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Abstract 

Background: Food substitutions can be used for improving dietary performance in differ-

ent domains, e.g., human health, environmental impact, affordability or cultural prefer-

ences. However, the criteria to justify food substitutions are often inconsistent and based 

on single nutrients such as maintaining volume, protein, energy or culinary equivalence. 

Such approaches neglect the broader and more complex nutrient profiles that define a 

food’s overall nutritional value. Methods: This study introduced the application of cosine 

similarity to enable comparisons of nutrient profiles of foods based on a multitude of nu-

trients as an important step in food substitutions. Each nutrient was normalized to a frac-

tion of the Reference Daily Intake and represented an axis in a multidimensional space. 

Subsequently, each food in the dataset (n = 927) was turned into a vector in this space, and 

the cosine similarity between each pair of vectors was calculated. The effect of nutrient 

selection was assessed by using six nutrient subsets, differing from 6 to 21 essential nutri-

ents. Results: Cosine similarity provided a quantitative measure of nutrient-profile simi-

larity and revealed similarities across food pairs. For most food categories, we found a 

broad distribution of cosine similarity values, spanning from 0 to 1. The choice of nutrient 

subset shifted the results, highlighting the relevance of including a wide range of essential 

nutrients. Conclusions: We conclude that cosine similarity is a valuable tool in identifying 

similar nutrient profiles, offering a comprehensive and flexible framework, complemen-

tary to nutrient density approaches, for guiding dietary choices across multiple objectives 

without compromising nutritional quality. 

Keywords: cosine similarity; nutrient profile; nutritional metric; food substitution; 

healthy sustainable diets 

 

1. Introduction 

Food substitution plays a central role in contemporary nutrition science, public 

health guidance, and sustainability research. Individuals, institutions, and policymakers 

regularly make decisions that involve replacing one food with another, whether to 
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improve human health outcomes [1,2], reduce dietary costs [1], minimize environmental 

impact [1,3–5], or accommodate cultural and personal preferences [6,7]. A food substitu-

tion approach has the benefit of being comprehensible for policymakers and consumers, 

while also aligning with a “small change approach” that is more feasible and maintainable 

compared to large dietary changes [8], and can therefore play a central role in achieving 

systemic changes toward more sustainable and healthy diets. At the same time, marketing 

claims of “healthier alternatives” require consumers to be equipped with tools that allow 

objective assessment of these claims. Independent of the broader objective, dietary 

changes through food substitutions should maintain the diet’s nutritional quality to meet 

human nutritional requirements, and thus consider foods’ nutritional content. To that 

end, many widely circulated comparisons rely on singular nutritional attributes, such as 

protein content [9] or caloric density [1,5,10], while neglecting the broader and more com-

plex nutrient profiles that define a food product’s overall nutritional value. In addition, 

food comparisons may be kept within the boundaries of food categories, indirectly ex-

cluding the potential of food substitutions beyond food categories, and assuming food 

categories represent nutritional similarity [11]. This has contributed to a landscape in 

which food items that are nutritionally unrelated are frequently considered as though they 

were interchangeable, sometimes leading to distorted conclusions regarding dietary ade-

quacy, healthfulness, or sustainability potential. 

The rise in interest in plant-based diets, climate-friendly food choices, and alternative 

protein sources has intensified this issue. Public discourse frequently compares animal-

based foods with plant-based alternatives using narrow criteria such as “grams of protein 

per serving” [12]. While such metrics can be useful in specific contexts, they do not capture 

the multidimensional nature of human nutrition, which involves a complex interaction of 

macronutrients, micronutrients, bioactive compounds, and, increasingly, considerations 

such as bioavailability. As a result, food substitutions proposed on the basis of limited 

nutrient metrics risk being nutritionally unbalanced and may fail to support intended di-

etary outcomes [13,14]. In parallel, the integration of nutrition in research on sustainability 

and food systems is a recent development, requiring more attention to ultimately make 

food comparisons that weigh in both environmental and nutritional aspects [15]. 

A scientifically rigorous approach for evaluating food product similarity requires ac-

knowledging that foods exist not as single-value entities but as multidimensional nutrient 

vectors. Each food contains a distribution of nutrients, macronutrients, vitamins, miner-

als, fatty acids, and amino acids, that collectively define its role as a nutrient source in the 

diet. Modern food composition databases provide detailed composition data across doz-

ens of nutrients for thousands of foods. But despite the availability of such rich data, meth-

ods for systematically comparing foods across multiple nutritional dimensions remain 

limited and traditional dietary analysis frameworks often stick with categorical classifica-

tions such as “protein foods,” “vegetables,” and “high-fat foods”. 

Cosine similarity, a vector-based metric widely used in fields such as information 

retrieval, machine learning, and natural language processing, offers a promising approach 

for addressing this methodological gap. Although previously applied to find food substi-

tutions for recipes based on similar ingredients [16,17], cosine similarity has not yet been 

applied to the analysis of food nutrient profiles. By calculating the cosine of the angle 

between two multidimensional vectors, the metric can capture the similarity of two nutri-

ent profiles, independent of differences in absolute magnitude. Existing literature on nu-

trient profiling and diet modeling often relies on predefined scoring systems [18], distance 

metrics with strong magnitude dependence [17], or subjective expert classifications [19]. 

