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Abstract

Background: Food-based dietary guidelines (FBDGs) provide recommendations on diets that aim to decrease disease risk and environmental impact, while remaining culturally acceptable for the population. Using mathematical optimization to define such diets, these objectives can be operationalized as components of the objective function.

Objectives: To 1) derive an indicator that quantifies diet-related disease burden and 2) evaluate different weighting schemes within a three-dimensional diet optimization model.

Design: To address objective 1), disability-adjusted life years (DALYs) from the Global Burden of Disease Study (GBD) and a diet-specific burden estimate based on observational data were transformed into a model-compatible indicator using linear interpolation. To address objective 2), a linear diet optimization model was developed. It included constraints on nutrients and acceptability, and a three-objective function that minimized disease burden (DALYs), environmental impact (greenhouse gas emissions and land use), and, as a proxy for cultural acceptability, deviation from the observed diet. Forty-two model variations with different weighting schemes were computed and compared regarding component outcomes.

Results: In proof-of-concept analyses, the derived health indicator aligned closely with values reported in the literature: 90% (based on GBD) and 99% (based on the observational data) of diet-related DALYs were captured. Among the 42 model variations, strong synergies were observed between health and environmental outcomes. Optimizing exclusively for disease burden or environmental impact resulted in substantial deviations from the observed diet, underscoring the importance of considering cultural acceptability. Model stability improved with the inclusion of all three components.

Conclusion: The proposed methodology enables the integration of DALYs and provides insights about various weighting schemes to establish a diet optimization model that minimizes disease burden, environmental impact, and deviation from the observed diet, and serves as the basis to derive FBDG for Germany.
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Popular scientific summary


	Diet optimization integrates different indicators simultaneously and is therefore a useful tool when deriving food-based dietary guidelines.

	Our optimization model’s objective function considers diet–health relations, environmental impact, and deviation from the observed diet.

	To integrate diet–health relations, we developed a quantitative health indicator using disability-adjusted life years.

	Systematic analyses revealed synergies between health and environment, which had high correlations. Model stability was increased when including indicators which had lower correlations to others, and multiple indicators.



The promotion of public health is a core objective of food-based dietary guidelines (FBDGs) (1–3). From a physiological perspective, both the fulfilment of nutrient requirements and the intake of health-promoting foods contribute to human health. To identify which foods are associated with an increased or decreased risk of developing non-communicable diseases, epidemiological studies analyze diet–health relations (4, 5). Subsequently, systematic reviews of such studies can be used to inform FBDGs about optimal food intake levels (6), an approach recently utilized in the Nordic Nutrition Recommendations (7).

The food system is responsible for approximately a third of global greenhouse gas emissions (GHGEs) (8); therefore, minimizing the environmental impact of diets is increasingly recognized as an integral part of developing FBDGs (9–12). In addition, the successful implementation of FBDGs at the population level requires consideration of current dietary patterns to ensure cultural acceptability (2, 13). Consequently, mathematical optimization has gained acceptance as a novel approach for deriving FBDGs. Such optimization models consist of an objective function that identifies the optimal solution within a space defined by constraints (14). These models allow for the simultaneous consideration of multiple objectives, including health promotion, respecting population-specific dietary habits, and reducing the environmental impact of food consumption (14, 15).

However, while nutrient adequacy is often included in diet optimization models as a determinant of human health, diet–health relations are rarely operationalized. Few studies have considered recommended food group quantities from national FBDGs as constraints (15–17). Yet, a quantifiable health indicator should be assigned to the decision variables to enable the dynamic identification of optimal solutions across the various dimensions. The Global Burden of Disease Study (GBD) provides such data by establishing the concept of disability-adjusted life years (DALYs). DALYs for dietary risk factors have been obtained from several systematic reviews of epidemiological studies examining diet–health relations (5, 18, 19). There are also first concepts for using DALYs as a health indicator in diet optimization studies (20–22).

So far, diet optimization approaches have most often relied on single-objective functions, typically aiming to minimize deviation from population-specific observed dietary patterns (16, 23). Few studies have attempted to formally integrate multiple sustainability dimensions as a complex multi-objective function (20, 24–28). Given that the simultaneous minimization of disease burden, environmental impact, and dietary changes is required when developing FBDGs, we operationalized these requirements in the present study as three components in the objective function to enable a flexible trade-off solution (24).

In the context of revising the German FBDG based on an optimization model, a transparent description of the arguments for several methodological decisions is warranted. In this article, we describe the extension of our previous optimization model’s objective function (29) by incorporating health and environmental indicators into the objective function. We present an easy-to-use procedure to derive a dynamic indicator for diet–health relations, and systematically investigate the weighting of components within the objective function of an optimization model to identify trade-offs and synergistic effects.

Methods

Basic model features regarding dietary intake and nutrients

The optimization model applied in this study builds on a previously developed framework, in which we examined the use of a hierarchical food coding system, the mathematical structure of the objective function, and alternative sets of nutrient goals (29). Decision variables were defined using the European Food Safety Authority’s (EFSA’s) FoodEx2 classification system (version MTX 12.1, exposure hierarchy (30)). The list of decision variables (n = 255, level 3) and the matching of food groups to FoodEx2 food codes have been described in detail previously (29).

Dietary intakes for German adults (18–65 years) were retrieved from EFSA’s Comprehensive European Food Consumption Database (31, 32). These data are based on the most recent German National Nutrition Survey II (NVS II) (2005–2007), which utilized two non-consecutive 24-h dietary recalls from 10,419 men and women (33, 34). Results were weighted for age, sex, residential area and other socioeconomic factors that may cause deviations from the average adult German population (35). For database compilation, observed dietary intakes were used as weighting factors to calculate nutrient and environmental indicator values for aggregated food groups, as required for the selected optimization level (14, 29).

