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The networks of ingredient combinations
as culinary fingerprints of world cuisines
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Claudio Caprioli1,11, Saumitra Kulkarni2,3,11, Federico Battiston4, Iacopo Iacopini5,6,11 ,
Andrea Santoro7,8,11 & Vito Latora1,9,10,11

Investigating how different ingredients are combined in popular dishes is crucial to uncover the
principles behind food preferences. Here, we use data from public food repositories and network
analysis to characterize and compare worldwide cuisines. Ingredients are first grouped into broader
types, and each cuisine is then represented as a network in which nodes correspond to ingredient
types andweighted linksdescribe how frequently pairs of types co-occur in recipes.Cuisinesdiffer not
only in the popularity of ingredient types and range of recipe sizes, but also in the structural
organization of ingredient-type combinations. By analyzing these networks, we uncover distinctive
patterns of type associations that serve as culinary fingerprints. For example, European cuisines
typically distribute ingredients across different types, whereas certain Asian and South American
traditions emphasize one dominant type, such as vegetables or spices. The essence of these patterns
is well captured by the networks’maximum spanning trees, which offer a simplified yet representative
backbone for each cuisine. We demonstrate that both these full and simplified network
representations enablemachine learningmodels to identify cuisines from subsets of recipes with very
high accuracy. Networks of ingredient combinations also cluster global cuisines into meaningful geo-
cultural groups, reflecting shared patterns in culinary traditions. More broadly, our study offers novel
insights into the structure ofworld cuisines, enabling data-driven approaches to their characterization,
cross-cultural comparison, and potential adaptation.

The act of transforming raw ingredients intopalatable sustenance, knownas
cooking, predates the appearance of Homo sapiens1–3. From the earliest
civilizations, recipes have served as templates, guiding individuals in the
preparation of meals using specific techniques and ingredients4. Over mil-
lennia, culinary traditions have undergone constant refinement and
expansion, reflecting the dynamic interplay of locally available ingredients
with cultural influences, trade, technological advancements, and changing
palates. As a result of this long and intertwined process, specific recipes have
become the very backbone of diverse culinary traditions across the globe5,6.
While traditional recipe books have long served as repositories of culinary
knowledge, the advent of computational approaches has opened new ave-
nues for understanding recipes as algorithms7. Researchers have recently
started leveraging vast data sets of recipes to reveal hidden patterns and

extract valuable insights into culinary practices8–11. Tools coming from
natural language processing12 and machine learning13 have revolutionized
our ability to analyze and interpret the complexities of recipe composition
and preparation methods14. Applications range from extracting the list of
ingredients from meal images15,16, to examining nutrient concentration in
food17, predicting food processing levels18 and investigating the impact of
certain diets on health19,20.

The essence of recipes cannot be separated from the ingredients, which
as in a symphony composed of individual notes, come up together to create
an unexpected harmonic consonance, each contributing its unique flavor
and texture to thefinal dish. It is precisely this combination of ingredients—
and the different techniques used to cook them— that would ultimately
determine whether the resulting product would be successful or not. At the
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heart of culinary creativity lies a quest to explore and discover novel
ingredient combinations – a journey in a virtually unbounded space of
pairings, mixtures, and innovations that has only been partially charted.
However, not all ingredient combinations are successful, as evidencedby the
considerable gap between the potential number of recipes and those
recorded throughout human history21. This discrepancy suggests that
culinary creativity oftenbuilds on topof knownflavors, balancing the search
for novelty with the use of established, successful combinations22–24.

Complex networks25,26 are particularly suited to describe the way in
which different ingredients are combined in recipes, and also to capture
recurring patterns27,28. So far, networks have been applied to describe
ingredient combinations with a particular focus on their chemical compo-
sition. In particular, bipartite networks29–31 have been instrumental in
studying the food pairing hypothesis, a famous culinary conjecture intro-
duced by Chef Heston Blumenthal32, stating that the compatibility of
ingredients in recipes strongly depends upon the amount of shared flavor
compounds33–36. Recent findings however suggest that food pairing is not a
universal principle, but cuisines worldwide differ in the role chemical affi-
nity plays in recipe formation37. The growing interest in the chemical
composition of food has spurred broader explorations into the implications
of food consumption on health. Network-based studies have significantly
advanced biomedical knowledge by unraveling the intricate interplay of
nutritional value, chemical profiles, and their impact on diseases17,19,38–40. It is
now well understood that exploring the chemical complexity of food is an
essential requirement for the study of human health, inextricably linked to
the diet of individuals41. However, while analyses focused on chemical
composition are pivotal in clarifying the relationship between diet and
health, and at the same developing targeted therapies and precision nutri-
tion, they often fail to capture the taste profiles of ingredients. Assortative
principles based on food compounds lack generality and apply only to
specific geographic cuisines. Moreover, these analyses typically overlook
how culinary traditions combine ingredients in distinct and culturally
meaningful ways. While reductionism is often a driving force in scientific
inquiry, its application to gastronomy hides the risk of discarding valuable
information encoded in culinary practices, knowledge long recognized and
applied in kitchens around the world. A crucial observation is that ingre-
dients often serve similar functional roles within recipes, regardless of their
chemical makeup, such as providing umami, acidity, or aromatic com-
plexity. For instance, soy sauce in East Asian cuisine and fish sauce in
Southeast Asian cuisine both function as salty umami enhancers. Similarly,
very different types of fat sources, like oil, butter, or lard, are often used as

non-stick agents and heat conductors when cooking other ingredients in a
pan. This suggests that studying ingredients based on their functional
associations, rather than in isolation, could reveal hidden patterns in
culinary practices.

In this work, we address these limitations by categorizing ingredients
into broader “food types” or “ingredient categories”. Drawing upon a recipe
dataset consistently covering geographic areas from all the five continents36,
we employ a network-based approach to characterize and compare cuisines
from all over the world. Each regional cuisine is turned into a network of
ingredient combinations, whose nodes represent food types, while links
describe the ways food types are combined in recipes. The analysis of such
networks allows to identify unique food profiles and food co-occurrence
patterns associated with each cuisine, highlighting with unprecedented
precision commonalities and differences in gastronomic preferences across
geographic regions.

