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Many computational models exist for such investigations 
of future scenarios. These vary in their scope, methodol-
ogy, and resolution. Several notable examples exist. The 
IMPACT model (Robinson et al., 2024), a partial equilib-
rium scenario testing model built on a combination of eco-
nomic, water, and crop submodels has been recently used to 
investigate net food system emissions under various future 
scenarios (Almaraz et al., 2023) and in the development of 
the EAT-Lancet planetary health diet (Willett et al., 2019). 
The GLEAM model is a global analysis tool for assessing 
livestock input and output dynamics, allowing regional 
investigation of the environmental performance of different 
livestock systems (Macleod et al., 2018). Finally, the MAg-
PIE model, a spatially explicit economic and land use model 
(Dietrich et al., 2019), has been recently used to forecast 
global variation in crop productivity growth (Wang et al., 
2020) and understand the costs of food system transforma-
tion (Ruggeri Laderchi et al., 2024).

The majority of models developed to date have an eco-
nomic and/or environmental focus. However, a key feature 
of a sustainable food system is its ability to deliver “food 

1  Introduction

There is a necessity for the global food system to transform 
to address the challenges that exist across the full breadth 
of sustainability: economic, environmental, and social (Fao, 
2018; FAO/WHO, 2019). However, there is a lack of con-
sensus on the actions needed to address these challenges, 
due to the inherent difficulty in fully predicting the conse-
quences of proposed interventions. Computational model-
ling tools have become highly useful for investigating future 
scenarios under various pathways and to provide support for 
specific actions in the present day.
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Abstract
Computational models are often used to explore the future of the global food system, including the implications for human 
nutrition, an essential aspect of sustainability. However, the confidence that can be placed in the outputs of these models 
is often poorly quantified. Here, a sensitivity analysis of the DELTA Model® - a linear mass balance model calculating 
global nutrient supply using global and regional food balance sheet, processing, waste, inedible portion, composition, 
and bioavailability datasets - is conducted. First, a one-at-a-time analysis, varying 4019 underpinning datapoints from the 
above datasets individually by ± 50% was conducted to identify those with the greatest impact on calculated global nutrient 
supply. The most influential values from this initial analysis were then carried forward into a multiple value sensitivity 
analysis, where all possible combinations of ± 50% variations were simulated. Values related to cereals supply, waste, and 
nutritional value were the most influential on model output, with selenium, cystine, and carbohydrate supply the most 
sensitive nutrients. When compared to global nutrient requirements, variations in the calculated supply of some nutrients 
led to qualitative changes from a sufficient global supply to an insufficient supply. These results, while indicative rather 
than precise estimates of uncertainty, emphasise the critical importance of accurate cereals data in food system models, 
provide insight on the degree of sensitivity of similar linear models, and should encourage broader application of sensitiv-
ity analysis in the field.
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security and nutrition for all” (Fao, 2018). Fewer models 
have investigated the implications of future food system 
scenarios for human nutrition. Notable exceptions are the 
CiFoS model (Simon et al., 2024), which examines future 
scenarios for a circular food system and the impacts on food 
and nutrient supply (although this is yet to be applied to 
global scenarios); some recent applications of the IMPACT 
model including micronutrient availability (Beach et al., 
2019; Rosegrant et al., 2024); and the Nutrient Balance 
Sheets (Lividini & Masters, 2022) and the GENuS model 
(Smith et al., 2016), which both calculate flows of food 
nutrients from production to consumption between 1961–
2018 to understand global and national nutrient (under)
supply. A final example is the DELTA Model®, previously 
developed by the Sustainable Nutrition Initiative®, which 
is an open access, online computational tool for examining 
how global food supply matches with global nutrient need 
under various future scenarios (Smith et al., 2021), with 
more recent use examining the importance of specific food 
groups in global nutrient supply (Smith et al., 2022a, b) and 
examining global nutrient losses and waste (Beuving et al., 
2024).

The accuracy of any model is highly dependent on the 
quality of the underpinning data. Where there is uncer-
tainty in the underpinning data, this uncertainty will be car-
ried through to some extent into the model outputs. This 
is often noted and sometimes partially analysed in publica-
tions using food system models, but not comprehensively 
assessed (Lividini & Masters, 2022; Smith et al., 2016, 
2021). More specifically, model authors rarely discuss the 
degree of sensitivity of specific model outputs to variations 
in the underpinning data, despite the fact this may lead to 
false conclusions if sensitivities are not well accounted for. 
The scarcity of sensitivity and uncertainty analyses for food 
system models means that our confidence in their predic-
tions is currently poorly quantified, meaning that our con-
fidence in any action based on their predictions is similarly 
limited.

We address this limitation and perform a sensitivity 
analysis of the DELTA Model® to quantify confidence in its 
predictions. Moreover, our work will inform the confidence 
that may be placed in outputs of models using similar under-
lying data. The DELTA Model® is an appropriate example 
of a global food system model considering nutrition, as it 
relies on a linear mass balance calculation engine (similar to 
approaches elsewhere), enjoys negligible runtime compared 
to models with similar scope, and leverages open access data 
commonly used by similar models (such as the Food and 
Agriculture Organization (FAO) Food Balance Sheets (Fao, 
2024) and United States Department of Agriculture (USDA) 
food composition data (USDA, 2020)). Thus, it is a sensible 
candidate for an initial sensitivity analysis, allowing partial 

generalizability of conclusions to other models and indicat-
ing the value of undertaking these analyses to other model 
developers.

We hypothesise that the impact of the underpinning 
data on model output (that is, nutrient supply to the global 
population for a range of essential nutrients) will vary sub-
stantially depending on the type of data considered. For 
example, we expect that total food supply data will have a 
stronger role in determining total nutrient supply than will 
consumer waste rates, given that food supply from produc-
tion precedes consumer waste in the supply chain. A sensi-
tivity analysis will indicate the areas of the underpinning 
data with the greatest impact on model output, allowing 
greater attention to be given to improving the reliability of 
these data in the future. We also hypothesise that the degree 
to which model output will be impacted will vary for supply 
of different nutrients, given the high variability in nutrient 
composition between foods. The sensitivity analysis will 
indicate the relative degree of confidence we can have in 
model conclusions for different nutrients, which is of high 
relevance to international research and policy that relies on 
models to study global food production and distribution, 
food security, and malnutrition.

2  Methods

2.1  The DELTA Model®

The DELTA Model® is a deterministic linear mass balance 
model, which calculates total nutrient supply to the global 
population based on total global food production and supply 
chain dynamics. A detailed explanation of the calculation 
methodology can be found elsewhere (Smith et al., 2021), 
but an overview is provided in Fig. 1 and below.