In view of the absence of evidence defining specific targets for the magnitude of deviation from observed dietary intakes (29), this aspect was incorporated as one component of the objective function. We selected a linear function (Simplex) that minimized relative deviations from observed dietary intakes (29), which led to optimized dietary intakes with changes that were proportional to the habitually consumed food group quantities (i.e. larger changes in drinking water, smaller changes in legumes). The following formula was used in the objective function to minimize the deviation from the observed diet:
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where n is the number of food groups (decision variables) from the observed diet, [image: FNR-70-13758-i1.jpg] is the observed dietary intake of food group i, and [image: FNR-70-13758-i2.jpg] is the optimized quantity of the food group i. As described previously (29), acceptability constraints were set at the 5th and 95th percentiles of the observed intakes to avoid unrealistic optimized dietary intakes.

For the nutrient composition and energy content, the German nutrient database Bundeslebensmittelschlüssel (BLS) version 3.02 (36) was used; for free sugars, the LEBTAB database (37) was used. Nutrient goals were based on German dietary reference values (DRVs) for adults (18–65 years, normal weight with moderate physical activity level of 1.4, recommended intakes were used if available) (38) and EFSA’s tolerable upper intake levels for nutrients (39). Nutrients with limited data quality (iodine, fluoride, copper, and manganese) and vitamin D were excluded from nutrient goals. The applied nutrient goals and mathematical implementation have been described in detail previously (29).

Establishing an indicator for diet–health relations

For modelling diet–health relations, a combination of two different data sources was used. We selected recent data regarding dietary risk factors from the Global Burden of Disease Study 2021 (GBD) (18, 40) (Supplementary Table 1), and data from a diet-specific burden estimate based on observational data by Schwingshackl et al. (19) (SCH) (Supplementary Table 2). Data on the following dietary risk factors were used: a diet low in fruits, vegetables, legumes, whole grains, nuts and seeds, milk (GBD) or dairy (SCH), fish (SCH only), and a diet high in refined grains (SCH only), eggs (SCH only), red meat, processed meat, and sugar-sweetened beverages. The following diet-related disease endpoints were considered: GBD included among others cardiovascular disease, type 2 diabetes mellitus, and cancer, while the SCH analysis included coronary heart disease, stroke, type 2 diabetes mellitus, and colorectal cancer. Food groups that were part of the habitual diet, but for which no DALYs were available (alcoholic beverages, coffee and tea, composite dishes, drinking water, fruit and vegetable juices, potatoes, poultry, seasoning and sauces, spreadable fats, sweets, vegetable fats and oils) were assigned a neutral value (i.e. 0), since the optimization algorithm cannot work with missing values. Although GBD also contains DALYs on nutrient intakes, such as a diet low in calcium or high in salt, we limited our analysis to food-based data.

DALYs originate from complex calculations based on dose-response meta-analyses (4, 5, 18, 19), which result mostly in nonlinear risk relations. These nonlinear functions were used to derive the theoretical minimum risk exposure level (TMREL), which is defined as the exposure level of a risk factor associated with the lowest disease risk at the population level (41, 42). For the ideal intakes as TMRELs, we used one data point per food group (Table 1, column 5) to keep the data presentation clear. For each food group, we chose the TMREL that in the following conversion best reflected the current proportions between the food groups. For example, for the risk factor ‘diet low in whole grains’, the lowest disease risk was at an intake of 119 g/day of whole grains (19).




Table 1.Total DALYs associated with too high or too low consumption of different food groups for Germany, DALYs per 100 g of food i, and DALYs for Germany based on the observed diet and a theoretical ideal diet (TMREL)


	
	Diet-related DALYs from two data sources
	Data points for the linear interpolation
	Results and application of the health indicator (GBD)
	Results and application of the health indicator (SCH)



	Dietary risk factor/food groupa
	GBD (40)
	SCH (19)
	[image: FNR-70-13758-i3.jpg], mean intake in g/day
	[image: FNR-70-13758-i4.jpg], TMREL in g/day (Source)
	Difference [image: FNR-70-13758-i5.jpg] in g/day
	DALYs per 100 g of food group i
	Observed diet
	TMREL diet
	DALYs per 100 g of food group i
	Observed diet
	TMREL diet





	Diet low in vegetables
	267,977
	250,022
	91
	375 (19)
	−284
	−94,490
	−86,360
	−354,337
	−88,159
	−80,574
	−330,595



	Diet low in fruits
	325,255
	239,448
	154
	300 (5, 54, 55)
	−146
	−222,444
	−342,077
	−667,331
	−163,760
	−251,832
	−491,281



	Diet low in legumes
	189,749
	245,000
	5
	122 (19)
	−117
	−162,063
	−7,968
	−197,717
	−209,252
	−10,288
	−255,288



	Diet low in nuts and seeds
	74,787
	428,131
	5
	25 (5, 56)
	−20
	−367,445
	−17,074
	−91,861
	−2,103,493
	−97,742
	−525,873



	Diet low in whole grains
	415,671
	586,353
	12
	119 (19)
	−107
	−390,079
	−48,523
	−464,194
	−550,252
	−68,447
	−654,800



	Diet high in refined grains
	n.a.
	18,796
	222
	0 (19)
	222
	n.a.
	n.a.
	n.a.
	8,483
	18,796
	0



	Diet low in dairy
	n.a.
	132,375
	196b
	355 (19)
	−159
	n.a.
	n.a.
	n.a.
	−83,408
	−163,724
	−296,099



	Diet low in milk
	51,096
	n.a.
	196b
	355 (19)
	−159
	−32,195
	−63,197
	−114,292
	n.a.
	n.a.
	n.a.