Nutrient density scores, which measure the contribution of a food to human nutrient re-

quirements relative to its energy content, are among the most widely used systems to 

evaluate, compare and rank foods for their nutritional value. Cosine similarity, on the 
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other hand, could evaluate the entire nutrient spectrum simultaneously and inde-

pendently of portion size. That is, portion size affects the magnitude of the vector but not 

the relative distribution of nutrients, which makes it unique from, and complementary to, 

existing nutrient density approaches. 

By leveraging cosine similarity, it becomes possible to evaluate whether foods com-

monly presented as substitutes, such as plant-based analogs for meat, grains for tubers, 

or nuts for dairy, are truly nutritionally comparable or whether their similarity has been 

overstated. Thereby, applying cosine similarity to food nutrient composition offers several 

advantages for both research and practical decision-making. First, it enables objective, 

quantitative assessment of how reasonable a proposed substitution is from a nutrient pro-

file standpoint. Second, it minimizes the influence of anecdotal or intuitive assumptions 

that often drive food comparisons in public discourse and marketing. Third, it allows for 

systematic mapping of the “nutrient profile space” of foods, revealing clusters, gradients, 

and unexpected relationships across food categories, with the nutritional space being 

adaptable to match research objectives and data availability. Finally, it provides a tool that 

can complement environmental or economic analyses, allowing researchers to jointly con-

sider nutrient profile similarity and sustainability implications in policy design or con-

sumer guidance. 

The purpose of this paper is to introduce and evaluate the use of cosine similarity as 

a robust quantitative framework for assessing nutrient profile similarity between foods. 

We apply the metric to standardized nutrient composition data to investigate patterns of 

similarity, identify appropriate and inappropriate substitution candidates, and highlight 

the extent to which common food comparisons align, or fail to align, with nutritional re-

ality. We highlight its application with different ranges of nutrients to understand how 

nutrient selection impacts the results. Ultimately, cosine similarity serves as a concept that 

can be modified and adapted to different research aims or policy objectives, based on con-

text-specific and the most recent data. Through this work, we aim to provide researchers, 

policymakers, and consumers with a scientifically grounded tool for making more in-

formed and nutritionally coherent food substitution decisions. 

2. Materials and Methods 

2.1. Nutrient Composition Data and Selection of Foods 

Nutrient composition data for all food items were obtained from the Dutch Food 

Composition database (NEVO v.2025/9.0; RIVM, Bilthoven, The Netherlands), which pro-

vides standardized nutrient profiles per 100 g of edible portion [20]. The NEVO dataset 

contains 2328 unique foods and nutrient profiles for over 130 nutrients, divided into 27 

food categories. NEVO food categories are according to the GloboDiet system which di-

rectly aligns with the methodology applied in the Dutch National Food Consumption Sur-

vey (DNFCS) handled by the National Institute for Public Health and the Environment 

(RIVM) [21].For this study, we focused on essential nutrients exclusively, while nutrients 

to limit were not part of the analysis, as the latter are related to dietary risk factors rather 

than nutrient adequacy and therefore should be considered in a separate broader spec-

trum of dietary risk factors related to diets and foods. We extracted values for 21 essential 

nutrients (Table 1) for each food product in the included food categories (Table S1) for 

which data were available for all of these 21 essential nutrients. 

Table 1. Nutrients included in the similarity calculations and their Reference Daily Intake (RDI); 

crosses (‘x’) indicate the inclusion of a nutrient in one of the six nutrient subsets. 

 Nutrient RDI 1 Nutrient Subset 

   6 9 11 15 19 21 
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Macronutrients Protein 58.5 g x x x x x x 

 Fiber 32.15 g x x x x x x 

 Linoleic acid (LA) 5 g     x x 

 α-linolenic acid (ALA) 2.5 g     x x 

         

Minerals Potassium 3500 mg  x x x x x 

 Calcium 1000 mg x x x x x x 

 Magnesium 325 mg  x x x x x 

 Iron 13.5 mg x x x x x x 

 Zinc 8 mg   x x x x 

 Iodine 150 µg      x 

         

Vitamins Vitamin A 740 µg x x x x x x 

 Vitamin D 10 µg    x x x 

 Vitamin K1 70 µg      x 

 Vitamin E 12 µg  x x x x x 

 Thiamin (B1) 0.95 mg    x x x 

 Riboflavin (B2) 1.6 mg    x x x 

 Niacin (B3) 15.1 mg     x x 

 Vitamin B6 1.5 mg     x x 

 Folate (B9) 300 µg    x x x 

 Vitamin B12 2.8 µg   x x x x 

 Vitamin C 75 mg x x x x x x 

1 RDIs were based on refs [22–25] and reflect a gender average for adults. 

From the NEVO database, a total of 927 food items were included in this study, to 

represent a broad range of commonly consumed items across major food categories. From 

the full NEVO database (n = 2328), alcoholic beverages (n = 41), miscellaneous foods (n = 

18), herbs and spices (n = 51), and foods for special nutritional use (n = 58) were excluded 

as they were considered beyond the scope of this study; i.e., they are not of direct interest 

for food substitutions. Foods that lacked complete data for the 21 nutrients listed in Table 

1 were excluded as well (n = 1233). The complete list of food categories and their corre-

sponding number of food items in each category is presented in Table S1. 