The calculation begins with the FAO Food Balance 
Sheets (FBS), which contain annual global production (at 
national resolution) of 100 food commodities (e.g. soya-
beans, apples, etc.), and indication of their end use (food, 
feed, losses, etc.) (Fao, 2024). The food use of these com-
modities is then adjusted using estimates produced by FAO 
and others for inedible portions (Food and Agriculture Orga-
nization, 1989; USDA, 2020) (e.g. apple cores), consumer 
waste (Fao, 2011), and processing losses (Fao, 1997; United 
States Department of Agriculture Economic Research Ser-
vice, 1992). The total amount of food remaining at this 
point is considered as representative of food consumed by 
the global population each year, with 2020 the baseline year 
for the model. The data for this baseline year is the result of 
a weighted linear interpolation of the previous 20 years, to 
prevent single year anomalies or errors from significantly 
shifting the baseline data or model outputs.
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This quantity of the 100 commodities is then matched 
to food composition data (USDA, 2020), using a weighted 
average of several relevant compositions to derive an over-
all representative composition for each commodity. These 
weightings were derived from the same sources as inedible 
portion and processing data, and are visible within the mod-
el’s user interface (Sustainable Nutrition Initiative®, 2024). 
This allows calculation of the total quantity of nutrients con-
sumed by the global population for 29 nutrients (see Fig. 2 
for full list). Lastly, the quantities of protein and the amino 
acids are adjusted for digestibility according to their food 
source using literature data (Gilani et al., 2012; Moughan 
et al., 2012).

2.2  Sensitivity analysis

We chose to assess the sensitivity of the model’s calculated 
2020 global nutrient supply (hereafter referred to as the 
baseline) to variations in the underlying data (as opposed to 
model structure or assumptions). The proportional deviation 
from the baseline supply for each of the 29 nutrients was 
calculated by dividing the newly calculated nutrient supply 
value (after varying the underlying data) for each nutrient 
by its supply value in the baseline. To quantify total varia-
tion across all nutrients, these values were also summed to 
give a single overall indicator of variation. These values 
were then used to identify both the variations in the under-
pinning data that created the greatest overall deviation in 

model calculated global nutrient supply, and the nutrients 
most sensitive to these variations.

The underpinning data to be varied were grouped based 
on data source and function in the model. For example, one 
group includes all food composition data, while another 
includes all consumer waste data. The groups used are 
shown in Table 1.

Given that the total number of datapoints that could be 
varied across the groups listed in Table 1 was 4019, it was 
not computationally feasible to conduct a comprehensive 
sensitivity analysis in which every permutation of variations 
was assessed. Instead, the individual values with the great-
est impact on model output from each group were deter-
mined, and a combinatorial sensitivity analysis conducted 
using this subset of values. An analogous example of this 
method has been used recently in the life cycle analysis field 
(Kim et al., 2022).

Initially, a one-at-a-time sensitivity analysis was carried 
out individually on each datapoint in each data group. The 
model calculation was run twice for each datapoint, with 
each value increased by 50%, and then decreased by 50%, 
respectively. 50% is a high degree of variation, but given 
the linear nature of the model, the choice of variation is 
unimportant for ranking the individual datapoints with the 
greatest impact on model results. The resulting impact on 
model output was indicated by the percentage deviation in 
the nutrient supply estimates between the newly generated 
model output and the baseline, summed across all nutrients.

Fig. 1  Calculation methodology of the DELTA Model®. Data sources 
are indicated, with full explanations in the text. The model begins with 
total production of food balance sheet commodities, then estimates the 

amount eaten (after non-food and waste adjustment), before convert-
ing this food data into nutrient data and making bioavailability adjust-
ments for protein and the indispensable amino acids
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the relative impact of datapoints in different data groups. In 
the multiple value sensitivity analysis, every combination 
of a 50% increase and 50% decrease of each value (4096 
combinations in total) was run in the model. The percentage 
deviation in calculated supply of each nutrient was recorded 
in each model run. 50% was chosen for consistency with 
the one-at-a-time analysis, not because it is an appropriate 
level of variation to expect in every datapoint. However, in 
the absence of data for how much each of the underlying 

Thereafter, the two datapoints in each of the six data 
groups with the greatest impact on model output (great-
est summed percentage variation across all nutrients) were 
identified. These twelve values were taken forward into a 
multiple value sensitivity analysis. Each additional data-
point included in the multiple value sensitivity analysis 
exponentially increases the number of model runs required, 
therefore two per data group were selected as both compu-
tationally feasible and analytically useful for determining 

Group Example (unit) Number of 
datapoints 
in the data 
group

Food supply Total mass of milk for human food use (tonnes per year) 100
Inedible portion Inedible portion of coconuts (i.e. husks) as a percentage of total 

coconut mass (%)
100

Processing yields Tonnes of soyabean oil produced per tonne of soyabeans processed 
(dimensionless)

84

Consumer waste Percentage of cereal mass, excluding inedible portion, that reaches 
the average European consumer but is not consumed* (%)

35

Food item composition Calcium content of rice (mg/100 g) 2900
Protein and amino acid 
digestibility

Digestible lysine in peas as a percentage of total lysine content in 
peas (%)

800

Table 1  Groupings of model data 
for the sensitivity analysis

*Note that consumer waste is the 
only dataset for which region-
specific data (rather than global 
averages intended to be repre-
sentative) are used. This reflects 
both the high regional variation 
in consumer waste rates and the 
resolution of the data sourced

 

Vegetables;
other

Poultry 
Meat

Asia,
Cereal
s

Americas,
Cereals

Cream and
Butter Soyabean oil

Wheat and
products

Rice and
products

Selenium, Wheat
and products

Vitamin C,
Vegetables; other

Cystine, Wheat
and products

Cystine, Rice
and products

Energy 0% 1% 4% 2% 1% 3% 10% 13% 0% 0% 0% 0%
Protein 0% 1% 3% 1% 2% 0% 11% 9% 0% 0% 0% 0%
Fat 0% 1% 1% 0% 2% 11% 1% 2% 0% 0% 0% 0%
Fibre 2% 0% 3% 1% 0% 0% 14% 4% 0% 0% 0% 0%
Carbohydrates 0% 0% 6% 2% 0% 0% 14% 19% 0% 0% 0% 0%