Results
Statistical descriptors of world cuisines
We study a data set of recipes (dishes) covering 23 cuisines around the
world, for a total of R = 45661 recipes and I = 604 unique ingredients (see
Methods for a detailed description of the data set). This number results
from a preprocessing stage aimed at standardizing the ingredient set and
reducing dataset complexity, which consolidated the original 695 raw
ingredient entries into 604 canonical forms. That is, ingredients with
similar culinary roles or origins were grouped together, for instance,
merging varieties (e.g., all pasta types as pasta), preparation forms (e.g.,
dried and fresh peas as peas), and subtypes (e.g., cherry and plum
tomatoes as tomatoes). Additionally, ingredients produced through
similar transformation processes were mapped to unified labels (e.g., all
types of cheese, bread, and wine), and animal parts were aggregated by
species (e.g., all chicken parts as chicken). Full details on the preprocessing
are provided in the Methods and Supplementary Note 1. Each cuisine
comes with its own set of recipes, where each recipe is a different com-
bination of ingredients. Starting from the individual ingredients, we
investigate how the number of ingredients and the number of recipes vary
across the different cuisines. In Fig. 1, we report the total number of recipes
as a function of the total number of ingredients in a lin-log scale. The
distribution of distinct ingredients varies significantly among cuisines,
ranging from the 144 of the Portuguese cuisine to the 503 of the American
one (Acknowledging the ambiguous use of this term, we adopt the stan-
dard terminology where American refers to dishes prepared in theUnited

Fig. 1 | Scaling of recipes vs total ingredients across
world cuisines.Relationship between the number of
recipes and the total number of individual ingre-
dients across various cuisines. Each data point
represents a cuisine and is color-coded according to
the continent affiliation, as illustrated in the world
map reported in the top-left corner. A lin-log scale
has been used in the plot, and the reported best-fit
line highlights the exponential growth of the num-
ber of recipes with the total number of ingredients.
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States only (https://en.wikipedia.org/wiki/American_cuisine)). Notably,
the combination of ingredients in recipes differs widely among cuisines,
with cuisine sizes spanning three orders of magnitude. The smallest and
largest recipe data sets are again represented by Portuguese andAmerican
cuisine, with 138 and 16,056 recipes respectively. This heterogeneity
suggests a substantial difference in the way ingredients are combined and
possibly also in their frequency of use in recipes, consistently with pre-
vious findings on different data sets21,33. The exponential growth of recipes
with the number of ingredients (best-fit exponent γ = 0.1,R2= 0.77) allows
a broad classification of cuisines into two groups—based on their position
relative to the best-fitting curve. Cuisines above this curve, such as the
Italian cuisine, feature more recipes than expected from their rough
ingredient count (e.g., 378 ingredients forming 7493 recipes, surpassing
the expected 4288). Conversely, cuisines below the curve indicate fewer
recipes than those expectedbased on thenumber of ingredients employed.
One example is thePortuguese cuisine, whichhas 144 ingredients but only
138 recipes.

The scaling of Fig. 1 reveals differences between cuisines at a mac-
roscopic level, hiding preferences in the use of ingredients and on the way
these are combined in recipes. To gain insights into these aspects, we
examine the distribution of recipe sizes across cuisines. Figure 2a shows the
probability distributionPr(nr = n) that a randomly chosen recipe of a given
cuisine has n ingredients. Each distribution represents a specific cuisine
and is color-coded according to the cuisine’s continent affiliation (as
depicted in Fig. 1). Cuisines are ordered from top to bottom based on their
average recipe size. This analysis reveals two distinct tendencies: European
(especially Continental and Southern European) cuisines tend to favor on
average smaller recipe sizes, while Asian cuisines exhibit a preference for
larger recipe sizes. Accordingly, the recipe with the largest number of
ingredients in the data set is Vegetable Korma – a traditional Indian
dishmadewithmixed vegetables, spices, and dairy products–which uses a
staggering amount of 31 ingredients (see Supplementary Table S1 where
we report the largest recipe of each cuisine, with the respective ingre-
dients list).
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Fig. 2 | Recipe sizes and ingredient popularity. a Ridge plot illustrating the dis-
tribution of recipe sizes across cuisines from different continents. Each distribution,
sorted by average, corresponds to a cuisine, and is colored according to the continent
affiliation (as per Fig. 1). bHeatmap depicting the ingredient type popularity profiles
of cuisines. Each row corresponds to a cuisine, and each column to an ingredient
type. The color intensity represents the popularity of an ingredient type in a given
cuisine. c Bar chart representation of ingredient type popularity profiles derived