	Diet high in eggs
	n.a.
	9,398
	12
	0 (19)
	12
	n.a.
	n.a.
	n.a.
	80,965
	9,398
	0



	Diet low in fish
	n.a.
	276,991
	15
	131 (19)
	−116
	n.a.
	n.a.
	n.a.
	−239,106
	−36,239
	−313,229



	Diet high in red meat
	328,075
	81,679
	42
	0 (56)
	42
	787,702
	328,075
	0
	196,109
	81,679
	0



	Diet high in processed meat
	380,748
	274,629
	52
	0 (19)
	52
	726,060
	380,748
	0
	523,699
	274,629
	0



	Diet high in sugar-sweetened beverages
	74,494
	339,963
	144
	0 (19)
	144
	51,760
	74,494
	0
	236,213
	339,963
	0



	For ease of presentation, all values are rounded to integers. The reported sums of the dietary risk factors’ DALYs (sum of column 2 and sum of column 3) overestimated the diet-related burden slightly compared with the literature, since the latter was adjusted for synergetic effects. For the calculation of observed dietary intakes (column 4), we used the German National Nutrition Survey II (NVS II) (adult population, see Methods). Columns 7 and 10 show the results for DALYs per 100 g of food group i (the health indicator) for GBD and SCH data, respectively. Columns 8 and 9 (GBD) and columns 11 and 12 (SCH) show proof-of-concept tests, where we multiplied the health indicator by either [image: FNR-70-13758-i6.jpg].
aMapping between FoodEx2 food groups and food groups for DALYs is shown in Supplementary Table 3.
bThis value includes dairy products and milk.





Assuming that the observed dietary intakes correspond to diet-related DALYs ([image: FNR-70-13758-i7.jpg]), and that optimal dietary intakes (TMREL) correspond to zero DALYs ([image: FNR-70-13758-i14.jpg] → 0 DALYs), we used linear interpolation to calculate the DALYs corresponding to any food’s i dietary intake level being optimized (see formula below and for an example, Fig. 1, Results section). The linear function used to model DALYs to dietary intakes of each food group was as follows:

[image: FNR-70-13758-E2.jpg]

Fig. 1.Visualization of the number of DALYs that could be avoided with increasing whole grain intake (according to SCH data (19)).

[image: FNR-70-13758-F1.jpg]

Data for DALYs were only available for aggregated food groups at higher FoodEx2 levels. To obtain data for the food groups on lower aggregation levels (e.g. pome fruits as a decision variable), the DALY value from the respective upper level (e.g. fruits) was assigned to each food group on lower levels using the hierarchical structure of FoodEx2.

As the derivation of DALYs was based on a theoretical ideal (TMREL), the associated optimal consumption values could not be set as specific targets (i.e. in the form of constraints). For example, it is unrealistic, and probably even unnecessary, to set the intake of unfavorable foods to 0 g/day. Instead, it is more realistic to minimize the diet-related disease burden. This procedure leaves room to account for other relevant characteristics of foods, such as nutrient density or environmental impact. The following formula shows the health component (DALYs from GBD and SCH) of the objective function:

[image: FNR-70-13758-E3.jpg]

where α and β are weighting factors (α + β = 1) for DALYsGBD i and DALYsSchw i (the DALYs according to either GBD or SCH for a food group i) and [image: FNR-70-13758-i8.jpg] and [image: FNR-70-13758-i9.jpg] are the total number of DALYs associated with the observed diet from GBD and SCH, respectively. For food groups with positive health impact, no significant further health improvements would be expected beyond TMREL (38); therefore, the model was adapted so that once this ideal intake level of a food group i was achieved, the model could still increase the food group’s quantity, but not reduce further DALYs through that food group.

Environmental indicator data

To integrate environmental impact into the optimization model, a European database of the environmental sustainability of diets, the SHARP Indicators Database (SHARP-ID), was used (43, 44). It comprises a list of 944 FoodEx2 food groups and life cycle assessment data on two indicators, GHGEs in kg CO2equivalents/kg and land use in m2/year/kg. The data encompass the whole life cycle of a food from production to transportation and packaging, and, if applicable, food preparations such as energy for cooking, and food waste. To calculate GHGE and land use impacts of food groups aggregated at a higher level (in this study level 3, which provided the decision variables), data were weighted according to dietary intakes of lower-level food groups.

To operationalize reductions in environmental impact, constraints such as planetary boundaries (45), European emission reduction goals (46), progressive reductions (e.g. a 50% reduction of GHGEs) (47, 48), or the restriction of food groups related to higher environmental impacts (17) can be used. However, to find the diet with the least environmental impact, the environmental impact should be part of the (multi-) objective function (49, 50). We as well operationalized the environmental impact as one component of our objective function:

[image: FNR-70-13758-E4.jpg]

where γ and δ are weighting factors (γ + δ = 1) for GHGEs and land use, respectively; GHGEi and land usei are the environmental impact for a food group i; and GHGEObs and land useObs are the total amount of GHGEs and land use in the observed diet, respectively.

Objective function with three components

The objective function aims to minimize Fmulti, the weighted sum of the three components (diet–health relations [health], environmental impact [ENV], and deviations from observed dietary intakes [OBS]). The mathematical formula of the objective function was as follows:

[image: FNR-70-13758-E5.jpg]

where Whealth + WENV + WOBS = 1.

To allow the objective function to process each component equally, the components health, ENV, and OBS were standardized (i.e. expressed as a percentage of their observed diet value). Further, to ensure comparability of the health component with the other two components in the objective function, the values of the indicator DALYs/100 g food i (DALYsi) were transformed into positive values only (transformed indicator DALYstrans(i)), while keeping the same relative distances among the negative values (< 0 for DALYsi, (NEG)), as well as among the positive values (> 0 for DALYsi, (POS)). To achieve this, negative values were transformed to obtain 1 as a new lowest value. Positive values were transformed considering the distance between the lowest positive value and the highest value among negatives values (the value closest to 0) from DALYsi. To transform null values, the positions of the original null value between the highest negative and lowest positive DALYsi value were identified, and transformed values were assigned based on that range.

[image: FNR-70-13758-E6.jpg]

where low(NEG) is the lowest value from DALYsi, low(POS) is the lowest positive value, high(NEGtrans) is the highest transformed, originally negative, DALY values, and high(NEG) is the highest value (closest to 0) among negatives values from DALYsi.