Calcium 1% 1% 1% 0% 8% 0% 2% 3% 0% 0% 0% 0%
Copper 1% 0% 3% 1% 0% 0% 9% 10% 0% 0% 0% 0%
Iron 1% 1% 3% 1% 0% 0% 11% 7% 0% 0% 0% 0%
Magnesium 1% 0% 4% 2% 1% 0% 10% 11% 0% 0% 0% 0%
Phosphorus 1% 1% 3% 1% 3% 0% 9% 10% 0% 0% 0% 0%
Potassium 2% 0% 2% 1% 2% 0% 4% 4% 0% 0% 0% 0%
Selenium 0% 1% 4% 2% 1% 0% 27% 6% 21% 0% 0% 0%
Zinc 1% 1% 3% 1% 2% 0% 9% 12% 0% 0% 0% 0%

Folate 2% 0% 2% 1% 1% 0% 7% 3% 0% 0% 0% 0%
Ribo avin 1% 1% 2% 1% 5% 0% 4% 3% 0% 0% 0% 0%
Thiamin 1% 0% 4% 1% 1% 0% 11% 9% 0% 0% 0% 0%
Vitamin A 3% 2% 0% 0% 3% 0% 0% 0% 0% 0% 0% 0%
Vitamin B5 1% 1% 4% 2% 2% 0% 5% 16% 0% 0% 0% 0%
Vitamin B6 2% 1% 3% 1% 1% 0% 5% 10% 0% 0% 0% 0%
Vitamin B12 0% 1% 0% 0% 5% 0% 0% 0% 0% 0% 0% 0%
Vitamin C 4% 0% 0% 0% 0% 0% 0% 0% 0% 21% 0% 0%
Vitamin E 1% 0% 1% 0% 1% 10% 2% 2% 0% 0% 0% 0%

Cystine 0% 1% 4% 2% 1% 0% 17% 12% 0% 0% 13% 11%
Histidine 0% 2% 3% 1% 2% 0% 10% 9% 0% 0% 0% 0%
Leucine 0% 1% 3% 1% 3% 0% 10% 9% 0% 0% 0% 0%
Lysine 0% 2% 2% 1% 3% 0% 4% 6% 0% 0% 0% 0%
Methionine 0% 2% 3% 1% 2% 0% 9% 10% 0% 0% 0% 0%
Threonine 0% 2% 3% 1% 2% 0% 8% 8% 0% 0% 0% 0%
Tryptophan 0% 1% 3% 1% 2% 0% 13% 9% 0% 0% 0% 0%

Summed variation 27% 25% 79% 32% 56% 24% 237% 218% 21% 21% 13% 11%
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Fig. 2  Percentage variation in model output for each nutrient following a ± 50% variation in the underlying datapoints during the one-at-a-time 
analysis (results for two most influential datapoints in each data group shown). Darker colouring indicates larger values
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output, reflecting the importance of these foods in supplying 
these nutrients globally.

For the bioavailability data group, the cystine bioavail-
ability from “Wheat and products” and also from “Rice and 
products” had the greatest impact on model output, again 
reflecting the importance of cereals in protein and amino 
acid supply.

3.2  Multiple value analysis

The variation in model calculated nutrient supply for each 
nutrient was examined under every permutation of a 50% 
increase or a 50% decrease in the two most influential val-
ues in each data group. Two values from each of the six data 
groups either increasing or decreasing gave a total of 4096 
permutations to run in the model. On completion of these 
model runs, the largest observed percentage variation for 
each nutrient was extracted and is displayed in Fig. 3.

The most sensitive nutrients were cystine and selenium, 
with over 80% maximum variation in output. This is to be 
expected, given that the selenium composition of wheat and 
the bioavailability of cystine from wheat and from rice were 
all values included in this multiple value sensitivity analy-
sis, and the results shown in Fig. 2. The next most sensitive 
nutrients were carbohydrates and energy, with a maximum 
44% and 35% variation, respectively. All other nutrients had 
less than 32% maximum variation. The least sensitive nutri-
ents were vitamin B12 (6% maximum variation) and vita-
min A (7%). As would be expected, the greatest increases 
in calculated nutrient supply resulted from the combination 
of 50% increases to the Food supply, composition, digest-
ibility, and processing yield datapoints, and 50% decreases 
to the inedible portion and waste datapoints. The great-
est decreases in calculated nutrient supply resulted from 
changes to these datapoints in the opposite direction.

It is also valuable to consider whether the observed varia-
tions would lead to a change in whether or not the model 
calculated sufficient or insufficient global supply of each 
nutrient. The DELTA Model® estimates that supply of all 
nutrients except calcium and vitamin E was sufficient in 
2020. However, as shown in Fig.  3, the variation exhib-
ited in this sensitivity analysis encompassed undersupply 
for energy, protein, fibre, carbohydrate, iron, magnesium, 
potassium, selenium, zinc, riboflavin, vitamin A, and cys-
tine – 12 of the 29 nutrients assessed. On the other hand, 
it did not encompass sufficient supply for either calcium 
or vitamin E. These results are a combination of both the 
degree of sensitivity of supply of each nutrient and the cur-
rent level of supply compared to requirement.

datapoints could reasonably be expected to vary by, 50% 
was chosen as a “worst case scenario”. See the discussion 
for the limitations of this approach.

3  Results

3.1  One-at-a-time analysis

Initially, each value in each underpinning data group set was 
assessed for its impact on model output (inferred from the 
summed percentage variation across the 29 output nutri-
ents). The results are presented here per data group (Fig. 2), 
with full results included in the Supplementary Material.

The datapoints for food supply of individual commodi-
ties causing the greatest variation in output were “Wheat 
and products”, “Rice and products”, “Milk, whole”, and 
“Vegetables, other”. This is unsurprising, as these four com-
modities are also the four with the greatest tonnage used as 
food globally, although with some re-ordering (vegetables, 
rice, milk, wheat is the order of greatest food supply mass). 
Further, the impact of these food supply values on total vari-
ation in model output was nearly three times greater than 
that of any other data group. Selenium, carbohydrates, and 
cystine were the nutrients most strongly affected by varia-
tion in the food supply of wheat and rice (Fig. 2). Therefore, 
estimates of total food supply have a much more significant 
impact on overall calculated nutrient supply than any other 
group of underpinning data.

In the inedible portion data group, the estimates for “Veg-
etables, other” and “Poultry meat” had the greatest impact 
on model output (Fig.  2). These are not the commodities 
with the largest inedible portion estimates in the dataset, 
indicating that the interaction between inedible portion 
size, food supply quantity, and nutrient content for these 
commodities has led to them having the greatest impact on 
model output in this data group.

In the processing yields data group, the estimated yield 
for cream and butter production from whole milk had the 
greatest impact on model output, with more than double the 
impact of the next datapoint, soyabean oil extraction, which 
only impacted energy, fat, and vitamin E supply (Fig. 2).