from (b) for five specific cuisines, highlighting the variations in ingredient pre-
ferences. d Heatmap illustrating the z-scores of the ingredient type popularity
profiles, providing insights into their relative significance across cuisines. Dark-red
and dark-blue regions indicate respectively higher and lower z-scores. e Bar chart
representation of the z-scores derived from (d) for the same five cuisines, revealing
the relative significance of ingredient types.
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A step further in highlighting the characteristics of cuisines is to focus
on which specific ingredients are utilized and mixed in a recipe. In order to
do this, we consider the division of ingredients into macro-categories or
“ingredient types”. In our data set, ingredients are classified into 20 different
types, namely: Additive, Bakery, Beverages, Alcoholic Beverages, Cereals,
Dairy, Essential Oils, Fish, Flowers, Fruit, Fungi, Herbs, Legumes, Maize,
Meat, Nuts & Seeds, Plants, Seafood, Spices, Vegetables. The rationale
behind this classification, inherited from the original dataset42, is described
in detail in the Methods section. We define the popularity of an ingredient
type within a given cuisine as the fraction of ingredients of that type that
constitute the recipes of that cuisine. Ingredient popularity enables us to
shed light on how different cuisines utilize various ingredient categories
within their recipes. To achieve this, inFig. 2bwe report aheatmap encoding
the ingredient popularity profiles. Rows represent individual cuisines and
columns represent specific ingredient types. To computepopularityprofiles,
we count the total number of occurrences of all ingredients belonging to a
specific type across all recipes within a given cuisine. To account for
potential biases arising from varying numbers of recipes or their lengths, we
normalize these counts by dividing themby the sumof all recipe sizeswithin
that cuisine. The heatmap illustrates a general pattern of ingredient usage
across cuisines, with darker colors indicating higher popularity of certain
ingredient types (on average, 9 types out of 20 are more popular than
others). This common trend in ingredient usage is characterized by darker
regions concentrated towards the left-hand side of the heatmap, indicating a
higher popularity of certain ingredient types; as one moves towards the
right-hand side, the popularity of ingredient types decreases and colors
gradually lighten. However, despite this overall trend, individual cuisines
exhibit distinct preferences. This becomes evident when individually
examining the distribution of popularity profiles, as done for five specific
cuisines in Fig. 2c (see Fig. S1 for the popularity profiles of the remaining
cuisines). Furthermore, to emphasize differences among cuisines, we report
in the heatmap of Fig. 2(d) the z-scores of the ingredient type popularity.
Here, regions ranging from light-red to dark red in the heatmap, denote
progressively higher positive z-scores, indicating that a cuisine tends to use
certain ingredient types more frequently than others. Conversely, regions
with light to dark blue colors represent increasingly negative z-scores,
indicating below-average usage of certain ingredient types. For the sake of
completeness, we report in Fig. 2e the z-scores distributions for five specific
cuisines (see Fig. S2 for the z-scores distributions of the remaining cuisines).
Notably, Fig. 2d, e reveal some distinctive traits of cuisines, which can be
attributed to geographical, cultural or religious reasons. For example, India
standsout as the cuisine that usesmeat the least,with ahighnegative z-score,
which reflects cultural restrictions on meat consumption. In contrast, Spi-
ces, Legumes and Flowers are used in Indian recipes with much higher
frequency compared to other cuisines, aligning with the popular consensus
of Indian cuisine as predominantly vegetarian, with extensive use of
Flowers-based cooking oils and aromatic Spices. Similarly, the impact of
geography on ingredient usage is exemplified by Scandinavian cuisine,
which shows significantly lower usage of Vegetables, Herbs, and Plants
compared to most other cuisines. The harsh climate of Scandinavian
countries creates unfavorable conditions for the cultivation of most Vege-
tables, resulting in a distinct culinary approach that relies on other
ingredients.

The networks of ingredient combinations
A cuisine is not solely characterized by the quantity and type of used
ingredients, but also by the way in which the ingredients are combined. To
describe the intricate patterns of ingredient combinationswithin recipes and
better capture how such relationships vary across different cuisines, we
introduce the network of ingredient combination. Recipe data sets can be
represented as a bipartite graph, where ingredients and recipes are the two
disjoint sets of nodes (see Methods for details). The projection of such
networks on the set of ingredients (see Methods) allows us to obtain uni-
partite ingredient-ingredient graphs which provide summarized informa-
tiononhow ingredients are combined in recipes,while sensibly reducing the

number of nodes of the original graph. However, the projection graphs
present two major obstacles: (i) the size reduction from bipartite to uni-
partite is not sufficient, leaving the resulting graphs overly complex for
interpretation; (ii) the comparison between graphs might be inherently
biased due to variations in graph size and ingredient sets across cuisines. To
address these issues, we consider a coarse-grained representation of the
ingredient-ingredient graphs, hereafter referred to as ingredient type-
ingredient type graphs, or simply type-type graphs. Nodes in such graphs
correspond to the 20 distinct ingredient types in our data set. An edge
connects ingredient types t and t0 if there is at least one recipe of the cuisine
containing at least a pair of ingredients respectively of type t and t0. The edge
weight reflects the frequency of such pairings across the entire data set. For
example, the “apple strudel" recipe of Central European cuisine, comprising
a total of 4 ingredients (apples, raisins, butter, puff pastry), ensures the
existence of the 4 following edges: Fruit-Fruit, Fruit-Dairy, Fruit-Bakery,
Bakery-Dairy. In particular, such recipe contributes with aweight of 2 to the
two edges Fruit-Dairy and Fruit-Bakery in the network, reflecting the fact
that butter andpuff pastry are pairedwith twodifferent fruits. The type-type
graphs encode the main features of how ingredients are combined, without
the complexity of a description at the level of individual ingredients.
Moreover, it offers a uniform representation of culinary traditions across
different cuisines. Being all made by the same number of nodes, our net-
works allow for direct comparisons of worldwide cuisines, revealing com-
monalities and discrepancies in ingredient interactions.

We constructed the ingredient type networks for each of the 23 cui-
sines. For better visualization of the obtained networks, due to their high
density, we have used the disparity filter method introduced by Serrano et
al.43. With this method, we retain only the edges whose weights represent
statistically significant deviations from a null model where the weights are
uniformly distributed among the links of a node. Figure 3a–d show the
filtered ingredient networksof 4 representative cuisines obtainedby setting a
p-value of 0.2 (see Fig. S3 for all other cuisines).We observe that the filtered
networks of both American and Italian cuisines [Fig. 3a, c] preserve a high
percentage of their original edges, while also exhibiting two very similar
structures. Differently, Indian and Japanese filtered networks [Fig. 3b, d]
have fewer edges. To gain deeper insights into how different cuisines
combine food types, we analyze the z-scores of edgeweights for specific type
pairs across cuisines. For each type pair, we calculate the weight distribution
across all cuisines and then derive the corresponding z-scores. In Fig. 3e, we
report the scores for each cuisine using a strip plot. The resulting distribu-
tions of z-scores reveal interesting variations in the way cuisines use food
type pairings. A cuisine with a long right tail in its z-score distribution
indicates frequent use of certain type pairs compared to other cuisines. This
trend is particularly noticeable in Asian cuisines, where less common
ingredient pairings, such as the Flowers-Legumes combination in Indian
cuisine or the Beverages-Fish pairing in Thai cuisine, aremore prevalent. In
contrast, cuisines like American, Canadian, and Australasian show a more
uniform z-score distribution, with most scores falling within the−1 to+1
range. A likely explanation for this pattern is the history of mass immi-
gration in these countries during the 20th century, which introduced a wide
array of culinary traditions from different regions of the world. As these
diverse influences blended, the distinctive characteristics of individual cui-
sines may have averaged out, leading to a more homogenized set of ingre-
dient pairings.