2.2. Nutrient Normalization Based on Reference Daily Intake 

To contextualize nutrient content in relation to dietary requirements, we used Refer-

ence Daily Intake (RDI) values averaged for healthy adult men and women [22–25] (Table 

1). RDIs were used to rescale nutrient content values to create a dimensionless nutrient 

axis for each food, so that differences between nutrients with varying physiological rele-

vance or concentration ranges would not disproportionately influence similarity calcula-

tions. For each food item and each nutrient, we normalized the nutrient content per 100 g 

of food relative to the corresponding RDI value. Specifically, a value of 1 indicates that 

100 g of the food provides 100% of the RDI for that nutrient. Values > 1 indicate that the 

food exceeds the RDI in 100 g, whereas values < 1 indicate lower contributions. Capping 

at 100% of the RDI, to avoid values > 1 indicating that a food item provides more than the 

RDI, was not applied. Capping is most useful when considering foods in the quantities as 

consumed—i.e., portion sizes—and it does not correspond to the nature of cosine similar-

ity being independent of portion size. Furthermore, when capping is applied, a multitude 

of a food’s portions would also provide 100% of the RDI instead of the equivalent multi-

tude of % RDI. 
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2.3. Cosine Similarity Calculation 

Each food item was represented as a vector in a multidimensional nutritional space, 

where each axis corresponded to the normalized RDI-scaled content of a given nutrient. 

Cosine similarity was calculated using six different nutrient subsets to test the robustness 

of similarity estimates to the dimensionality of nutrient profiles. The analyses used de-

fined sets of 6, 9, 11, 15, 19, or 21 nutrients (Table 1). The selection of these subsets was 

based on previous evaluations of nutrient density scores [26–28]. Subsequently, pairwise 

similarity between all food items was computed using the cosine similarity index, defined 

as: 

𝐶𝑜𝑠𝑖𝑛𝑒𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝐴, 𝐵) =
𝐴 ∙ 𝐵

‖𝐴‖ ∙ ‖𝐵‖
  

where A (Ai,…,Ap) and 𝐵 (Bi,…,Bp) are vectors for two foods and 𝐴⋅𝐵 denotes their dot 

product, given by: 

𝐴 ∙ 𝐵 =∑𝐴𝑖 ∙ 𝐵𝑖

𝑝

𝑖=1

  

where Ai and Bi denote the values of nutrient i, and p is the number of nutrients included 

in the analysis. ∥𝐴∥ and ∥𝐵∥ denote the respective magnitudes of vectors, computed as: 

‖𝐴‖ = √∑ 𝐴𝑖
2𝑝

𝑖=1  and ‖𝐵‖ = √∑ 𝐵𝑖
2𝑝

𝑖=1 .  

The calculated cosine similarity ranges from 0 to 1, with values approaching 1 indi-

cating highly similar nutrient patterns and values near 0 indicating low similarity. All 

calculations were performed in R (version 4.5.2; Posit, Boston, MA, USA) via the RStudio 

Integrated Development Environment (version 2026.01.0).  

2.4. Analyses of Results 

As food item pairs are present across food categories, cosine similarities could be 

assessed within (e.g., bananas compared to apples) and between food categories (e.g., ba-

nanas compared to broccoli). The analysis of the results mainly focused on the distribution 

of cosine similarity values, which indicates whether values were homogeneously or het-

erogeneously distributed within the whole dataset or within a food category. In addition, 

three measures were calculated to analyze the distribution of cosine similarities across the 

dataset: S10, S50 and S90 represent the 10th percentile, median and 90th percentile, re-

spectively. Finally, the relative span (RS) of cosine similarities was calculated as: 

𝑅𝑆 =
(𝑆90 − 𝑆10)

𝑆50
  

We applied Uniform Manifold Approximation and Projection (UMAP) in combina-

tion with cosine similarity to visualize the uniqueness of food categories’ nutrient profiles. 

UMAP is a dimensionality reduction tool that turns a multidimensional space into two 

dimensions (V1 and V2), while primarily preserving local neighborhood relationships 

and, to some extent, the broader structure of the data [29]. This enables the creation of a 

visual plot in which each data point represents a food item containing a multitude of nu-

trients, and the distance between data points represents their relative nutrient similarity. 

The x- and y-axes therefore do not represent actual values, as the distances between the 

data points are relative and not absolute. All analyses were performed in R (version 4.5.2; 

Posit, Boston, MA, USA) via the RStudio Integrated Development Environment (version 

2026.01.0). The UMAP was created with the function umap from the R uwot package, with 

a minimal distance of 0.1, a number of neighbors of 15, and “cosine” as the applied metric. 
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3. Results 

3.1. Distribution of Nutrient Vectors 

Figure 1 shows, for each nutrient, how their normalized vectors were distributed 

among all 927 food items in the dataset. It shows that for magnesium and potassium, most 

foods provide between 1% and 10% of the RDI on a 100 g basis. For other nutrients, like 

linoleic acid or vitamin A, the nutrient content among foods has a wider range, with some 

foods providing < 1% of the RDI while others provide up to or above 100% of the RDI. 