In the consumer waste data group, the estimates for cere-
als wasted in Asia and to a lesser extent in the Americas had 
the greatest impact on model output. This is to be expected 
given the size of these populations, and thus the amount of 
food waste generated, as well as the prevalence of cereals 
in the diet.

For the food item composition data group, the selenium 
content of “Wheat and products” and the vitamin C con-
tent of “Vegetables, other” had the greatest impact on model 
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Fig. 3  Maximum positive and negative percentage change in model 
calculated nutrient supply during global sensitivity analysis. Orange 
bars display the range from maximum positive to negative change 
in calculated supply, with label numbers indicating the % value. The 
thick black bars indicate global requirement for each nutrient, as cal-

culated by the DELTA Model®, for comparison. For example, the 
global energy requirement (thick black bar) is 20% lower than model 
calculated energy supply (indicated by the vertical Line at 0), but the 
range found in the sensitivity analysis (−35% to 31%) encompasses 
this value
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the processing yield of milk to butter and cream, explaining 
the low variation in these two nutrients.

This is important as both modelling studies on food sup-
ply and observational studies of populations identify nutri-
ents such as vitamin A and B12, iron, zinc, and calcium as 
undersupplied or with relatively high rates of insufficient 
intakes or deficiency in many parts of the world (Beal et 
al., 2017; Roser, 2017; Smith et al., 2021; Lividini & Mas-
ters, 2022; Passarelli et al., 2022; Stevens et al., 2022). That 
these nutrients did not emerge as especially sensitive here is 
interesting. Partly this is a result of the data selected for the 
multiple value sensitivity analysis containing few animal-
sourced foods, but it is surprising that iron and zinc were 
relatively unaffected by the variation in cereal-related data, 
given they are important global sources of these nutrients. 
This provides greater confidence in model estimates of iron 
and zinc supply and adequacy, which is valuable given the 
global focus on tackling iron and zinc deficiency.

By assessing the impact of 50% variations in underlying 
datapoints, our sensitivity analysis took an extreme view. 
In the worst case scenario of up to 12 critical datapoints in 
the underlying data being inaccurate by 50%, model out-
puts could also be incorrect by over 80% for some nutrients. 
While this may read as alarming, it is important to recognise 
how unlikely such scenarios are. For example, it is highly 
unlikely that global estimates of wheat and rice food supply 
are incorrect by 50%, as this translates to a misallocation 
of around 584 million tonnes of food. Moreover, this data 
is drawn from a widely trusted UN agency source, with a 
robust data collection methodology and was here averaged 
over multiple years and viewed at a global scale, contribut-
ing to reliability (Fao, 2001; Thar et al., 2020). However, 
for other datapoints, 50% may be within a realistic range 
of uncertainty. For example, determining a food’s content 
of cystine (one of the influential values in our analysis and 
an output nutrient showing high variability) for food com-
position tables is challenging due to the volatile nature of 
sulphur amino acids (Raab & Feldmann, 2019), and food 
composition data in general has been shown to vary sub-
stantially depending on various environmental and genetic 
factors (Elmadfa & Meyer, 2010).

The reliability and representativeness of the other data 
sources varies. For example, there exist widely acknowl-
edged limitations to and gaps in currently available estimates 
of consumer waste (Xue et al., 2017; Spang et al., 2019); the 
inedible portion for a food item will vary between cultures; 
and protein and amino acid digestibility, while robustly 
measured, is sufficiently novel that data does not exist for 
all food items. These limitations acknowledged, we believe 
that a 50% variation represents an appropriate “worst case” 
for global modelling.

4  Discussion

A sensitivity analysis of the DELTA Model® capturing 
nutrient supply from the 2020 global food system indicated 
both the underlying data with the greatest impact on model 
output, and the nutrients most sensitive to changes in this 
underlying data. Estimates of total food supply have the 
most significant impact on overall nutrient supply, more 
than double that of any other group of underpinning data. 
Cereal-related datapoints emerged commonly across multi-
ple data groups as having the greatest impact on model out-
comes (Fig. 2). These results are unsurprising: cereals are 
the food group produced in the greatest quantities globally 
and contribute close to half of dietary energy globally (Fao, 
2023), thus are major contributors to global nutrient supply.

Given that cereal-related datapoints were heavily repre-
sented in the multiple value sensitivity analysis, the nutri-
ents most sensitive to variations in the underlying data were 
also those for which cereals are a rich source in the global 
food system: selenium, cystine, and carbohydrates. Indeed, 
the DELTA Model® estimates that > 50% of 2020 global 
supply of each of these nutrients comes from the cereals 
food group. For food system modellers, this emphasises that 
quality data for the production, consumption, waste, and 
nutritional profile of cereals is paramount for reliable con-
clusions on global nutrition.

Other nutrients showing sensitivity to datapoints not 
related to cereals were vitamin C, which was highly sensi-
tive to the composition of the “Vegetables; other” food item, 
and vitamin E, which was highly sensitive to the process-
ing yield of soyabean oil. The DELTA Model® estimates 
that 50 mg/capita/day of vitamin C came from vegetables in 
2020, half of the demographically-weighted global require-
ment and more than one third of total global supply. For 
vitamin E, a little over 0.5 mg/capita/day came from soya-
bean oil, only around 5% of global supply. However, the 
DELTA Model® estimated a 2020 global undersupply of 
vitamin E against requirements. Thus, is could be said that 
the vitamin E sensitivity is more critical than that of vitamin 
C from the perspective of understanding adequacy of nutri-
ent supply. However, it should be noted that vitamin E is an 
understudied nutrient, with few estimates of global intake or 
deficiency rates, which would be valuable to corroborate the 
model-estimated undersupply.

Vitamins B12 and A showed the least variation during 
the multiple value sensitivity analysis and little variation in 
the one-at-a-time analysis (Fig. 3). Vitamin B12 is found in 
animal-sourced foods, as is around half of global vitamin 
A supply (Smith et al., 2021). The only values impacting 
animal-sourced foods included in the multiple value sensi-
tivity analysis were the inedible portion of poultry meat and 
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regions or countries of interest from a nutrient (under)sup-
ply perspective and assess how robust model conclusions 
are at this more localised level. For example, it would be 
valuable to understand the sensitivity of nutrient supply to 
cereals data in regions where cereals are a larger part of diet 
than the global average and where micronutrient deficiency 
is most common, such as sub-Saharan Africa and South-
East Asia (Beal et al., 2017). Such an exercise would likely 
identify different datapoints that are more important in these 
more specific contexts compared to the global analysis.