To investigate themost important associations of food pairs for each of
the 23 cuisines,we report inTable 1 the 5 edgeswith the largestweight, along
with their correspondingweight fraction.Notably, formost cuisines, the top
5 edges (about 3% of the total number of edges) represent approximately
15% of the total weight. Additionally, the top 50 edges (about 25% of the
total number of edges) capture about 75% of the total weight. The exception
to this trend is observed in East Asian cuisines, where sensibly lower values
are observed. The data in Table 1 reveals a noticeable recurrence of certain
pairs of ingredient types within the top 5 pairs of each cuisine. For instance,
pairings like Spices−Vegetables andAdditive-Vegetables frequently appear
among the top 5 in many cuisines, reflecting the prominence of the three
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most common ingredient types (Spices, Vegetables, and Additive) across
cuisines. This observation is further supported by the analysis in Table 2
(left), where we report the 10 most frequent type pairings across all the 23
cuisines, i.e., the edges with the largest average weight. Here, Spices, Vege-
tables, and Additive constitute the first three edges in the ranking, under-
scoring their central importance across cuisines. Moreover, nine of the top
ten pairs, except for the pair Additive - Meat, include either Spices or
Vegetables. The recurrence of these type-type pairs across various cuisines
suggests that certain ingredient combinations are particularly versatile and
essential in the construction of diverse flavor profiles. This pattern implies
that, while cuisinesmay differ inmany aspects, they share common culinary
strategies that rely on a core set of ingredient pairings. Table 2 (right) reports
the top 10 type pairs ranked according to the standard deviation of weights
across cuisines. In this list, the Dairy category is involved in four of the top
five pairs. This is because dairy products are essentially a staple food for the
cuisines of Central and Northern Europe, while being almost completely
unknown to Asian culinary traditions.

To reduce the number of links in Fig. 3 and focus on meaningful
associations between ingredients, we construct the maximum spanning
trees (MSTs)26 of the type-type graphs. Indeed,MSTs arewell-suited for this
task as theymapagraph into a connected tree. Theprunedgraph is obtained
minimizing the number of connections while maximizing the sum of the
link weights. MSTs can be thus regarded as connected “minimal graphs”,
easier to interpret and visualize, that give us the network fingerprint of a
cuisine. The resultingMSTs for 6 of the 23 cuisines that we have studied are
shown in Fig. 4 (see Fig. S4 of the Supplementary for all cuisines). Clear
distinctions among theseMSTs across cuisines underscore the effectiveness
of this method in highlighting culinary differences otherwise not directly
visible fromthe full networks.Notice that theobtained trees are all organized
around one or two “central” nodes, i.e., the ones with the highest closeness
centrality. For example, the Indian MST (Fig. 4c) appears as a star-like
graph, with Spices at its core; this configuration effectively captures the

predominant centrality of Spices in Indian cuisine, which are an essential
component tomost of its recipes. Thesefindings are in linewith those of Jain
et al.34, who demonstrated the central role of Spices through the analysis of
different regional cuisines of India. The negative food pairing tendency
found across Indian cuisines, that is the repeated association of com-
plementary ingredients sharing a low number of compounds, can indeed be
attributed to the ubiquitous presence of Spices. We find a similar structure
also in the MST describing the Mexican cuisine (Fig. 4e), where Spices are
replacedbyVegetables.Adifferent picture emerges instead fromsomeother
cuisines, that feature more than one ingredient type at their core. One
example is the prominent role of cheese and dairy products in French
cuisine (Fig. 4b) showing high affinity with certain ingredient types, like
meat and mushrooms (Fungi), traditionally associated with umami flavor.
TheMSTof the Italian cuisine (Fig. 4d) stands out for the central role played
by Herbs (jointly with Spices), a unique feature shared only with Thai
cuisine (see Fig. S4 of the Supplementary). A simple measure exemplifying
structural differences across MSTs is their diameter, which quantifies how
far apart the two most distant ingredient types are when moving along the
shortest paths. In networkswith small diameters, central ingredient types—
typically those with the largest frequencies— tend to participate in a larger
number of links, suggesting that these types are more evenly distributed
across recipes compared to MSTs with larger diameters. Indian cuisine
(Fig. 4c) presents the smallest diameter, corresponding for example to the 3
links connecting seafood to meat passing through Spices; among the MSTs
shown here, American cuisine displays the largest diameter, corresponding
for example to the 5 links connecting mushrooms to bakery via Vegetables,
Spices,Additives, andCheese.Thehighest diameter, formedby6 links, is the
one associated with Central European cuisine (see Fig. S4).

Identifying a cuisine from a set of recipes
We investigate here how well a world cuisine can be represented by its
networkof ingredient type combinations.Wedo this by settingup a series of

(e)

Food Categories

Alcoholic
Beverages VegetablesDairy Bakery Seafood Nuts & Seeds Maize Herbs Fruit Fish

BeveragesCereals SpicesAdditives Plants Meat Legumes Fungus Flowers Essential 
Oils