Consequently, the choice of including or excluding such nutrients with a wide range will 

affect the cosine similarity values more strongly compared to nutrients with a narrower 

range. Furthermore, quantifying and visualizing the distribution per food category helps 

to understand the characteristics of a food category and can explain its (dis)similarity to 

other food categories (Figures S1–S21). For example, the distribution of calcium is more 

strongly skewed to the right (high % RDI per 100 g) for Cheese compared to Nuts and 

seeds, indicating dissimilarity at the food category level. 

 

Figure 1. Number of foods providing a percentage of Reference Daily Intake (RDI) for the nutrients 

in the 21-nutrient subset (Table 1). Percentages are on a log scale; red lines indicate 100% of RDI. 
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3.2. Cosine Similarity 

Cosine similarity values were generated for all unique food combinations in the da-

taset (927×926/2) across each of the six nutrient subsets, resulting in six pairwise similarity 

matrices. These matrices formed the basis for all subsequent analyses of nutrient profile 

similarity. We first present the results for the subset of 21 nutrients, and in the next section 

compare those results with those obtained by applying the five other nutrient subsets. 

Cosine similarity between food items within individual food categories, i.e., intra-

category comparisons, revealed a high variation with some strong patterns (Figure 2). 

While some food categories show a broad range of cosine similarity values (e.g., Meat 

substitutes and dairy substitutes, Vegetables), others show a stronger peak towards one 

end of the cosine similarity range between 0 (dissimilar; e.g., Non-alcoholic beverages) 

and 1 (similar; e.g., Eggs, Cheese, Nuts and seeds). High variability was also reflected by 

S10, S50 and S90 values, with the lowest RS of 0.05 for Eggs and the highest RS of 2.25 for 

Non-alcoholic beverages. It should be noted that some food categories contained a low 

number of foods, which can also result in a low RS (Table S2). 

 

Figure 2. Distribution of cosine similarities, based on 21 nutrients, for combinations of foods from 

the same food category. Colored areas in each graph represent the number of food combinations at 

that cosine similarity. For the number of products in each food category, see Table S1. 
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While Figure 2 illustrates the distribution within individual food categories, Figure 3 

displays the distribution of cosine similarity values when comparing food items from dif-

ferent food categories (inter-category similarity). For the inter-category similarity, every 

single food item in the 927-product database was compared against every other product 

outside of its own designated food category. Consequently, the distributions in Figure 3 

are notably more diverse and generally shifted toward lower similarity values compared 

to Figure 2. This reflects the nutritional reality that foods from different categories, such 

as Fish, Vegetables, or Fats and Oils, typically possess distinct nutrient profiles that make 

them nutritionally unique relative to the rest of the dataset. However, the inter-category 

analysis also reveals ‘nutritional bridges’ between seemingly unrelated groups. For in-

stance, high cosine similarity values (>0.9) were identified between unexpected pairs, such 

as Brussels sprouts (Vegetables) and kiwifruits or oranges (Fruits). These findings chal-

lenge traditional culinary or material-based classifications and demonstrate how this mul-

tidimensional approach can uncover potentially similar nutrient-profile patterns, like cer-

tain grains for tubers or nuts for dairy, that might otherwise be overlooked. 

 

Figure 3. Distribution of cosine similarities, based on 21 nutrients for combinations of foods from 

different food categories. Colored areas in each graph represent the number of food combinations 

at that cosine similarity. 
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3.3. UMAP Similarity Clusters 

The UMAP reveals some similarity patterns at the level of food categories, as well as 

overlap and clusters of different food categories that indicate potential for substitutions 

with foods from different food categories (Figure 4). Food items positioned at smaller dis-

tances represent more closely related nutrient profiles. For example, products in Cheese 

and in Milk and milk products are strongly clustered, with these clusters also being rela-

tively near to each other. On the other hand, some food categories are widely dispersed 

and occupy a broad dimensional space; i.e., it is unlikely to find substitutions between 

Vegetables and Pastry and biscuits. 

 

Figure 4. Cosine similarity of all foods in the dataset across 21 nutrients, scaled back to two dimen-

sions using UMAP. 
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3.4. Nutrient Subsets 

The number of food combinations with high nutrient profile similarity decreases 

when more nutrients are included in the nutrient subset to calculate cosine similarity (Fig-

ures 5, S22 and S23). Instead, with an increasing number of nutrients included in the sub-

set, the distribution of cosine similarity becomes broader. That is, when considering more 

nutrients in the calculation of cosine similarity, cosine similarity of nutrient profiles 

tended to decrease, although for some food combinations increases were also observed. 

This change in average cosine similarity was observed for all food categories, but some 

food categories were less sensitive to changing the nutrient subset (e.g., Cheese, Milk and 

milk products, Pastry and biscuits). Fats and oils, on the other hand, were most sensitive 

to applying a higher nutrient subset as their nutrient profile was generally more monoto-

nous with mainly high levels of vitamin E, α-linolenic acid, and linoleic acid, and includ-

ing or excluding one of these had a large effect. Furthermore, which nutrient add-ons had 

the largest impact on similarity values differed per food category (Table 2). To illustrate, 

Vegetables were especially sensitive to the inclusion of vitamin K (change from 19 to 21 

nutrients), while Cheese and food categories containing meat were more sensitive to the 

inclusion of vitamin B12 (change from 9 to 11 nutrients). This showcases how using a nar-

row nutrient subset may oversimplify the nutrient profile similarity, especially across dif-

ferent food categories. 