In the present work, we have considered nutrition data, 
while other models (that do not consider nutrition to the 
same extent) also model environmental and economic 
outcomes. The importance of model sensitivity as dem-
onstrated here should strongly encourage the developers 
of these other models to undertake sensitivity analyses to 
quantify the reliability of the conclusions of their own mod-
els. Our conclusions are only generalisable to models with 
similar linear approaches and similar underpinning data 
sources. Non-linear models and optimisation models may 
be far more sensitive, or far more unpredictable in their sen-
sitivities, or exhibit emergent behaviours unlike those cap-
tured here. To assess the sensitivity to variations in a small 
number of datapoints, one could use Monte Carlo (Sobol’, 
2001) or more greedy algorithms (Li et al., 2016; Schulte & 
Nissen, 2023), but the computational tractability would be 
extremely challenging for the number of datapoints consid-
ered in this work.

5  Conclusion

The sensitivity analysis of the DELTA Model® indicated 
that uncertainty in data related to the food supply, waste, 
and nutritional value of cereals has the greatest impact on 
estimated nutrient supply, and that subsequently nutrients 
commonly associated with cereals, including selenium, cys-
tine, and carbohydrates, were the most sensitive to varia-
tions in these data. While our results should only be seen 
as indicative of the areas of greatest concern rather than 
precise estimates of uncertainty, this work emphasises that 
reliable cereal data is foundational for food policy, nutrition 
planning, and model outputs, and should encourage broader 
application of sensitivity analysis in the field.

Supplementary Information  The online version contains 
supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​0​7​​/​s​1​​2​5​7​1​-​0​
2​5​-​0​1​5​9​8​-​6.

Acknowledgements  The authors thank members of the Sustainable 
Nutrition Initiative® team for constructive review of the manuscript.

Author contributions  Daniel Shippey: Conceptualization, Methodol-
ogy, Formal Analysis, Writing – Review & Editing. Nick Smith: Con-

Our final sensitivity analysis was targeted in its approach 
due to computational feasibility, using only the most influ-
ential values from the comprehensive one-at-a-time analysis 
in our multiple value sensitivity analysis. Therefore, greater 
maximum variations may exist for each nutrient, particu-
larly if more composition values were varied. For example, 
nearly half of global calcium supply is calculated to come 
from milk (Smith et al., 2022c), thus if the calcium com-
position for milk were varied, this would be expected to 
have a strong impact on the global calcium supply, but no 
impact on any other nutrient. However, undertaking a com-
prehensive global sensitivity analysis is not computationally 
feasible, given the 4019 values that exist in the underpin-
ning data, requiring 101209 model executions to perform a 
comprehensive global analysis using the current method. 
Our results provide indicative confidence levels (and rela-
tive confidence between nutrients) that can be placed in 
model predictions for each nutrient, and prioritises areas of 
the underpinning data that must be high quality to assure 
confidence in model outcomes. If a specific nutrient were of 
particular interest to the food system modelling community, 
it would be possible to repeat the one-at-a-time and multiple 
value sensitivity analyses focusing specifically on variabil-
ity in that nutrient in the output. This variability could also 
be compared to global requirement, to quantify the degree 
of change necessary in each or a combination of parameters 
that would lead to the model estimating a global nutrient 
undersupply. This approach would identify the most impor-
tant datapoints influencing supply calculation for a specific 
nutrient and quantify more precisely our confidence in 
model-estimated sufficiency of that specific nutrient.

An alternative approach to the ± 50% used here would be 
to use expert opinion and literature data to inform reasonable 
distributions of uncertainty for each datapoint in each data 
group, and to then run a sensitivity analysis using these dis-
tributions, perhaps ignoring values with uncertainty below 
a certain cutoff (Kim et al., 2022), or relying on Bayesian 
sensitivity analysis (Berger et al., 1994). However, defin-
ing the reasonable and informative distributions would be a 
large, challenging, and subjective task. It would be feasible 
for a small number of datapoints and would be an indepen-
dent commensurate research work in itself. Identifying an 
approach that allows for more comprehensive sensitivity 
analyses more reflective of the actual variation in the under-
lying data, while still being computationally feasible, would 
be beneficial to the field of nutrition modelling.

The opportunity exists to take a similar analytical 
approach to assessing sensitivity at a regional or national 
level. Several of the underlying datasets, notably the FBS, 
have this degree of data resolution. Undertaking this analysis 
for every country would face the computational difficulties 
mentioned above, but it would be feasible instead to identify 

1 3

https://doi.org/10.1007/s12571-025-01598-6
https://doi.org/10.1007/s12571-025-01598-6


Sensitivity analysis of global food and nutrition modelling

Elmadfa, I., & Meyer, A. L. (2010). Importance of food composition 
data to nutrition and public health. European Journal of Clinical 
Nutrition, 64, S4–S7. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​3​8​​/​e​j​​c​n​.​2​0​1​0​.​2​0​2

Fao. (1997). Technical conversion factors for agricultural commodi-
ties. FAO.

Fao. (2001). Food balance sheets - a handbook. (Rome: FAO). ​h​t​t​p​​s​:​/​​/​
w​w​w​​.​f​​a​o​.​​o​r​g​/​​4​/​x​​9​8​9​​2​e​/​X​9​8​9​2​E​0​0​.​h​t​m

Fao. (2011). Global food losses and food waste - extent, causes and 
prevention. United Nations Food and Agriculture Organisation.

Fao. (2018). Sustainable food systems: Concept and framework. 
(Rome: FAO). ​w​w​w​.​f​a​o​.​o​r​g​/​3​/​c​a​2​0​7​9​e​n​/​C​A​2​0​7​9​E​N​.​p​d​f

Fao. (2023). World food and agriculture - statistical yearbook 2023. 
FAO. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​4​​0​6​0​​/​c​c​​8​1​6​6​e​n

Fao (2024). FAO Food Balance Sheets [Online]. United Nations Food 
and Agriculture Organization. Available: ​h​t​t​p​​:​/​/​​w​w​w​.​​f​a​​o​.​o​​r​g​/​f​​a​o​s​​
t​a​t​​/​e​n​/​#​d​a​t​a​/​F​B​S​H. Accessed 16 February 2024.

Fao/Who. (2019). Sustainable healthy diets: Guiding principles. FAO.
Food and Agriculture Organization. (1989). Yield and nutritional value 

of the commercially more important fish species. (Rome).
Gilani, S., Tomé, D., Moughan, P., and Burlingame, B. (2012). Report 

of a sub-committee of the 2011 FAO consultation on “Protein 
Quality Evaluation in Human Nutrition”: The assessment of 
amino acid digestibility in foods for humans and including a col-
lation of published ileal amino acid digestibility data for human 
foods. Auckland, New Zealand: FAO.