Analysis

First, as proof-of-concept, derived indicators of diet–health relations (DALYs/100 g of food group i) were used to calculate reductions in the disease burden (DALYsred) of a diet consisting of 1) the ideal intake values (TMREL) and 2) the observed intakes x of each food group i:

[image: FNR-70-13758-E7.jpg]

We hypothesized that these health indicators would be suitable for use in the optimization algorithm, as well as to calculate DALYsred of the optimized diets, if the number of DALYs for both tests was comparable to those in the literature.

Second, to study the impact of different weightings of the three components in the objective function, one of the components was fixed to around one-third of the total weighting (35%), while the weightings of the other two components were increased and decreased incrementally by 5%. GHGEs and land use, as well as DALYs from GBD and SCH, were equally weighted within their component of the objective function. Acceptability and nutrient constraints were the same across all models. To study how the models performed using the different weightings for the three components, we compared the following outcomes:


	the relative reduction of DALYs (mean of SCH and GBD data, output of the model which includes data from food groups with neutral values for DALYs);

	the relative reduction of environmental impact (mean of GHGEs and land use);

	and the average relative change per decision variable from observed to optimized dietary intake quantities (see previously reported formula (26)).



To investigate the influence of the correlations between health, environment and observed diet, as reflected by their indicators, on optimization results, we ran Pearson’s product-moment correlation tests using the R function cor.test. We ran a correlation analysis between the mean of GBD and SCH and the mean of GHGEs and land use to analyze the relation between health and the environment. Next, we ran a correlation analysis between those means and mean dietary intakes to assess how health and environmental factors were associated with the observed diet. Finally, we calculated the correlation between GBD and SCH indicators and GHGEs and land use.

Lastly, sensitivity analyses were conducted to test the robustness of the results regarding the weighting of the components and their indicators. In the beforementioned analyses, each indicator (GHGE and land use; GBD and SCH) had a weighting of 50%, and the health and environmental results were averaged across indicators. First, we calculated one-dimensional models, with each minimizing only one component (Whealth WENV or WOBS = 1). Second, we studied the impact of different weightings of the indicators of the components: GBD and SCH for health, and GHGEs and land use for the environment. In both a one-dimensional model (Whealth or WENV = 1) and a multi-dimensional model (Whealth = 0.35 WENV = 0.35, and = WOBS 0.3), we tested variations in which both health- and environment-related indicators were included equally, and variations in which only one indicator was selected at a time. Although other combinations of weighting schemes are possible, we decided to test the most diverse.

The models were run in R version 4.1.3 (51), with a custom package using the ROI (R Optimization Infrastructure) package version 0.3–3 (52) and lpsolve (53). The data were stored and managed with MySQL Workbench version 8.0.

Results

Operationalizing diet–health relations: Testing the derived indicators

In our model, DALYs constituted the health component in the objective function and were composed of two indicators from two independent sources, as described in Table 1. The first two columns show the originally published DALYs ([image: FNR-70-13758-i10.jpg]) from GBD (40) and SCH (19). These sources largely agree on the magnitude of DALYs associated with too high or too low consumption of particular food groups, except for nuts and seeds, sugar-sweetened beverages, and red meat.

In Table 1, columns 4 and 5 show observed intakes [image: FNR-70-13758-i11.jpg] (NVSII) and ideal intakes [image: FNR-70-13758-i12.jpg] for each food group. The positive and negative values for the differences between observed and ideal intakes in column 6 mathematically represent the food groups for which intakes need to be either increased (e.g. vegetables, which had an observed intake 284 g/day lower than the ideal intake) or decreased (e.g. processed meat, which had an observed intake 52 g/day higher than the ideal intake).

One objective of our study was to unravel whether the calculation of DALYs using linear interpolation was reliable when determining the health impact of various optimized diets. In theory, the sum of DALYs for the ideal diet (TMREL intakes) should 100% offset the sum of DALYs linked to the observed diet, since the implementation of the ideal diet would theoretically eliminate disease burden represented by DALYs. In our case, this would mean a negative number in the same magnitude as the total of [image: FNR-70-13758-i13.jpg] (GBD (40): 2,107,851 [sum of column 2]; SCH (19): 2,882,784 [sum of column 3]). Our analysis revealed that similar reductions in DALYs were achieved as reported in both GBD and SCH studies: for GBD, the ideal diet resulted in a 90% decrease in the diet-related disease burden (−1,889,733 DALYs, sum of column 9) and for SCH, the ideal diet resulted in a 99% decrease (−2,876,166 DALYs, sum of column 12).

The sum of calculated DALYs for the observed diet should ideally be 0, which would show that the calculated health impact did not deviate from the sum of DALYs for dietary risks in Germany. For GBD, the observed diet summed up to 218,118 DALYs (sum of column 8), which corresponds to 10% of the total burden reported in the literature (40). For SCH, the observed diet resulted in 15,618 DALYs (sum of column 11), which corresponds to 1% of the total burden (19).

As an illustration, Fig. 1 shows how the observed intake of whole grains (12 g/day, Table 1) is related to the number of DALYs (i.e. 586,353 DALYs for SCH, Table 1); the ideal intake of 119 g/day (Table 1) is related to 0 DALYs. These two data points were used to extrapolate the DALYs related to any given intake (for the formula, see Methods). For integration into the optimization model’s database, DALYs per 100 g of a food group (for whole grains, −550,252 DALYs, Table 1) were calculated.

The effects of weighting schemes for health, the environment, and the observed diet on indicator results

Figure 2a–c shows the results of models with fixed weightings of 35% for health (Fig. 2a, models (M) 1–14), the environment (Fig. 2b, M15–28), and the observed diet (Fig. 2c, M29–42). In each of the modelling series, the weighting of the other components was increased or decreased in 5% increments either from 0% up to 65% or from 65% down to 0%. For each combination, the total sum of weightings was 100%.