Table 2. Percentage change in average cosine similarity across all foods and within food categories 

when changing nutrient subsets. For nutrient subsets, see Table 1. 

 
Δ 6 to 9  

Nutrients (%) 

Δ 9 to 11  

Nutrients (%) 

Δ 11 to 15  

Nutrients (%) 

Δ 15 to 19  

Nutrients (%) 

Δ 19 to 21  

Nutrients (%) 

Average across all foods −2.4 −1.8 −1.4 −4.5 −7.5 

Bread −9.0 −1.6 1.3 5.3 −6.0 

Cereal products and 

types of flour 
−7.9 −3.5 −1.4 −4.6 −0.8 

Cheese −0.2 −0.5 −0.8 −1.4 −0.2 

Cold meat cuts −1.1 22.6 −2.4 1.4 −0.1 

Eggs −0.5 −0.4 −0.5 0.0 −0.2 

Fats and oils 37.0 −0.1 −1.3 −4.3 0.3 

Fish, crustacean and 

shellfish 
−11.7 7.9 −12.3 −10.0 −8.7 

Fruits 1.4 −0.3 −0.2 −1.2 −3.9 

Legumes −1.8 0.2 −4.1 −3.7 −3.3 

Meat and poultry −2.9 −3.5 −12.8 −4.9 −0.1 

Meat substitutes and 

dairy substitutes 
−13.0 −11.9 −2.8 13.6 −1.5 

Milk and milk products 0.7 1.69 0.9 −1.2 1.6 

Mixed dishes 1.1 −2.62 −1.3 −2.1 −9.8 

Non-alcoholic beverages 2.4 −10.94 −1.8 −1.1 1.5 

Nuts and seeds −6.3 −2.93 −3.1 8.1 −0.1 

Pastry and biscuits −0.5 −1.61 −1.9 1.7 −0.8 

Potatoes and tubers −2.9 −2.35 1.4 −12.6 −0.5 

Savory bread spreads 19.1 −6.68 −0.5 12.2 −2.1 

Savory sauces −6.5 −3.71 −1.3 7.2 −4.4 

Savory snacks −1.7 −2.67 −0.2 6.7 −0.3 

Soups −4.4 −3.61 −1.8 7.0 −1.2 

Sugar, sweets and sweet 

sauces 
−4.4 −1.23 −1.2 2.1 −0.4 
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Vegetables −1.9 −0.27 −1.7 −2.0 −7.5 

 

Figure 5. Distribution of cosine similarity values for combinations of foods from the same food cat-

egory, using different nutrient subsets. Colored areas in each graph represent the number of food 

combinations at that cosine similarity. 

3.5. Example of Cosine Similarity Application to Protein Sources 

To exemplify the practical application of cosine similarity, a selection of protein 

sources from Van Eijsden et al. [30] that represented food items most frequently consumed 

in the Netherlands across ten categories of protein sources was considered. When calcu-

lating the cosine similarity for all possible combinations of these food items based on their 

nutrient content (Table S3), a similarity matrix can be created. This matrix (Figure 6) high-

lights how, for these ten foods, some food combinations have a high similarity for the 21-

nutrient subset, which can indicate their potential for substitutability. For example, pea-

nut butter and soy drink show similar nutrient profiles and can therefore be candidates 

for substitution; this is also applicable to mozzarella cheese with either chicken eggs or 
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semi-skimmed milk. Such a similarity matrix can also indicate which foods are more 

unique in their nutrient profile, in the case of a low cosine similarity with all other prod-

ucts (e.g., chicken fillet). 

 

Figure 6. Cosine similarity matrix calculated using the 21-nutrient subset for a selection of foods 

categorized as “protein foods” and frequently consumed in the Netherlands. Colors indicate the 

strength of similarity, with darker colors being very similar and lighter colors being less similar. 
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4. Discussion 

This study demonstrates that cosine similarity provides a robust and interpretable 

quantitative framework for evaluating similarity of nutrient profiles across foods. Consid-

ering foods as multidimensional nutrient vectors can support moving beyond traditional 

single-nutrient comparisons and ambiguous categorizations and toward a more compre-

hensive assessment of how similar two foods truly are in terms of their nutrient profile. 

The results reveal clear patterns, some confirming expectations (i.e., individual foods 

show a broad diversity in nutritional patterns), others challenging long-held assumptions 

(i.e., that foods within food categories have comparable nutrient profiles), while also rais-

ing important questions about how nutrient profile similarity should be interpreted and 

applied in practice. 

4.1. Interpreting Cosine Similarity in Nutritional Space 

A key insight from this analysis is that nutrient profile similarity is not a binary prop-

erty but exists on a continuum, and cosine similarity effectively captures this continuum. 

