the correlations in a symmetric
Procrustes rotation by using the “protest” function within the vegan R package
(70) on the first two dimensions of each dataset obtained through the different
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techniques, and we reported the mean value across the six combinations
of techniques.

Cultural Clustering. We used the DAPC technique from the adegenet R pack-
age (61) to infer cultural clusters of individuals on the “processed” datasets
(where each row describes an individual and each column a food). DAPC is a
multivariate technique initially designed to identify genetic clusters among indi-
viduals and describe the relationships between such clusters, although it can be
used on any quantitative data (61). This method sequentially runs the algorithm
k-means with increasing values of k on the principal components computed
on the dataset for identifying a given k number of clusters. Then, discriminant
analysis is performed to seek synthetic variables, called discriminant functions,
which maximize the variance between clusters while minimizing variation
within clusters.

As a first step, we used the adegenet function find.clusters on the “processed”
dataset in order to infer the best number of clusters, ks, describing it by retaining
all the principal components, which represent the overall variability in our data-
set. We analyzed the trend of the BIC, with the number of clusters ranging from
1 to 20. We chose to focus within the main text on the results by using five clus-
ters, since further increases in k led to BIC improvements of less than 2 units.
However, we also conducted the analyses exploring k = 4, k = 6, and k = 7,
the latter being the k minimizing the BIC. Then, we used the inferred attribu-
tions to find the posterior cluster assignments with the dapc function. In order to
compare the results obtained across different ks, we used the software Distruct
for many K’s implemented in CLUMPAK (71) to align the DAPC across the differ-
ent ks and the nonnegative least square function implemented in the R package
nnls (72) to model the run with k + 1 clusters as a combination of that with
k groups.

Finally, in order to partially control for potential technical or sampling biases,
we adopted the following approaches. First, we permutated the dataset by shuf-
fling independently the columns, each containing a food preference distribution,
and we repeated the DAPC analysis on the best supported number of clusters
(five; see the BIC plot of SI Appendix, Fig. S11). Second, we selected the same
number of subjects matched for sex and age (three categories: 9–24, 24–45,
and 45–82 y old) from each country (the final dataset contained 144 individu-
als), and we plotted the DAPC results by using the downsampled and sex/- and
age-matched dataset.

Analysis of Variance and AMOVA. Total variance of each distribution of
cluster assignments was partitioned into “Between countries,” “Between cities,”
“Within cities,” and “Among individuals.” In order to do so, we performed a
linear mixed-effects analysis for each distribution of cluster assignments by using
the function lmer implemented within the R package lme4 (73).

We used an AMOVA (62) to quantify the variation between countries, cities,
and individuals at the genetic level with the R package poppr (74) on the
130,000 SNPs with MAF above 5% and genotyping rate of 100%.

Genetic Analyses. Genome-wide data for 841 individuals (whom we will
call the “Silk-Road dataset”) were produced as part of the above-mentioned
Marcopolo 2010 scientific expedition (56, 58). We removed related individuals
by excluding one of each individual pair showing an identity by descent value
higher than 0.25 with PLINK 1.9 (75). After genotype quality controls and
removal of individuals and variants with missing call rate exceeding 1% (–mind

and –geno 0.01 with PLINK), the final dataset consisted of 697 individuals, of
which 350 were also sampled for their food preference, and 598,612 SNPs. We
merged the Silk Road dataset with the populations Utah Residents with Northern
and Western European Ancestry (CEU); Han Chinese in Beijing, China (CHB);
and Punjabi from Lahore, Pakistan (PJL), from the 1000 Genomes Project (76),
after removing second-degree and higher relatives among them (identity by
descent > 0.25). We further excluded genetic variants on sexual chromosomes
or with MAF lower than 1% and those exhibiting extreme deviations from
Hardy–Weinberg equilibrium (–hwe 0.00001).

Finally, we pruned the variants for linkage disequilibrium (–indep-pairwise
200 50 0.4), and we evaluated the patterns of shared ancestries among popula-
tions with the ADMIXTURE software via a cross-validation approach to infer the
best number of ancestral components.

In order to time-transect the inferred ancestral components, we further
merged the dataset with samples broadly related to hunter–gatherers, early
farmers, Iranian Neolithic/Caucasus hunter–gatherers, and Yamnaya groups from
the 1,240,000 dataset from David Reich laboratory, which comprises present-day
and ancient DNA data (compiled from published papers up to March 2020).
Samples codes and label correspondences are shown in Dataset S1. Also, we
added the Yoruba in Ibadan, Nigeria (YRI) population from 1000 Genomes
Project for further comparison. We removed individuals with more than 90%
missing rate and the final merged dataset had a total of 38,069 SNPs with geno-
typing rate of 90%. We used this last dataset to perform a supervised admixture
analysis using hunter–gatherers; early farmers; Iranian Neolithic/Caucasus
hunter–gatherers; Yamnaya; CHB; and YRI populations as references.

Data, Materials, and Software Availability. DAPC results (individual
assignment probabilities, supervised admixture, and dimensionality reduction
results) data have been deposited in GitHub [https://github.com/serena-aneli//
silk_road_cultural_admixture (77); https://github.com/serena-aneli/silk_road_
cultural_admixture/tree/main/data (78)]. Previously published data were used
for this work (56, 68).
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