Fig. 3 | Networks of ingredient combinations and distributions of type pairing
popularity across cuisines. Backbones of ingredient combinations networks for
four selected cuisines: American (a), Indian (b), Italian (c) and Japanese (d). Nodes
correspond to ingredient types and are drawn on a circular layout with additional
type label symbols, with sizes proportional to the type’s recipe popularity in the
cuisine. An edge is present in the network of ingredient combinations if two
ingredient types occur in the same recipe at least once, and its thickness is pro-
portional to the number of co-occurrences of types across all recipes. To highlight

differences between networks we show the network backbones obtained through the
disparity filter43, plotting only statistically significant edges with a p-value larger than
0.2 (e) Strip plots of z-scores for edge weights across world cuisines. For each cuisine
on the y-axis, the x-axis shows the z-scores of edgeweights relative to the distribution
of the corresponding edge weights across all 23 cuisines. A jitter is applied for better
visualization. Two edges are highlighted for each cuisine, one with a high z-score and
one with a low z-score, representing significant deviations in the co-occurrence
patterns.

https://doi.org/10.1038/s41538-025-00588-4 Article

npj Science of Food |           (2025) 9:242 5

www.nature.com/npjscifood


classification experiments in which the task is to correctly associate a given
set of recipes to the world cuisine fromwhich they are extracted. The idea is
to train a classification model on three different inputs of increasing com-
plexity, namely the vector of ingredient (type) frequencies, the MST of
ingredient (type) combinations, and the full network of ingredient (type)
combinations.

In this way, it is possible to compare the predictive power of a cuisine
representation based on the network of ingredient combinations, with
respect to the other representations (ingredient frequencies, or MST of
ingredient combinations).

For each of the three different representations, we independently train
a Support Vector Machine (SVM) to predict each cuisine from a sample
consisting of 15%of its recipes.Moredetails on thebootstrappingprocedure
and experiment pipeline can be found in the Methods section. The SVMs

trained on the ingredient combination networks and their corresponding
MSTs achieve an average classification accuracy of 0.95 (standard deviation
0.05) and 0.87 (standard deviation 0.06), respectively. Both graph-based
representations outperform the SVM trained on ingredient frequencies,
whichonly reaches anaverage accuracyof 0.79 (standarddeviation0.07).To
get further insights on the classification performances beyond the accuracy
scores, Fig. 5a–c report the average confusion matrices. We notice that
models trained on ingredient frequencies mis-classify more cuisines than
the other twomodels trained on ingredient combinations. In particular, the
heatmap in Fig. 5a shows that cuisines belonging to either culturally or
geographically close countries are often mixed, e.g., African with Middle
Eastern, Greek with Italian, Korean with Japanese, and Portuguese with
Spanish. By contrast, the darkest colors along the diagonals of the heatmaps
in Fig. 5b, c show that, for both MST and network-based models, the most

Table 1 | The second column reports the top 5 ingredient type-type pairs with the largest weight for each of the 23 cuisines

Alcoholic
BeveragesBeverages DairyCerealsBakeryAdditives FishEssential 

Oils FruitFlowers

VegetablesSpicesHerbsFungus MaizeLegumes Nuts & SeedsMeat SeafoodPlants

The third and the fourth columns report the total weight fraction accounted for by the top 5 and 50 type-type pairs with the largest weight, respectively.
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frequently predicted cuisine label always coincideswith the true label.While
a degree of ambiguity persists for some cuisines when using MSTs, this is
almost entirely resolvedwith the use of the full network of ingredient (type)
combinations. The only exception is the Misc. Portuguese cuisine, which is
also the cuisine with the fewest number of recipes. Overall, the high clas-
sification accuracy achieved by the SVM based on the ingredient combi-
nation networks demonstrates their ability to efficiently encode rich
information about cuisines. Their good performance suggests that networks
of ingredient (type) combinations offer a more precise representation of a
cuisine than the frequency of ingredients (type) alone.Moreover, it is worth
stressing that even thoughMSTsareobtainedbypruning90%of theoriginal
edges, they are still able to achieve very high classification accuracy, further
confirming the relevance of a networked approach.

Classification and clustering of world cuisines
We now exploit the networks of ingredient type combinations to uncover
similarities and differences among 23 worldwide cuisines and to classify
them into a smaller number of groups. We have adopted a hierarchical
clustering based on the weighted adjacency matrices of the networks of
ingredient types. We used the ’average’ linkage method and Jensen-
Shannon distance to quantify how “distant” cuisines are from each other.
The full dendrogram is reported in Fig. 5d. Cutting at 0.21, the ingredient
type graphs identify 6main clusters, reported with different colors. Of these
6 groups, one uniquely identifies India, as proof that Indian cuisine has its
unique way of combining ingredients in recipes. Mapping these culinary
groups geographically, as illustrated in Fig. 5e, reveals three broader geo-
graphical clusters. Of these, one entirely coincides with Asian cuisines,
further divided into two sub-clusters based on latitude (orange colors).
Differently, the remaining clusters do not exhibit clear geographical
separations (light green and light blue colors). However, the cluster
including Central and Northern Europe (light blue color) encompasses
Greek, English, and Italian cuisines, as well as what are referred to as “new
world” countries. In a way, this cluster reflects the historical and cultural

influences shaped by colonialism in the evolution of world cuisines. This is
also evident in the cluster that includes Spanish and Portuguese cuisines
(light green), grouped with Latin American countries, formerly part of their
colonial empires. Similarly, the presence of North Africa and the Middle
East, easily explained by geographical continuitywith the Iberian peninsula,
could be the result of the long-lasting effects of medieval Islamic coloniza-
tion of Southern Europe. Taken together, the overall clustering appears to
depend on the interplay of geographical and cultural ties, which concur in
shaping the ingredient profile of a cuisine.

Discussion
World cuisines embody a broad and intricate fusion of flavors, traditions,
and cultural influences. Over time, this elaborate composition has garnered
growing attention, not only due to its implications for health and dietary
practices44,45, but also for its role in inspiring new fields like computational
gastronomy7. In this work, we have introduced a novel network-based
approach that sheds light on both general trends and distinctive features of
culinary traditions.