Nutrient profiling models, such as Nutrient Rich Food indices (NRF) [31], Nutri-Score 

[32], or the Healthy Eating Index (HEI) [33]have been developed with the aim to condense 

a full nutrient spectrum of a single food into one value. Thereby, nutrient profiling models 

are distinctly different from cosine similarity, and the two measures could be used to-

gether in complementarity. While a nutrient profiling model can, for example, show how 

a serving size of broccoli is as nutrient-dense as seafood or organ meat, it does not show 

that they exhibit a vastly different combination of nutrients. Thereby, in nutrient profiling 

scores, nutrients present in high concentrations may conceal nutrient gaps. Cosine simi-

larity, on the other hand, provides a measure of the similarity in nutrient profiles individ-

ually before combining them into one value. However, while cosine similarity is a first 

step in looking at food substitutions, it is particularly useful when combined with infor-

mation on nutrient content. Cosine similarity does not provide information about nutrient 

quantity, and although, e.g., Food A and Food B may contain nutrients in similar ratios, 

their actual content may vary between the foods. Foods that appear similar based on com-

mon public perceptions of nutrient content, such as “protein sources,” “carbohydrate sta-

ples,” or “healthy snacks”, often exhibit wide divergence in nutrient profiles, whereas 

some foods that are not typically thought of as comparable in terms of nutrient profiles 

show unexpectedly high similarity (Table S4). Even when foods are categorized into food 

categories, they should not be mistaken for being nutritionally similar (Table S5), and our 

dataset showed high variety within food categories. This underscores the need to rethink 

intuitive food groupings and to consider multidimensional nutrient structure rather than 

relying solely on categorical or cultural classifications. 

4.2. Selection of Nutrients 

A further challenge lies in the fact that cosine similarity is sensitive to dimensionality. 

As more nutrients are included, vectors occupy a higher-dimensional space, which 

changes the cosine similarity values that can be reached (Appendix A). While for some 

food combinations it may result in a higher similarity, for other food combinations simi-

larity will be lower. Therefore, the selection of nutrients strongly affects the calculated 

cosine similarity, similar to how the selection of nutrients affects nutrient density scores 

[15]. This is emphasized by a comparison between two potential food substitutes, milk 

and a soy-based drink: a cosine similarity of 1 is calculated based on only protein, while 

considering a similarity of nutrient profiles based on 21 nutrients results in a cosine simi-

larity of 0.27 (Appendix A Table A1). Similarly, when we calculated the cosine similarity 

for milk and a hypothetical product with the same nutrient content as milk while stepwise 
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canceling out one or multiple nutrients at a time, the results show that cosine similarity 

values become more heterogeneous when compared to products with a narrow nutrient 

profile (Appendix A Figure A1). Particularly, this increased heterogeneity, i.e., a broader 

spread of cosine similarity values, is important to consider as it reflects a notable differ-

ence in contribution of individual nutrients to the calculated cosine similarity (Appendix 

A Figure A2). 

4.3. Defining a Cut-Off Value for Nutrient Profile Similarity 

Determining when similarity is “similar enough” for substitution or when similarity 

can be considered “high” or “low” is non-trivial. The metric itself provides no inherent 

cutoff or significance threshold, and similarity magnitudes must be interpreted relative to 

the empirical distribution of nutrient profiles across the dataset. The empirical distribu-

tion of the nutrient profiles reflects the properties of a larger unobserved population (i.e., 

a hypothetical dataset with any existing food item), of which the sample of 927 food items 

would be considered a random sample that represents the food items included in Dutch 

diets. Within the larger population of all existing food items, we would be able to calculate 

the exact distribution of cosine similarities between any particular food item and all oth-

ers. This requires a method to address the probability that a random pair of food items 

would have a cosine similarity greater than or equal to a certain threshold. Because we 

have not observed all food items in the population, our estimate of the probability and the 

interval within which it lies carries uncertainty. Bootstrapping (see Appendix B) allows 

us to estimate this interval within the population, and our choice of threshold should take 

this additional variation into account. With this in mind, the cosine similarity values of 

0.78 and 0.86 yielded thresholds such that, respectively, 90% and 95% of cosine similarities 

are below these cutoffs. 

4.4. Implications for Nutritional Guidance and Dietary Substitution 

One of the clearest applications of nutrient profile-based cosine similarity lies in eval-

uating the appropriateness of food substitutions, a practice that is central to diet planning, 

nutritional counseling, and increasingly, environmental sustainability assessments [2–

7,9,10]. Many widely promoted substitutions, such as replacing animal-source foods with 

plant-based alternatives, or substituting one grain product for another, assume a level of 

nutritional equivalence that the data do not always support by using weight or portion 

size as the substitution unit [9]. Even substitutions based on single nutrients can lead to 

micronutrient deficits at the diet level [34]. Previous studies have applied cosine similarity 

to find food substitutions based on similarity in ingredients, but those were closely linked 

to food categorization [16,17], i.e., identifying foods or ingredients with similar properties 

such as texture, flavor, function or nutrient content, to replace foods or ingredients in a 

meal or recipe. At the same time, plant-based alternatives are often considered as one food 

category while they are in fact highly heterogeneous in nutrient profiles, both qualita-

tively and quantitatively [35]. Our results indicate that foods often differ across a wide 

range of micronutrients, even when they serve similar culinary roles or provide similar 

amounts of a single macronutrient such as protein or carbohydrates. Conversely, cosine 

similarity can highlight overlooked substitution opportunities. Based on what we ob-

served for food categories, we hypothesize that foods that fall into different cultural or 

culinary categories may also share highly similar nutrient profiles and could serve as via-

ble alternatives in nutrient-based diet modeling. Incorporating these insights could im-

prove the design of nutritionally adequate, culturally adaptable, and economically acces-

sible diet plans. This is particularly relevant in settings where nutrient-rich food availabil-

ity or affordability is limited, such as low-income regions or humanitarian contexts, lim-

iting the opportunities for nutritionally equal substitutions [36]. 
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4.5. Applications of Cosine Similarity 