Fig. 2.Impact of different weighting schemes of three-objective optimization models on indicator results. For each model (M), one component of the objective function was maintained at a fixed weighting of 35%, while the weighting of the two other components was changed (one increased and one decreased) in increments of 5%: (a) Impact of varying weights (5%-steps) on environment (from 65%, M1 to 0%, M14) and deviation from the observed diet (from 0%, M1 to 65%, M14) and a fixed weight on health (35%). (b) Impact of varying weights (5%-steps) on health (from 65%, M15 to 0%, M28) and deviation from the observed diet (from 0%, M15 to 65%, M28) and a fixed weight on environment (35%). (c) Impact of varying weights (5%-steps) on health (from 65%, M29 to 0%, M42) and environment (from 0%, M29 to 65%, M42) and a fixed weight on deviation from the observed diet (35%). The results are depicted as normalized data (min-max scaling) for ease of presentation. The values from the ‘observed diet’ category for M1 and M15 were not included as part of the min-max scaling. * Values > 35. Lines without markings = fixed weighting; lines with dots = varied weightings using 5% increments. The outcomes of different weighting schemes for the three components are depicted as the mean of the reduction in DALYs (GBD and SCH), the mean of the reduction in environmental impact (GHGEs and land use), and deviation from observed dietary intakes for optimized diets. As the aim of the objective function was to minimize each component, smaller values show that the respective objective could be better fulfilled.

[image: FNR-70-13758-F2.jpg]

Figure 2a (M1–14), in which the health component has a fixed weighting of 35%, shows that although the results for DALYs deviate less than in models where the health component is not fixed (M15–42), there are still variations in the results. A similar trend was seen in Fig. 2b and c, where weightings for the environment and the observed diet are fixed, respectively, but there is still some deviation as the weightings of other components are changed. This pattern demonstrates the relations between the components, particularly between health and the environment (Fig. 2a and b). The largest reductions for the environmental impact were achieved in the model with a fixed weight on health and the highest weight (65%) on the environment (M1, Fig. 2a), and in the model with a fixed weighting for the environment and the highest weighting (65%) for health (M15, Fig. 2b). The largest reduction in DALYs was found in the model with the highest weighting for health (65%) and a fixed weighting for the observed diet (M29, Fig. 2c). By contrast, a higher weighting for the observed diet limited the influence of the environment and health components (Fig. 2a and b) and, therefore, strongly determined the optimization outcomes. The correlations between the indicators for health, the environment, and the observed diet are shown in Table 2. The correlation analyses show that the means of the environmental and of the health data are significantly more similar to each other (correlation of 0.28) than when compared to the observed diet. The highest correlation was found between SCH and GBD (0.72), and between GHGE and land use (0.69).




Table 2.Correlations between indicators for health, the environment, and the observed diet


	Indicator 1
	Indicator 2
	Pearson’s product-moment correlation (95% confidence intervals) of variables 1 and 2





	Mean of GBD and SCH
	Mean of GHGEs (kg CO2equivalents/day) and land use (m2/year/day)
	0.28 (0.17; 0.39)



	Mean of GBD and SCH
	Mean dietary intakes in g/day
	0.05 (−0.08; 0.17)



	Mean of GHGEs (kg CO2equivalents/day) and land use (m2/year/day)
	Mean dietary intakes in g/day
	−0.07 (−0.19; 0.06)



	SCH
	GBD
	0.72 (0.65; 0.77)



	Land use (m2/year/day)
	GHGEs (kg CO2equivalents/day)
	0.69 (0.61; 0.75)





We also noted that a steady increase or decrease in weighting was not always associated with a corresponding increase or decrease in indicator results. Figure 2c shows that as the weighting for the environment increased, the reduction in environmental impact stagnated from M36 (35% weighting for the environment) to M42 (65% weighting for the environment). Furthermore, the reduction in DALYs was not necessarily highest with the highest weighting for health. For example, M16 (fixed weighting for the environment, Fig. 2b) had a 60% weighting for health, but resulted in a higher reduction in DALYs than M15, where the weighting for health was 5% higher, but the observed diet was not included (0% weighting).

In general, the two-dimensional models (where the weighting was 35% for the fixed component and 65% for one of the two varying components) and models with a low weighting (5 or 10%) for one component showed the largest differences compared with other models. For example, Fig. 2a and b clearly indicate that not considering the observed diet generated unstable models, as depicted by the asterisks due to very high differences between the observed diet and the optimized diet (M1 and M15). Furthermore, M1 and M15 had the highest number of food groups at the aggregated FBDG level with optimized quantities of < 1 g/day. This concerned 12 out of 18 FBDG food groups (e.g. juices, eggs, processed meat and red meat) and all discretionary food groups except composite dishes. In the multi-objective models with more balanced weightings of the three components, results were more stable (the exceptions were M39 and M40, deviations from the trend in the health indicators, Fig. 2c).

Results regarding optimized food group quantities showed that beverages (drinking water plus coffee and tea) as well as fish and seafood were quite stable across all models (Fig. 2a–c). We observed that in Fig. 2b and c vegetables, fruits, and whole grain were sensitive to the weighting of health, and in combination with a fixed weight on health, also sensitive to a higher weight on environment (2a) (Supplementary Table 4).

In response to changes in component weightings, other indicators, such as the number of food groups with intakes < 1 g/day, and sub-indicators (environment: GHGEs and land use, health: DALYs from SCH and GBD; Supplementary Table 4) showed similar trends to those of the results in Fig. 2a–c.

Sensitivity analyses for sub-indicators

For the health and environment components, two indicators were integrated into the objective function. Table 3 shows the results of models with different weightings for these indicators, applied within either one-dimensional (100% weighting for health or the environment) or three-dimensional (35% weighting for health and the environment, 30% for the observed diet) objective functions.