We first found that the number of recipes within a single cuisine
exhibits an exponential relationship with the number of ingredients. Since
the existing recipes constitute only a fraction of the potential ingredient
combinations (as from other recipe repositories4,46, only about 106 recipes
exist out of an estimated ~1015 potential combinations). This perceived
limitation may embody a principle of least energy. It suggests that cuisines
often rely on variations of successful dishes, instead of exploring completely
novel combinations of ingredients. As highlighted by Kinouchi et al21,
modern cuisines undergo continual evolution, with high-fitness ingredients
replacing lower-fitness ones. More recently, Nazari et al.47 provided direct
evidence supporting this hypothesis by reconstructing the evolutionary
history of Italian stuffed pasta. Factors such as antimicrobial properties have
been suggested to influence ingredient selection over time48,49. Conse-
quently, within a single cuisine, the space of potential ingredient combi-
nations, even within the bounds of “gastronomical rules", remains only

Table 2 | (Left) Top 10 ingredient type-type pairs with the largest average weight

Type Pair Average Weight St. Dev.

Spices - Vegetables 0.027 0.006

Additive - Spices 0.025 0.004

Additive - Vegetables 0.023 0.005

Additive - Meat 0.022 0.007

Herbs - Vegetables 0.022 0.008

Vegetables - Vegetables 0.022 0.005

Herbs - Spices 0.021 0.008

Plants - Vegetables 0.021 0.006

Meat - Spices 0.020 0.004

Plants - Spices 0.020 0.006

Type Pair St. Dev. Average Weight

Additive - Dairy 0.013 0.020

Cereals - Dairy 0.012 0.014

Dairy - Meat 0.011 0.016

Additive - Cereals 0.010 0.017

Dairy - Spices 0.009 0.016

Additive - Additive 0.008 0.020

Herbs - Spices 0.008 0.021

Cereals - Meat 0.008 0.013

Herbs - Vegetables 0.008 0.022

Additive - Meat 0.007 0.022

Corresponding standard deviations are reported in the last column. (Right) Top 10 ingredient type-type pairs with the largest weight variation (standard deviation). Corresponding average weights are
reported in the last column.
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partially explored. This ongoing evolutionary process contributes to the
dynamic and adaptable nature of culinary traditions.

By examining how cuisines utilize ingredients of different typeswe also
unveiled a pattern in how ingredient types are organized based on average
prevalence. Cuisines generally tend to use the same ingredient types with
comparable frequencies, suggesting a hierarchy. Categories like Vegetables,
Spices, andAdditive are extensively used across all cuisines, while others like
Flowers, Beverages, and Maize exhibit overall low popularity. We hypo-
thesize that various factors shape this pattern. For instance, the high pre-
valence of types like Vegetables may stem from their nutritional profile,
providing key nutrients. Similarly, the prevalenceofAdditive and Spices can
be justified by their specific culinary functions, such as flavoring or acting as
chemical agents to catalyze certain reactions or provide antimicrobial
properties to food. The networks of ingredient type combinations, intro-
duced for the first time in this work, proved quite effective for classification
tasks, showing that world cuisines can be essentially identified by how they

combine ingredients based on their types. Results presented in Fig. 5 show
clearly that the unique and intertwined pattern of ingredient types con-
stitutes a very good “fingerprinting” for each cuisine. This is also confirmed
when considering dimensionality reduction methods, such as tSNE50(see
Fig. S5 of the Supplementary for details), where ingredient type graphs form
a culinary continuum that goes from East Asia to Scandinavia, where geo-
graphical proximity appears to be particularly relevant in determining the
2D projections. These findings align with those of Zhu et al.51, who,
employing a distinct approach based on ingredient frequencies, analyzed
regional cuisines in China and identified geographical proximity as the key
factor of regional cuisine similarities. Furthermore, network measures
derived from ingredient-type graphs (e.g., the spectral radius) show positive
correlations with exogenous World Development Indicators, such as food
imports and food insecurity, for the countries associated with that cuisine
(see Fig. S6). One possible explanation is that cuisines with higher spectral
radiimight reflect a less varied combinationof ingredient types, which could

Food Categories

(a) (b) (c)

(d) (e) (f)

VegetablesSpicesSeafoodPlantsNuts &
SeedsMeat

MaizeLegumesHerbsFungusFruitFlowersFish

Alcoholic
Beverages

BeveragesBakeryAdditives Essential
OilsCereals Dairy

Fig. 4 | The backbone of ingredient combinations. Maximum spanning trees
(MST) of the networks of ingredient combinations for six selected world cuisines:
American (a), French (b), Indian (c), Italian (d), Japanese (e) and Mexican (f). The
different topologies of the trees reveal the distinct overall organization of ingredient
combinations. For instance, Indian cuisine exhibits a star-like topology centered

around Spices, whereas Italian and French cuisines display a more balanced reliance
on different ingredient types, such as Dairy and Herbs. Node sizes are proportional
to type popularity within the cuisine, while edge thickness corresponds to the weight
in the original network of ingredient combinations, and indicates the number of co-
occurrences of type pairs across all recipes.
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correspond to more limited diets and thus correlate with higher food
insecurity. Likewise, thismeasuremayhint at shortages of certain ingredient
types, potentially requiring greater reliance on imports. These preliminary
observations highlight the need for further investigation to confirm and
refine these relationships.

Finally, we showed how the analysis of the Maximum Spanning Trees
(MSTs) of the graphs of ingredient type combinations, widely used to filter
networks in finance52,53 and biology54,55, can highlight the most relevant
ingredient types and their pairings. Even though MSTs contain less infor-
mation than the original type-type graphs, they provide a compact repre-
sentation in terms of the essential components defining the culinary identity
of a cuisine. In this respect, MSTs not only enable us to refine the visual
representation of food type graphs by minimizing complexity and redun-
dancy, but allow for a more intuitive exploration and analysis of the rela-
tionships between ingredients.