4.5.1. Application in Sustainable Diet Design and Environmental Assessment 

Sustainability is a domain where nutrient profile-based cosine similarity offers sig-

nificant value. Until recently, studies have compared foods solely based on environmental 

indicators, such as greenhouse gas emissions, land use, or water footprint, or based on 

singular nutritional indicators, such as protein content or energy [15,37]. This can lead to 

misleading claims for sustainable diets when foods with vastly different nutrient profiles 

are treated as interchangeable based on narrow metrics alone, and sustainable diets end 

up with incomplete nutrient profiles. The integration of environmental and nutritional 

aspects is a relatively new development that needs to be advanced. Although existing nu-

trient profiling models, such as the NRF indices, provide a metric for nutrient content or 

density, they do not allow for comparability among a broad variety of foods and therefore 

do not substantiate choices of food substitution. By complementing these metrics with a 

quantitative estimate of nutrient profile similarity, researchers can better align environ-

mental assessments with the actual nutritional roles that foods play in the diet. For exam-

ple, modeling climate-friendly diets based on “protein per kilogram” or “calories per hec-

tare” may be insufficient if the foods differ substantially in micronutrient content [35]. 

Cosine similarity provides a means to guide environmental substitutions and limit the 

risk of creating micronutrient gaps [38,39]. In this context, cosine similarity can contribute 

to the development of nutrition-sensitive environmental assessments, bridging two fields 

that are often analyzed independently. 

4.5.2. Product Development and Reformulation 

The food industry can also benefit from cosine similarity, particularly in product de-

velopment and reformulation [40]. When creating alternatives designed to mimic the nu-

tritional role of existing products, such as the design of plant-based analogs of dairy or 

meat, cosine similarity can serve as an objective measure of nutritional fidelity. Develop-

ers can quantify how closely a new product matches the nutrient profile of its reference 

product, identify specific nutrient gaps, and track improvements across successive formu-

lations. Moreover, cosine similarity could support regulatory frameworks and labeling 

standards by providing transparent, reproducible criteria for when two foods can be de-

scribed as nutritionally comparable. 

4.5.3. Public Communication and Countering Unsubstantiated Comparisons 

A recurring motivation for this work is the prevalence of misleading or unsubstanti-

ated comparisons between foods in public discourse, as well as the recurrence of mislead-

ing information and claims, or food-related “fake news”. Popular media, advocacy 

groups, and sometimes even scientific publications occasionally highlight contrasts based 

on single nutrients, such as protein or iron, or calories, that oversimplify the broader nu-

tritional context [41]. Furthermore, there is growing concern about information and claims 

on food packages that can mislead consumers, often related to sugar, fat, protein or fiber 

content [42]. Cosine similarity offers a clear, data-driven way to counter such narratives 

by providing a more holistic measure of nutrient profile relatedness. It allows communi-

cators, educators, and policymakers to demonstrate the nutritional differences in substi-

tutions, contributing to more accurate public understanding of nutrition. 

4.6. Methodological Considerations and Future Directions 

This study was a first exploration of using cosine similarity to identify similar nutri-

ent profiles between food items. Its practical application can benefit from further improve-

ment by, on the one hand, exploring how other food characteristics can be included and, 
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on the other hand, further validation of the method. While cosine similarity was shown to 

be powerful in the way it was formulated here, it does not capture all aspects of nutritional 

quality. It evaluates pattern similarity, not nutrient density, which means two foods with 

similar nutrient distributions but different magnitudes require additional interpretation. 

Future work may therefore combine cosine similarity with absolute nutrient adequacy 

assessments. Furthermore, the formulation and application of cosine similarity are not 

fixed to what is presented in this study. Instead, it is flexible and can be extended or 

adapted by using other nutrients or food characteristics in the mathematical computation. 

Promising extensions include incorporating bioavailability, amino acid profiles, and non-

nutrient bioactive compounds, which are not fully represented in most standard nutrient 

databases or nutrient models. This implies that the cosine similarity formulation can also 

be adapted to the needs of a population, e.g., including nutrients for which RDIs are not 

met, or applying gender- or age-specific RDIs. Additionally, applying the framework to 

dietary patterns rather than individual foods could help identify nutritionally equivalent 

meal patterns or substitution pathways relevant to dietary transitions. Focusing on single 

substitutions could thereby help with dietary changes that are acceptable for consumers. 

Finally, the integration of cosine similarity with economic and environmental metrics 

could help establish multidimensional comparability frameworks that jointly consider nu-

trition, cost, and sustainability, an area of growing importance in global food system re-

search. 