Kim, A., Mutel, C. L., Froemelt, A., & Hellweg, S. (2022). Global 
sensitivity analysis of background life cycle inventories. Environ-
mental Science & Technology, 56, 5874–5885. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​
.​1​​0​2​1​​/​a​c​​s​.​e​s​t​.​1​c​0​7​4​3​8

Li, T., Sun, X., Lu, Z., & Wu, Y. (2016). A novel multiobjective optimi-
zation method based on sensitivity analysis. Mathematical Prob-
lems in Engineering, 2016(1), 6012805. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​1​5​5​​/​
2​0​​1​6​/​6​0​1​2​8​0​5

Lividini, K., & Masters, W. A. (2022). Tracing global flows of bioac-
tive compounds from farm to fork in nutrient balance sheets can 
help guide intervention towards healthier food supplies. Nature 
Food, 3, 703–715. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​3​8​​/​s​4​​3​0​1​6​-​0​2​2​-​0​0​5​8​5​-​w

Macleod, M. J., Vellinga, T., Opio, C., Falcucci, A., Tempio, G., Hen-
derson, B., et al. (2018). Invited review: A position on the global 
livestock environmental assessment model (GLEAM). Animal, 
12, 383–397. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​1​7​​/​S​1​​7​5​1​7​3​1​1​1​7​0​0​1​8​4​7

Moughan, P., Gilani, S., Rutherfurd, S., & Tomé, D. (2012). True ileal 
amino acid digestibility coefficients for application in the calcu-
lation of digestible indispensable amino acid score (DIAAS) in 
human nutrition. FAO.

Passarelli, S., Free, C. M., Allen, L. H., Batis, C., Beal, T., Biltoft-
Jensen, A. P., et al. (2022). Estimating national and subnational 
nutrient intake distributions of global diets. The American Jour-
nal of Clinical Nutrition, 116, 551–560. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​9​3​​/​
a​j​​c​n​/​n​q​a​c​1​0​8

Raab, A., & Feldmann, J. (2019). Biological sulphur-containing com-
pounds – Analytical challenges. Analytica Chimica Acta, 1079, 
20–29. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​1​6​​/​j​.​​a​c​a​.​2​0​1​9​.​0​5​.​0​6​4

Robinson, S., Dunston, S., Mishra, A., Sulser, T. B., Mason-D’croz, 
D., Robertson, R. D. et al. (2024). The international model for 
policy analysis of agricultural commodities and trade (IMPACT): 
Model documentation for version 3.6. Modeling systems techni-
cal paper 1. Intl food policy res inst.

Rosegrant, M. W., Sulser, T. B., Dunston, S., Mishra, A., Cenacchi, N., 
Gebretsadik, Y., et al. (2024). Food and nutrition security under 
changing climate and socioeconomic conditions. Global Food 
Security, 41, 100755. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​1​6​​/​j​.​​g​f​s​.​2​0​2​4​.​1​0​0​7​5​5

Roser, H. R. A. M. (2017). Micronutrient deficiency. In Published 
online at OurWorldInData.org. ​h​t​t​p​​s​:​/​​/​o​u​r​​w​o​​r​l​d​​i​n​d​a​​t​a​.​​o​r​g​​/​m​i​​c​r​o​​
n​u​t​r​​i​e​​n​t​-​d​e​f​i​c​i​e​n​c​y

ceptualization, Methodology, Formal Analysis, Supervision, Writing – 
First Draft. Matthieu Vignes: Conceptualization, Methodology, Formal 
Analysis, Supervision, Writing – Review & Editing. Warren McNabb: 
Conceptualization, Supervision, Writing – Review & Editing.

Funding  Open Access funding enabled and organized by CAUL and 
its Member Institutions. DS was supported by student scholarships 
from the Riddet Institute. This research did not receive any specific 
grant from funding agencies in the public, commercial, or not-for-
profit sectors.

Data availability  Data sources are sufficiently detailed in the method-
ology, and the results refer sufficiently to the supplementary material.

Declarations

Conflict of interest  The authors declare no conflict of interest.

Open Access   This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​o​​n​s​.​​o​
r​g​​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/.

References

Almaraz, M., Houlton, B. Z., Clark, M., Holzer, I., Zhou, Y., Ras-
mussen, L., et al. (2023). Model-based scenarios for achieving 
net negative emissions in the food system. PLoS Climate, 2, 
e0000181. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​3​7​1​​/​j​o​​u​r​n​a​l​.​p​c​l​m​.​0​0​0​0​1​8​1

Beach, R. H., Sulser, T. B., Crimmins, A., Cenacchi, N., Cole, J., 
Fukagawa, N. K., et al. (2019). Combining the effects of increased 
atmospheric carbon dioxide on protein, iron, and zinc availability 
and projected climate change on global diets: A modelling study. 
The Lancet Planetary Health, 3, e307–e317. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​
1​6​​/​S​2​​5​4​2​-​5​1​9​6​(​1​9​)​3​0​0​9​4​-​4

Beal, T., Massiot, E., Arsenault, J. E., Smith, M. R., & Hijmans, R. J. 
(2017). Global trends in dietary micronutrient supplies and esti-
mated prevalence of inadequate intakes. PLoS One, 12, e0175554. ​
h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​3​7​1​​/​j​o​​u​r​n​a​l​.​p​o​n​e​.​0​1​7​5​5​5​4

Berger, J. O., Moreno, E., Pericchi, L. R., Bayarri, M. J., Bernardo, 
J. M., Cano, J. A., et al. (1994). An overview of robust Bayesian 
analysis. Test, 3, 5–124. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​0​7​​/​B​F​​0​2​5​6​2​6​7​6

Beuving, M., McNabb, W. C., & Smith, N. W. (2024). Global nutri-
ent content embedded in food losses and waste: Identifying the 
sources and magnitude along the food supply chain. Sustainable 
Production and Consumption, 51, 519–531. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​
1​6​​/​j​.​​s​p​c​.​2​0​2​4​.​1​0​.​0​0​5

Dietrich, J. P., Bodirsky, B. L., Humpenöder, F., Weindl, I., Stevanović, 
M., Karstens, K., et al. (2019). MAgPIE 4 – A modular open-
source framework for modeling global land systems. Geoscien-
tific Model Development, 12, 1299–1317. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​5​​1​9​
4​​/​g​m​​d​-​1​2​-​1​2​9​9​-​2​0​1​9