Table 3.Sensitivity analyses of optimization results investigating different weightings of indicators for health and the environment


	Weighting scheme for sub-indicators/Food group/Indicator
	NVS II
	One-dimensional model health
	One-dimensional model environment
	One-dimensional model observed diet
	Three-dimensional model (health 35%, environment 35%, observed diet 30%)





	Weighting for GBD (%)
	-
	100
	50
	0
	-
	-
	-
	-
	50
	100
	0
	50
	50



	Weighting for SCH (%)
	-
	0
	50
	100
	-
	-
	-
	-
	50
	0
	100
	50
	50



	Weighting for GHGEs (%)
	-
	-
	-
	-
	100
	50
	0
	-
	50
	50
	50
	100
	0



	Weighting for land use (%)
	-
	-
	-
	-
	0
	50
	100
	-
	50
	50
	50
	0
	100



	FBDG food group (intake in g/day)



	Drinking water
	1,003
	1,154
	994
	1,167
	2,000
	2,000
	2,506
	2,671
	311
	230
	387
	337
	12



	Coffee and tea
	749
	0
	190
	41
	51
	385
	1,576
	1,042
	1,216
	1,216
	1,216
	1,205
	1,394



	Vegetables
	91
	263
	263
	263
	263
	263
	263
	108
	91
	116
	105
	91
	263



	Fruit
	154
	300
	300
	300
	100
	100
	100
	154
	246
	300
	154
	177
	283



	Fruit and vegetable juices
	226
	0
	0
	0
	0
	0
	87
	196
	38
	38
	38
	38
	38



	Vegetable fats and oils
	3
	13
	15
	13
	0
	1
	1
	8
	3
	3
	3
	3
	3



	Legumes
	5
	29
	29
	29
	0
	0
	0
	42
	14
	13
	16
	17
	14



	Nuts and seeds
	5
	25
	25
	25
	53
	35
	45
	12
	40
	41
	38
	37
	40



	Potatoes
	36
	0
	0
	0
	0
	0
	0
	141
	141
	141
	141
	141
	46



	Whole grains
	12
	119
	119
	119
	205
	85
	141
	23
	106
	119
	55
	119
	12



	Refined grains
	222
	54
	60
	34
	168
	251
	168
	235
	173
	145
	225
	212
	212



	Milk equivalents
	451
	453
	441
	553
	17
	17
	12
	200
	170
	163
	181
	139
	197



	Eggs and egg products
	12
	40
	0
	0
	0
	0
	0
	39
	12
	54
	12
	31
	12



	Fish and seafood
	15
	100
	100
	100
	12
	13
	100
	15
	18
	16
	19
	15
	20



	Poultry
	20
	0
	0
	0
	9
	8
	0
	20
	0
	0
	0
	0
	0



	Red meat
	42
	8
	9
	20
	0
	0
	0
	37
	3
	1
	3
	2
	3



	Processed meat
	52
	0
	0
	0
	0
	0
	0
	30
	1
	1
	1
	1
	1



	Spreadable fats
	20
	0
	0
	0
	0
	0
	0
	0
	1
	1
	1
	1
	2



	Discretionary food groups (intake in g/day)



	Alcoholic beverages
	245
	32
	32
	32
	0
	0
	0
	77
	77
	77
	77
	77
	77



	Soft drinks
	144
	0
	0
	0
	0
	0
	178
	3
	0
	3
	0
	0
	0



	Sweets
	23
	59
	59
	56
	0
	0
	0
	8
	9
	8
	8
	8
	13



	Seasoning and sauces
	36
	1
	0
	7
	0
	0
	0
	7
	27
	7
	32
	32
	32



	Composite dishes
	122
	6
	4
	4
	0
	2
	2
	107
	8
	8
	8
	8
	8



	Others
	4
	16
	22
	23
	1
	1
	0
	1
	1
	1
	1
	1
	1



	Results for indicators



	GHGEs (kg CO2equivalents/day)
	6.84
	2.73
	2.8
	3.34
	0.76
	0.9
	3.54
	5.53
	2.33
	2.40
	2.34
	2.21
	3.00



	Land use (m2/year/day)
	8.31
	3.66
	3.6
	4.35
	1.81
	1.3
	0.92
	6.13
	2.48
	2.60
	2.42
	2.85
	2.33



	GBD, Model output (millions)
	n.a.
	−1.63
	−1.63
	−1.53
	−1.47
	−0.93
	−1.10
	−0.19
	−1.17
	−1.36
	−0.78
	−1.08
	−1.06



	SCH, Model output (millions)
	n.a.
	−2.46
	−2.49
	−2.50
	−2.67
	−1.62
	−1.94
	−0.66
	−1.74
	−1.87
	−1.31
	−1.66
	−1.46



	Average deviation (%) per food group (decision variable)
	n.a.
	4,516
	2,053
	7,131
	4,036
	2,525
	3,898
	23
	44
	42
	42
	43
	44



	Number of < 1 g FBDG food groups
	n.a.
	7
	8
	7
	13
	13
	12
	1
	4
	3
	3
	4
	3



	In the upper section, the results of the modelling on food intakes in g/day aggregated into 18 FBDG food groups and six discretionary food groups are presented. In the lower section, the results of modelling on the environment, health, and deviation from the observed diet are presented. Both the indicator’s optimization results and the results for food intake at the food group level are presented to enhance the understanding of how model results are interrelated in practice. For health, DALYs from the GBD and SCH were used as indicators. Columns 3–5 refer to models with only the health component, using either 50%/50% weighting of the indicators, or 100% weighting for either GBD or SCH data. For the environment, GHGEs and land use were used as indicators. Columns 6–8 refer to models with only the environment component, using either 50%/50% weighting of the indicators, or 100% weighting for either GHGEs or land use.





In the one-dimensional health models, using different weightings for health indicators did not result in large differences between DALYs based on GBD and SCH. However, using the health dimension alone in models resulted in a considerable change in food intake quantities from the observed diet and reduced the environmental impact by more than 50%.

In a model using only environmental impact as the objective function (columns 6–8) and 50%/50% weighting for GHGEs and land use, GHGE and land use levels of 0.9 kg CO2equivalents/day and 1.3 m2/year/day were achieved, respectively. When GHGEs alone were used, the outcomes were 0.76 kg CO2equivalents/day (GHGEs) and 1.8 m2/year/day (land use) versus 3.54 kg CO2equivalents/day (GHGEs) and 0.92 m2/year/day (land use) when only land use was applied. Again, the one-dimensional models showed high deviations from the observed diet regarding food intake (up to 4,036%).