Since the structure of these graphs ultimately depends on how ingre-
dients are categorized, it is important to stress the implications and lim-
itations of our classification choices. We acknowledge that the ingredient
classificationwe adopted in this work inherits intrinsic arbitrariness, carried
over from the original dataset56. First, the choice of categories may reflect
potential cultural biases: ingredients that in our framework are grouped

under the same broad categoriesmight be perceived as distinct food types in
certain cultures. A notable example is that of seaweeds and algae, which are
categorized under Seafood in our dataset based on their environmental
(marine)origin.While this classification is consistentwith ecological criteria
and taxonomic ambiguity (algae are not strictly plants), it may overlook
their cultural specificity, such as the central role of seaweeds in Japanese
cuisine, potentially motivating their treatment as a separate ingredient
category. This example highlights a broader point: culturally specific
ingredient types offer a compelling reason to explore alternative classifica-
tion systems, especially in regionally focused or cuisine-specific studies,
where finer distinctions may lead to more meaningful insights. A second
simplification in our framework concerns food processing: we merge dif-
ferent processed forms of the same raw item (e.g., fresh, dried, or canned
tomatoes) into a single entity. Consequently, our categories capture the
natural origin of ingredients but not the form they take after processing.
While this choice allowed a first analysis by reducing complexity and
assumptions, we acknowledge that processing can significantly influence
ingredients’ function and flavor, particularly in certain cuisines. A natural
extension our our work would thus account for processing stages through a
hierarchical categorization scheme, with subcategories (e.g., dried, fer-
mented) nested within broader types (e.g., Vegetables, Dairy). Such more

(a) (b) (c)

JS distance

(d) (e)

Fig. 5 | Identification and clustering of world cuisines. a–c Results of a Support
VectorMachine (SVM) predictionmodel trained to associate a given set of recipes to
the world cuisine they are extracted from. We report the confusion matrices
obtained by using respectively: a ingredient frequency vectors,bMinimum spanning
tree (MST) of ingredient combination networks, and c ingredient combination
networks, as inputs to the SVM. d, eHierarchical clustering of world cuisines based

on their ingredient combination networks. d Hierarchical tree obtained from an
average linkage clusteringmethod using a Jensen-Shannon (JS) distance. Cutting the
tree at distance 0.21 produces six different groups, shown with different colors.
e Geographical mapping of the resulting clusters from (d) highlighting the geo-
graphical distribution of the culinary groups.
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granular taxonomy could enrich future analyses, if based on a clear and
principled annotation of the database. Moreover, our analysis relies on data
from a single source. Expanding the dataset to include a broader range of
sources and cuisines would improve the robustness and generality of our
findings. Additionally, our analysis considered a static snapshot of cuisines,
using recipes available at a single point in time. However, against the well-
established idea of national cuisines as part of the immutable traditions,
culinary practices continuously evolve due to various factors such as tech-
nological advancements, ingredient availability, and local trends, all pushing
for innovations in different directions. Hence, there is a need to recognize
cuisines as dynamic and growing collections of recipes. Implementing a
temporal network analysis would help to capture the evolution of culinary
trends and ingredient popularity over time, and also to test the robustness of
our network-based framework. Finally, any network approach primarily
focuses on pairwise interactions, namely on the combination of pairs of
ingredients. However, networks may not fully capture the complexity of
culinary traditions. Extending our approach to higher-order networks, such
as hypergraphs, to better describe higher-order interactions57 among mul-
tiple ingredients, could provide a more nuanced understanding of ingre-
dient combinations and their roles within recipes.

Methods
Dataset
CulinaryDB is a large repository consisting of 45772 recipes and two
associated ingredient lists: one containing 929 individual ingredients, the
other 103 compound ingredients, accounting for a total of 1032 unique
ingredients. Of these, only 695 appear in the recipes themselves. The data
were collected by CoSyLab42 from the following platforms:
AllRecipes58(16177), Food Network59(15917), Epicurious60(11069) and
TarlaDalal61(2609). Recipes are grouped into 26 cuisines represented by
world regions arching over 5 continents. Aworld region can either coincide
with the national borders of a state or represent a broader geocultural area,
such as Central America and Scandinavia (see Supplementary Note 1 and
Table S2 for a detailed description of world regions). In the data set, each
recipe is structured as a set of ingredients, which are classified into T = 20
different culinary categories, or food types, namely: Additive, Bakery, Bev-
erages, Alcoholic Beverages, Cereals, Dairy, Essential Oils, Fish, Flowers,
Fruit, Fungi, Herbs, Legumes, Maize, Meat, Nuts & Seeds, Plants, Seafood,
Spices,Vegetables.Although this classificationwasdefinedby the creatorsof
CulinaryDB56, a comprehensive inspection shows that it follows a coherent
set of principles grounded in biological origin, culinary function, and degree
of processing. Ingredients are primarily categorized by their natural source,
such as Meat (terrestrial animals), Fish (aquatic vertebrates), Seafood
(aquatic invertebrates), Plants (leaves, stems, and roots), or Fungi, and
secondarily, when applicable, by their dominant culinary role. For instance,
aromatic leaves are labeled as Herbs, flavoring seeds as Spices, and con-
centrated extracts as Essential Oils. Items resulting from substantial trans-
formation (e.g., Dairy, Bakery, Beverages) or used predominantly as process
aids (e.g., Additives) are assigned to distinct classes. Borderline cases are
resolved based on prevailing culinary identity: for example, honey and soy
sauce, though processed, are categorized as Plants rather thanAdditives due
to their natural origin and frequent culinary use. Manual inspection of all
standardized ingredients confirms consistent application of these criteria.

For our analysis, we used data from 23 of the 26 cuisines, discarding
thosewith fewer than 100 recipes to ensure statistical reliability, endingwith
a total ofR = 45661 recipes.Additionally,weperformedapreprocessing step
to standardize and simplify the set of 695 ingredients found in recipes,
resulting in a reduced set of I = 604 distinct ingredients. This included
merging different shapes or varieties (e.g., all pasta types as ‘pasta’), unifying
fresh, dried, or processed forms (e.g., dried and fresh peas as ‘peas’), and
generalizing ingredient subtypes (e.g., cherry, plum, and globe tomatoes as
‘tomatoes’). We also aggregated ingredients produced through similar
transformative processes into broader categories (e.g., all cheeses as ‘cheese’,
all grape-based fermented drinks as ‘wine’), and grouped different animal
parts under their corresponding species (e.g., chicken wings, thighs, and

liver as ‘chicken’). A detailed description of the preprocessing rules and
illustrative examples is provided in Supplementary Note 1.