1 3

https://doi.org/10.1038/ejcn.2010.202
https://www.fao.org/4/x9892e/X9892E00.htm
https://www.fao.org/4/x9892e/X9892E00.htm
http://www.fao.org/3/ca2079en/CA2079EN.pdf
https://doi.org/10.4060/cc8166en
http://www.fao.org/faostat/en/#data/FBSH
http://www.fao.org/faostat/en/#data/FBSH
https://doi.org/10.1021/acs.est.1c07438
https://doi.org/10.1021/acs.est.1c07438
https://doi.org/10.1155/2016/6012805
https://doi.org/10.1155/2016/6012805
https://doi.org/10.1038/s43016-022-00585-w
https://doi.org/10.1017/S1751731117001847
https://doi.org/10.1093/ajcn/nqac108
https://doi.org/10.1093/ajcn/nqac108
https://doi.org/10.1016/j.aca.2019.05.064
https://doi.org/10.1016/j.gfs.2024.100755
https://ourworldindata.org/micronutrient-deficiency
https://ourworldindata.org/micronutrient-deficiency
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1371/journal.pclm.0000181
https://doi.org/10.1016/S2542-5196(19)30094-4
https://doi.org/10.1016/S2542-5196(19)30094-4
https://doi.org/10.1371/journal.pone.0175554
https://doi.org/10.1371/journal.pone.0175554
https://doi.org/10.1007/BF02562676
https://doi.org/10.1016/j.spc.2024.10.005
https://doi.org/10.1016/j.spc.2024.10.005
https://doi.org/10.5194/gmd-12-1299-2019
https://doi.org/10.5194/gmd-12-1299-2019


D. Shippey et al.

Wang, X., Dietrich, J. P., Lotze-Campen, H., Biewald, A., Stevanović, 
M., Bodirsky, B. L., et al. (2020). Beyond land-use intensity: 
Assessing future global crop productivity growth under different 
socioeconomic pathways. Technological Forecasting And Social 
Change, 160, 120208. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​1​6​​/​j​.​​t​e​c​​h​f​o​​r​e​.​2​​0​2​​0​.​1​2​
0​2​0​8

Willett, W., Rockström, J., Loken, B., Springmann, M., Lang, T., 
Vermeulen, S., et al. (2019). Food in the anthropocene: The 
EAT-Lancet commission on healthy diets from sustainable food 
systems. The Lancet, 393, 447–492. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​1​6​​/​S​0​​1​
4​0​-​6​7​3​6​(​1​8​)​3​1​7​8​8​-​4

Xue, L., Liu, G., Parfitt, J., Liu, X., Van Herpen, E., Stenmarck, Å., et 
al. (2017). Missing food, missing data? A critical review of global 
food losses and food waste data. Environmental Science & Tech-
nology, 51, 6618–6633. ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​o​​r​​g​​/​​1​0​​.​1​0​​​2​1​/​​​a​c​s​.​​e​s​t​.​7​b​0​0​4​0​1

Publisher’s Note  Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

Daniel Shippey  worked as a stu-
dent intern with the Riddet Insti-
tute’s Sustainable Nutrition 
Initiative® between 2021 and 
2024. His expertise is in program-
ming and data analysis, in this 
project focussed on analysis of the 
DELTA Model® tool using R and 
Awk. He is currently an Informa-
tion Sciences student at Massey 
University.

Matthieu Vignes  Matthieu stud-
ied Applied Maths/Stats at the 
ENS Lyon (France) before doing 
his PhD in Grenoble (2007, 
INRIA Rhone-Alpes, France). He 
then joined BioSS in Dundee and 
Aberdeen (Scotland) from 2006 to 
2009 as a Statistician. He then 
became a Research Fellow in the 
Maths and Comput. Sc. dpt of the 
INRAE-Toulouse (France) in 
2009 (present: detached position). 
Matthieu is now a Senior Lecturer 
in Statistical Genetics at Massey 
University (New Zealand). Mat-

thieu’s work focuses on deciphering relationships between entities in a 
complex (e.g. biological) system.

Ruggeri Laderchi, C., Lotze-Campen, H., Declerck, F., Bodirsky, B. 
L., Collignon, Q., Crawford, M. S. et al. (2024). The economics 
of the food system transformation. Food system economics com-
mission. ​h​t​t​p​​s​:​/​​/​f​o​o​​d​s​​y​s​t​​e​m​e​c​​o​n​o​​m​i​c​​s​.​o​​r​g​/​​w​p​-​c​​o​n​​t​e​n​​t​/​u​p​​l​o​a​​d​s​/​​F​
S​E​​C​-​G​​l​o​b​a​​l​_​​P​o​l​i​c​y​_​R​e​p​o​r​t​.​p​d​f

Schulte, J., & Nissen, V. (2023). Sensitivity analysis of combinatorial 
optimization problems using evolutionary bilevel optimization 
and data mining. Annals of Mathematics and Artificial Intelli-
gence, 91, 309–328. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​0​7​​/​s​1​​0​4​7​2​-​0​2​2​-​0​9​8​2​
7​-​w

Simon, W. J., Hijbeek, R., Frehner, A., Cardinaals, R., Talsma, E. F., 
& Van Zanten, H. H. E. (2024). Circular food system approaches 
can support current European protein intake levels while reducing 
land use and greenhouse gas emissions. Nature Food, 5, 402–412. ​
h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​3​8​​/​s​4​​3​0​1​6​-​0​2​4​-​0​0​9​7​5​-​2

Smith, M. R., Micha, R., Golden, C. D., Mozaffarian, D., & Myers, S. 
S. (2016). Global expanded nutrient supply (GENuS) model: A 
new method for estimating the global dietary supply of nutrients. 
PLoS One, 11, e0146976. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​3​7​1​​/​j​o​​u​r​n​a​l​.​p​o​n​e​.​0​
1​4​6​9​7​6

Smith, N. W., Fletcher, A. J., Dave, L. A., Hill, J. P., & Mcnabb, W. C. 
(2021). Use of the DELTA model to understand the food system 
and global nutrition. The Journal of Nutrition, 151(10), 3253–
3261. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​9​3​​/​j​n​​/​n​x​a​b​1​9​9

Smith, N. W., Fletcher, A. J., Millard, P., Hill, J. P., & McNabb, W. C. 
(2022a). Estimating cropland requirements for global food sys-
tem scenario modeling. Frontiers in Sustainable Food Systems, 6, 
1063419. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​3​​3​8​9​​/​f​s​​u​f​s​.​2​0​2​2​.​1​0​6​3​4​1​9

Smith, N. W., Fletcher, A. J., Hill, J. P., & McNabb, W. C. (2022b). 
Modeling the contribution of meat to global nutrient availability. 
Frontiers in Nutrition, 9, 766796. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​3​​3​8​9​​/​f​n​​u​t​.​2​
0​2​2​.​7​6​6​7​9​6