In the three-dimensional models (the last five columns), different weightings for GBD and SCH resulted in more obvious differences in health outcomes, with the highest number of spared GBD and SCH DALYs in the 100% GBD model. By contrast, the differences between GHGEs and land use were considerably smaller than in the one-dimensional models. With only GHGEs as the environmental indicator, GHGE and land use levels of 2.21 kg CO2equivalents/day and 2.85 m2/year/day, respectively, were achieved. In a model with only land use as the environmental indicator, the respective numbers were 3 kg CO2equivalents/day and 2.33 m2/year/day.

Regarding deviation from the observed diet, the one-dimensional health and environment models showed substantially higher average deviations per food group at the decision variable level (2,053–2,525%) than the model with only the observed diet as its objective function (23%, column 9). Furthermore, the latter model only had one group out of 24 FBDG food groups with an optimized intake < 1 g/day, whereas in models that did not take the observed diet into account in the objective function eight and 13 food groups had an optimized intake < 1 g/day, respectively.

Additional analyses with the three-dimensional model and further weighting schemes of the indicators (i.e. GHGEs 75% and land use 25%) revealed that once the model included multiple objectives, the impact of each indicator’s weighting decreased (data not shown).

Discussion

In the present study, we investigated how diet–health relations could be implemented in an optimization model as part of the objective function. We chose DALYs to provide indicators for this purpose because of their comprehensive associations with a broad spectrum of diseases and food groups, as well as the quality and timeliness of the available data. In addition, we analyzed the impact of two different indicators utilizing an easy-to-use algorithm for estimating DALYs for different TMRELs. We showed that the use of two indicators instead of one improved the stability of the model results, although each indicator covered different diseases and methodological approaches. Our interest was further directed to defining the weighting schemes applied to the three-objective function. We observed that a balanced weighting scheme had a stabilizing impact on the model (only marginal differences in the results obtained from the models were found), even when the weighting was incrementally changed. Larger differences were observed if the weighting approached the extremes, which in our case corresponded to a weighting of < 10% in one of three components. Finally, we analyzed how either one- or multidimensional models behaved if one of the two indicators for a component (health or the environment) was removed. When using multiple components under a balanced weighting in the objective function, stable models with low changes per food group and low numbers of food groups set to zero intake were obtained. Under such conditions, the removal of one indicator or exchange of one indicator for another only marginally affected the model output. However, if only one component was used in the objective function, excluding one of the two indicators for this component substantially impacted the model output.

Using linear interpolation, as shown in Fig. 1, DALYs can be derived for a continuum of dietary intake assumptions using published data, including future iterations. The introduction of this newly derived health indicator to our optimization model also proved successful, as models using health only or high health weightings achieved the highest reductions in DALYs. A limitation of the linear interpolation is that relations that are actually highly complex are linearized. It can only be seen as an approximation and is not an exact representation of diet-related DALYs. There may be U-shaped risk associations for some diet-disease relations (57), and especially beyond the TMREL, only minor health benefits occur (41). To account for this limitation, a mechanism to not reduce DALYs beyond the food group’s TMREL was integrated into the model.

In proof-of-concept analyses, we validated our approach by calculating the diet-related burden of disease for Germany and compared this with published results. For total DALYs associated with the observed diet, we derived low positive numbers with the linear interpolation, meaning that the impact of the diet on health was slightly overestimated in the range of 1–10%. For the TMREL scenario, our estimates reached 90% (GBD) to 99% (SCH) of the published burden, meaning that we underestimated the impact compared with publications based on complex modeling. Such a phenomenon could be related to the flat slope syndrome (58), which occurs if measurement errors, which are inevitable with this kind of approximation, exist. Furthermore, for each food group, we chose only one TMREL from the two possibilities derived from the two sources (mostly from the study published by Schwingshackl et al. (19)). Thus, it is not surprising that our estimated DALYs for the GBD scenario aligned less well with the published data (40) than those from the SCH scenario. The most precise way to account for DALYs would be to define the population attributable fraction/potential impact fraction of a risk factor as a function and to integrate this into the optimization model. However, the exact calculation of DALYs for each TMREL using the population attributable fraction/potential impact fraction requires access to the underlying data used for the calculations and is exclusively tailored to the stated TMREL (41).

In many diet optimization studies, health is only represented by addressing DRVs (14, 23). In examples, where health is also implemented as a quantitative indicator for diet–health relations (20–22), data also stem from estimates of the Global Burden of Disease Study. Similarly to our approach, the health indicator is operationalized as part of the objective function, and after reaching the TMREL, no further health improvement can be expected. In contrast to our study, food quantities from existing FBDG are necessary to establish the health indicator (20, 21). Since our optimization approach is designed to derive FBDGs, it cannot use information from existing FBDGs. Further, both approaches test their health indicator only in models with a step-wise approach (multi-criteria [one after another] vs. multi-objective [one objective function simultaneously minimizing the goals]). In contrast, we show how indicators can be implemented simultaneously. Further, by combining data from GBD with data from Schwingshackl et al., we included data for further food groups such as eggs and refined grain. Adding indicators seems to improve model stability, as discussed below.

Regarding diet optimization approaches for FBDG-development, to account for relations between dietary intake and health outcomes, constraints are sometimes used to address limits on dietary intake for defined food groups following national FBDGs, for example, a maximum intake for processed meat (6, 16, 49, 59). However, this method narrows the solution space, limiting the optimization model’s flexibility to find an optimum for all requirements. The practicality of the simple linear interpolation may encourage other scientists developing FBDGs using diet optimization to include DALYs from diet–health relations into diet optimization studies.