For each cuisine c, with c = 1,…, 23, we denote asRc the set of recipes
and, asRc ¼ jRcj, the number of recipes in cuisine c, representing the size of
the cuisine. Each recipe r 2 Rc can be viewed as a subset of the finite set of
ingredients I c used in cuisine c, from which dishes are created through
different combinations.We indicate the number of ingredients in recipe r as
nr, and the number of ingredients in cuisine c as Ic ¼ jI cj, with Ic≤I. We
indicate an ingredient type as t, with t = 1, …, T, and as ti the type of an
ingredient i, with i = 1, 2,…, Ic. We define the popularity fc(t) of an ingre-
dient type t in cuisine c as the fraction of ingredients of type t in the recipesof
cuisine c. To calculate fc(t),we sum thenumber of ingredients of type t across
all the recipes in cuisine c, and normalize this sum by the total number of
ingredients in all recipes of cuisine c. Similarly, we define the popularity pc(t)
of an ingredient type t across the recipes of cuisine c, as the fraction of recipes
of c containing at least an ingredient of type t. In otherwords, fc(t) represents
theprobability that a randomly extracted ingredient fromrecipes of cuisine c
belongs to type t. Differently, pc(t) is the probability that a randomly
extracted recipe of cuisine c contains at least an ingredient of type t. For-
mally, these definitions can be expressed as follows:

f cðtÞ ¼
P

r2Rc

P
i2rδðti; tÞ

P
r2Rc

nr
; ð1Þ

and

pcðtÞ ¼
P

r2Rc
1 9i 2 rjti ¼ t
� �

Rc

ð2Þ

where δ(a, b) is the Kronecker delta function, which is 1 if a = b and 0
otherwise, and 1(•) is the indicator function that is 1 if any ingredient in the
recipe belongs to type t and 0 otherwise.

Network representations of the data
We represent the data using three different network structures. The first is
the Recipe-Ingredient graph, which is a bipartite graph25 representation of
the recipes of a cuisine c. The node sets of the graph consist of recipes and
ingredients appearing in cuisine c. Specifically, if an ingredient i is part of a
recipe r, an undirected edge connects i to r. The obtained graph is thus
bipartite, as there are no edges inside the two separate sets of ingredients and
recipes. It is straightforward to showthat thedegreedistributionPr(k) for the
recipes coincides with the recipe size distribution Pr(n).

The second representation is the Ingredient-Ingredient graph, defined
as the weighted projection62 of the recipe-ingredient graph on the set of
ingredients I c. A pair of ingredient nodes i and j is connected if there exists
at least one recipe containing both i and j. The weight wij is equal to the
number of recipes of the cuisine that uses both i and j as ingredients.

The third representation is based on ingredient type graphs. To con-
struct the type graph for a cuisine cwe employ the following procedure. For
each recipe rwithin the cuisine, we construct themulti-set63 of type pairs ti, tj
for every unordered pair of ingredients i, j. We then compute the co-
occurrence frequency n(ti, tj) of each type pair ti, tj, across themulti-sets.We
add the undirected edge (ti, tj) to the network, with the edge weightwti;tj

set
equal to the computed co-occurrence frequency. We finally enrich the
network nodes with relative abundance (vt) of the ingredient types, com-
puted as the fraction of recipes that contain at least one ingredient of type t.
Figure 3a–d shows thebackbones of the resulting food typenetworks for 4 of
the 23 worldwide cuisines. Node sizes in the plots represent relative fre-
quencies (vt) of different food types, with larger nodes indicating more
prevalent food categories within a cuisine.

See Supplementary Note 1 and Fig. S7 for a graphical representation.

Classification experiment
The classification experiment comprises 250 repeated classification tasks,
each involving a different data set comprising 23 classes corresponding to
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the different cuisines. Each data point in our dataset is represented as a pair
(X, y), whereX denotes one of the three possible feature representations of a
recipe (type frequency vectors, ingredient type graphs, and their respective
MSTs), and y is the corresponding cuisine label.

For each cuisine, we reserve 85% of the available recipes for training
and leave the remaining 15% for testing. To create the training set, we
follow a systematic sampling approach to ensure a balanced representation
across all classes. For each of the 23 cuisines, we sample 75 recipes from the
85% reserved for training and use these to generate the feature repre-
sentation X, obtaining a data point (X, y) for each of the three feature
representations, with y being the associated class (cuisine) label.We repeat
this process 100 times for each class (cuisine), resulting in three separate
balanced training sets, each containing 2,300 data points (100 samples × 23
classes). For the test set, we use the remaining 15% of recipes to generate a
single datapoint (X, y) for each cuisine, resulting in aminimal balanced test
set of size 23.

We utilize a Support Vector Machine (SVM) classifier for the classi-
fication tasks. For each of the three feature representations, a distinct SVM
model is trained on the corresponding balanced training set. The perfor-
mance of each SVMmodel is then evaluated on the respective test set, which
contains one data point for each of the 23 cuisines.

To ensure the robustness and consistency of our results, the entire
process–data preparation, training set construction, model training, and
evaluation is repeated 250 times. This approach allows us to account for
variability in data sampling and provides a comprehensive assessment of the
classifier’s performance across different feature representations and cuisine
classes.

The performance associated with each feature representation is
quantified in terms of the average test accuracy of the model trained using
that representation across all 250 iterations. We use the standard deviation
of the test accuracy as a measure of the error. This approach allows us to
evaluate the stability and reliability of the classifier’s performance across
multiple iterations and feature sets.

Data availability
The data used in this manuscript are available from the original source
(https://cosylab.iiitd.edu.in/culinarydb/). All scripts supporting the findings
of this study can be found at https://github.com/claudiocaprioli/ingredient-
combination.

Code availability
All scripts supporting the findings of this study can be found at https://
github.com/claudiocaprioli/ingredient-combination.
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