Smith, N. W., Fletcher, A. J., Hill, J. P., & Mcnabb, W. C. (2022c). 
Modeling the contribution of milk to global nutrition. Frontiers 
in Nutrition, 8, Article 716100. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​3​​3​8​9​​/​f​n​​u​t​.​2​0​2​
1​.​7​1​6​1​0​0

Sobol’, I. M. (2001). Global sensitivity indices for nonlinear math-
ematical models and their Monte Carlo estimates. Mathematics 
and Computers in Simulation, 55, 271–280. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​
1​6​​/​S​0​​3​7​8​-​4​7​5​4​(​0​0​)​0​0​2​7​0​-​6​S​p​a​n​g

Spang, E. S., Moreno, L. C., Pace, S. A., Achmon, Y., Donis-Gonzalez, 
I., Gosliner, W. A., et al. (2019). Food loss and waste: Measure-
ment, drivers, and solutions. Annual Review of Environment and 
Resources, 44, 117–156. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​1​4​6​​/​a​n​​n​u​r​​e​v​-​​e​n​v​i​​r​o​​
n​-​1​0​1​7​1​8​-​0​3​3​2​2​8

Stevens, G. A., Beal, T., Mbuya, M. N. N., Luo, H., Neufeld, L. M., 
Addo, O. Y., et al. (2022). Micronutrient deficiencies among pre-
school-aged children and women of reproductive age worldwide: 
A pooled analysis of individual-level data from population-repre-
sentative surveys. The Lancet Global Health, 10, e1590–e1599. ​h​
t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​1​6​​/​S​2​​2​1​4​-​1​0​9​X​(​2​2​)​0​0​3​6​7​-​9

Sustainable Nutrition Initiative®. (2024). ​w​w​w​.​s​u​s​t​a​i​n​a​b​l​e​n​u​t​r​i​t​i​o​n​i​n​
i​t​i​a​t​i​v​e​.​c​o​m [Online]. Available: ​w​w​w​.​s​u​s​t​a​i​n​a​b​l​e​n​u​t​r​i​t​i​o​n​i​n​i​t​i​a​t​i​
v​e​.​c​o​m . Accessed 16 February 2023.

Thar, C.-M., Jackson, R., Swinburn, B., & Mhurchu, C. N. (2020). A 
review of the uses and reliability of food balance sheets in health 
research. Nutrition Reviews, 78, 989–1000. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​
9​3​​/​n​u​​t​r​i​t​/​n​u​a​a​0​2​3

United States Department of Agriculture Economic Research Ser-
vice. (1992). Agricultural handbook number 697, weights, mea-
sures, and conversion factors for agricultural commodities and 
their products. (Washington, DC: United States Department of 
Agriculture).

Usda. (2020). FoodData central [Online]. Available: ​h​t​t​p​​s​:​/​​/​f​d​c​​.​n​​a​l​.​​u​s​d​
a​​.​g​o​​v​/​d​​o​w​n​​l​o​a​​d​-​d​a​​t​a​​s​e​t​s​.​h​t​m​l. Accessed 21 August 2020.

1 3

https://doi.org/10.1016/j.techfore.2020.120208
https://doi.org/10.1016/j.techfore.2020.120208
https://doi.org/10.1016/S0140-6736(18)31788-4
https://doi.org/10.1016/S0140-6736(18)31788-4
https://doi.org/10.1021/acs.est.7b00401
https://foodsystemeconomics.org/wp-content/uploads/FSEC-Global_Policy_Report.pdf
https://foodsystemeconomics.org/wp-content/uploads/FSEC-Global_Policy_Report.pdf
https://doi.org/10.1007/s10472-022-09827-w
https://doi.org/10.1007/s10472-022-09827-w
https://doi.org/10.1038/s43016-024-00975-2
https://doi.org/10.1038/s43016-024-00975-2
https://doi.org/10.1371/journal.pone.0146976
https://doi.org/10.1371/journal.pone.0146976
https://doi.org/10.1093/jn/nxab199
https://doi.org/10.3389/fsufs.2022.1063419
https://doi.org/10.3389/fnut.2022.766796
https://doi.org/10.3389/fnut.2022.766796
https://doi.org/10.3389/fnut.2021.716100
https://doi.org/10.3389/fnut.2021.716100
https://doi.org/10.1016/S0378-4754(00)00270-6Spang
https://doi.org/10.1016/S0378-4754(00)00270-6Spang
https://doi.org/10.1146/annurev-environ-101718-033228
https://doi.org/10.1146/annurev-environ-101718-033228
https://doi.org/10.1016/S2214-109X(22)00367-9
https://doi.org/10.1016/S2214-109X(22)00367-9
http://www.sustainablenutritioninitiative.com
http://www.sustainablenutritioninitiative.com
http://www.sustainablenutritioninitiative.com
http://www.sustainablenutritioninitiative.com
https://doi.org/10.1093/nutrit/nuaa023
https://doi.org/10.1093/nutrit/nuaa023
https://fdc.nal.usda.gov/download-datasets.html
https://fdc.nal.usda.gov/download-datasets.html


Sensitivity analysis of global food and nutrition modelling

Warren McNabb  is a Professor 
of Nutritional Sciences at the Rid-
det Institute, a Centre of Research 
Excellence, hosted by Massey 
University. His research interests 
include nutrition for health, 
human-microbiome interactions, 
physiology and metabolism. War-
ren has had a long food science 
career, having published >215 sci-
entific papers with >16,400 cita-
tions. Warren is a Fellow of the 
NZ Institute of Agricultural and 
Horticultural Sciences, a member 
of the NZ Institute of Food Sci-

ence and Technology, American Society of Nutrition and Canadian 
Nutrition Society, and serves on national and international research 
advisory and funding panels, including the World Farming Organisa-
tion Scientific Council.

Nick Smith  is a Senior Research 
Officer at the Riddet Institute’s 
Sustainable Nutrition Initiative®, 
providing evidence for the sus-
tainable food system debate and 
ensuring that human nutrition is 
seen as a key aspect of sustainabil-
ity. Nick’s expertise is in model-
ling of complex systems, and he 
studies the dynamics of global and 
national food systems and their 
impact on population nutrition.

1 3


	﻿Sensitivity analysis of global food and nutrition modelling
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Methods
	﻿2.1﻿ ﻿The DELTA Model®
	﻿2.2﻿ ﻿Sensitivity analysis

	﻿3﻿ ﻿Results
	﻿3.1﻿ ﻿One-at-a-time analysis
	﻿3.2﻿ ﻿Multiple value analysis

	﻿4﻿ ﻿Discussion
	﻿5﻿ ﻿Conclusion
	﻿References