We also analyzed the weighting of components in the objective function (Fig. 2). When we incrementally changed the weighting schemes of two components, each model generated different estimates for all three components, independent of whether they had a fixed or incrementally changing weighting. However, the component with a fixed weighting showed less variation across models than components for which weightings increased or decreased. This observation proves that the complex interrelations between components play an important role during model calculations. For example, a high dietary intake of processed meat is associated with relatively high GHGEs as well as high DALYs. Thus, a decrease in processed meat intake in the optimization model due to a high weighting of the environment component also had a positive effect on health. The tendency of higher reductions of DALYs with higher weights for environment was still observed when the weighting on health was fixed (Fig. 2a) and vice versa (Fig. 2b). This relation was confirmed in one-dimensional models for both health and environment, where significant reductions in both components were observed, despite the relatively low Pearson correlation coefficient between the means of health and environmental indicators (R = 0.28). A synergistic relationship between health and the environment has been frequently reported (60, 61), although disparities can occur in specific foods, for example, fish or milk (62). This may explain why the estimates of health and environmental impacts in Fig. 2c, where health and the environment are weighted against each other and the observed diet is fixed, appear to act in opposition to each other.

By contrast, observed dietary intakes had a very low correlation with the environment (0.07) and health (0.05), and seemed to limit the minimization of environmental and health burden. This is for example shown in Fig. 2c, where the decrease in GHGE and land use stagnated in models 36–42 even though the weighting of environment was still increasing. It appears that the result of approximately 2.3 kg CO2equivalents/day is close to the minimum achievable in combination with a weighting of 35% weighting on the observed diet. If the observed diet is not included in the objective function, as in the sensitivity analyses from Table 3, even significantly lower values can be achieved depending on the weighting of GHGE and land use (0.76 kg CO2equivalents/day and 0.92 m2/year/day). However, without the observed diet component in the one-dimensional models, many food groups were either excluded (e.g. eggs, potatoes, and poultry) or dietary intakes reached the 95th percentile (i.e. 100 g of fish per day). Thereby, such diets become less practical to implement. Then again, when all parameters are combined in a multi-objective model with an observed diet that is far from optimum, trade-offs between the dimensions are less important (62–64). That the inclusion of the observed diet ensures diet acceptability as well as robust results was also found in a multi-objective optimization model, which used environment and the current diet as components (50). This suggests that simultaneous consideration of diverse components has a stabilizing effect on models.

Another factor that stabilizes the model is the number of components and their indicators used for the objective function. Our balanced three-dimensional models produced more predictable and consistent outcomes than those where a weighting scheme at the boundaries of the model space was applied. For example, the higher the environment weighting, the lower the environmental impact, in general. By contrast, models where the weighting of one component was very low (i.e. < 5%) or 0 were much more unstable than more balanced weighted three-dimensional models. This phenomenon was further exemplified in the third part of our analysis, which included models with one component only where one of the two indicators was removed (Table 3). Though the health indicators of GBD and SCH had a strong correlation of 0.72, and GHGEs and land use had a strong correlation of 0.69 (analyses used input data from decision variables on FoodEx2 level 3), the exclusion of one indicator led to less stable results. The combination of few objectives to be minimized and the fact that the linear objective function aims to change as few food groups as possible means that few suitable food groups are changed for the stated objective(s) (29). We found several examples in the literature in which simple optimization models were ideal to answer specific questions, but produced optimized diets that were impractical. Examples of this come from early studies applying diet optimization (65); simple models that tried to find the optimum for one specific question, for example, minimum cost (66), GHGEs (49), or deviation from observed diet (67); and from our own pre-study with a simple model to investigate methodological issues (29). When it comes to the derivation of realistic dietary patterns, the solution space can be narrowed by using stricter acceptability constraints (68). However, more restrictive constraints reduce the solution space, which limits the model’s ability to identify the best trade-off among several objectives, or in some cases, to find a solution at all. Excessive constraints can also bias the solution toward an expected outcome through several a priori decisions.

We also noted that changing the weighting of components did not result in predictable changes between model results, such as a gradual decrease in the optimized intake of red meat with a gradual increase in the weighting for the environment. Rather, each adjustment of the model parameters (i.e. component weightings) leads to a new stand-alone model. One explanation for this is that optimization models find one solution along a Pareto front (28); this front is not linear, but multi-dimensional, like the three-dimensional objective function.

Our findings suggest that in complex, multidimensional models, particularly when indicators are relatively similar in magnitude, the precise weighting of individual indicators may have limited influence on the results. However, in simpler models or cases where there is strong evidence to prioritize specific indicators, weighting decisions can significantly affect the results. With insights into how the three components of our objective function interact with each other, we can formulate approaches to define weighting schemes that achieve the optimal solution of a given problem. A simple approach, if one has no specific target for one or more of the objective function’s components, would be to assign an equal weighting to each component (‘balanced’), as done previously for environmental impact and cost (27). The decision-maker may also assign different weightings according to a component’s significance (28). However, evidence of the measurement and prioritization of sustainable diet parameters is scarce (69) and, as we have shown in the analyses of the three-dimensional objective function, the components partly act in opposition to each other. Although suggestions for sophisticated mathematical approaches to define weighting schemes exist, all use inherently subjective iterations for solution improvement (28). Therefore, compromises are an inevitable part of optimal solutions (24, 50).

Conclusion

Our proof-of-concept study demonstrated that the DALY indicator for human health yielded convincing results within the tested model. Therefore, a novel, easy-to-use method was established to dynamically include diet–health relations within a diet optimization model. The stability of our linear modelling was increased with more components (health, the environment, and the observed diet) and, accordingly, more indicators in the objective function. Fixing the weighting of the observed diet while allowing flexibility in the other dimensions may offer a promising approach for implementation, although this will depend on the dimensions used and their relative importance in specific policy or research contexts. Future work may focus on regularly updating DALYs for relevant food groups; investigating whether the stabilizing function of a multi-dimensional objective function is also obtained with other mathematical approaches, such as quadratic programming; and identifying numerical values for sustainable diet goals to help define the weighting scheme.
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