5. Conclusions 

This paper introduced the use of cosine similarity as a robust quantitative framework 

for assessing nutritional similarity between foods. By applying cosine similarity to a large 

food composition database, the main takeaways from the results were that nutrient profile 

similarity between individual foods exhibits a broad range, both for foods from the same 

food category and from different categories. Thereby, cosine similarity can reveal similar 

nutrient profiles that would otherwise remain undetected. Moreover, the selection of nu-

trients for calculating nutrient profile similarity has an impact on the final value that is 

not consistent across food combinations, indicating how comparisons between foods can 

be oversimplified when based on a narrow set of nutrients. This emphasizes how cosine 

similarity, with its flexibility to be adapted to the context, can benefit from including ad-

ditional food aspects such as bioavailability, protein quality, or digestibility. While other 

tools and models focus on calculating a single value for a food’s absolute nutrient content, 

cosine similarity is a tool to capture the nutrient profile of two foods irrespective of the 

amounts that are compared. This paper illustrated how cosine similarity, as a scientifically 

grounded and complementary tool, can be useful for researchers, policymakers, and even-

tually consumers to make better-informed and nutritionally coherent food substitution 

decisions. 
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Appendix A. Impact of Nutrient Selection for Calculating Cosine Simi-

larity. 

To better understand the impact of the nutrient selection for calculating cosine simi-

larity, additional analyses were performed using cow’s milk as an example. Firstly, the 

cosine similarity between milk and soy drink was calculated for a single nutrient (protein) 

and then adding one nutrient at a time until the full subset of 21 nutrients was reached 

(Table A1). The results indicated how cosine similarity decreases when more nutrients are 

considered. 

Table A1. Cosine similarity values between Cow’s milk and Soy drink when adding nutrients to the 

calculation one-by-one; values represent the nutrients already included plus the nutrient listed. 

Nutrient Subset Nutrient %RDI per 100 g Cosine Similarity 

  Cow’s milk † Soy drink *  

6 

Protein 5.8 5.8 1 

Fiber 0.0 1.9 0.95 

Calcium 12.3 1.7 0.63 

Iron 0.0 3.7 0.55 

Vitamin A 2.2 0.0 0.54 

Vitamin C 1.3 0.0 0.54 

9 

Potassium 4.6 4.3 0.60 

Magnesium 3.7 5.5 0.62 

Vitamin E 0.0 3.3 0.59 

11 
Zinc 5.1 4.4 0.64 

Vitamin B12 16.1 0.0 0.45 

15 Vitamin D 0.0 0.0 0.45 
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Thiamin (B1) 4.2 2.1 0.47 

Riboflavin (B2) 11.3 1.3 0.46 

19 

Folate (B9) 2.2 4.6 0.46 

Niacin (B3) 0.7 1.3 0.46 

Vitamin B6 2.2 3.5 0.47 

Linoleic acid (LA) 0.4 18.0 0.29 

α-linolenic acid (ALA) 0.4 4.8 0.28 

21 
Iodine 9.9 0.7 0.28 

Vitamin K 0.4 6.9 0.27 

† semi-skimmed; * without sugar, not fortified. 

Secondly, the 21-nutrient subset was used as the basis, i.e., using milk’s nutrient con-

tent for the 21 essential nutrients. Subsequently, milk was compared to a hypothetical 

product with the same nutrient content, canceling out one nutrient at a time for each co-

sine similarity calculation. Thereby, the first step covered 21 cosine similarity values of 

milk vs. milk -1 nutrient, the second step covered 209 cosine similarity values of milk vs. 

milk -2 nutrients, etc. For each step, the mean cosine similarity was calculated and plotted 

against the number of nutrients removed (Figure A1). This showed a clear trend that the 

spread/heterogeneity of cosine similarity values increased when more nutrients were re-

moved from the hypothetical product. Thus, if products tend to have a one-sided nutrient 

profile, cosine similarity with other products tends to be lower and more varied. Further-

more, the nutrients with the highest impact on cosine similarity could be identified, show-

ing that for milk, at least vitamin B6, calcium and riboflavin/B2 should be included to have 

the most accurate representation of cosine similarity (Figure A2). 

 

Figure A1. Mean and range of cosine similarity values between milk and a hypothetical product 

with the same nutrient content as milk while stepwise canceling out one or multiple nutrients at a 

time. 
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Figure A2. Mean cosine similarity between milk and a hypothetical product with the same nutrient 

content as milk while stepwise canceling out one or multiple nutrients at a time; the mean is calcu-

lated across all cosine similarity values when the considered nutrient was excluded. 

Appendix B. Defining a Similarity Threshold. 

From the dataset of cosine similarity values between 927 individual foods, 100 boot-

strap samples were taken. For each replicate, the empirical proportion of cosine similarity 

values exceeding a threshold T was calculated as the proportion of all possible pairwise 

cosine similarities in the bootstrap replicate. This calculation was repeated for each of the 

101 potential values ranging from T = 0.00, 0.01, 0.02, …, 1.00. Across the bootstrap repli-

cates, the empirical mean of the proportions represents the estimated probability that a 

cosine similarity value exceeds the threshold T in the population; we also get from this a 

confidence band at each threshold, as illustrated in Figure A3. The average of the curves 

across the bootstrap replicates was used as a lookup table. 
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Figure A3. Bootstrap probabilities that observed cosine similarity exceeds the threshold, T. 
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