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The objective of this paper is to predict food consumption patterns for future decades by

different social groups while taking generational change into account in the modelling. Using

over 20 million observations of households in Switzerland from 1990 to 2017, we develop and

apply four forecasting techniques that shift from referenced linear forecasts to population-

driven forecasts. Each method considers values of selected household characteristics to

define a “social group”, derives the proportion of each social group in society for the years

1990–2050, forecasts the future consumption of 75 food items in each social group in its

unique way, and weighs these consumption patterns to obtain a future consumption for the

total population. Although the results vary for each of the 75 food items and each method,

altogether and in general, they define a narrow interval of future consumption development

until 2050. All aspects of the approaches and the comparison of the outcomes contribute to

knowledge about possible and nontrivial forecasting techniques on big data and foresight

about the future of home food consumption.
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Introduction

Studies on future food demand indicate that realistic pro-
jections of food demand are important and relevant in
managing stocks, logistics, food production, supply chains,

disease risk and the environmental footprint (Daniel et al., 2010;
Food and Agriculture Organization of the United Nations (FAO),
2017; Flies et al., 2018; Smith, 2014; United Nations, 2019). Our
contribution builds on the importance of generations in prog-
nosing food trends (see Mann and Loginova, 2023; FAO, 2018)
and the old tradition of finding better statistical solutions moti-
vated by the demands of food research (e.g. Brown, 1954;
Benjamin, 1992; Girshick and Haavelmo, 1947; Tintner, 1953).
The main purpose and goal of our research is to develop and
apply methods of predicting food consumption patterns for
future decades and social groups while taking generational change
into account.

Benefitting from the advantages of existing big data on Swiss
food consumption and a ready demographic prognosis on
population by age and gender (demographic pyramid) performed
by the Federal Statistical Office (2020), we extend the range of
ideas about studying consumption offered by Athey and Imbens
(2019) by providing and performing the following applied tech-
niques of long-term food trend forecasting:

● Model A: reference scenario, extrapolations of trends
yearly;

● Model B: extrapolations of trends by age and gender and
adding the information from the demographic pyramid;

● Model C: forecasting consumption using generational
trends;

● Model D: general linear model (GLM) prediction with
additional factors;

● Model E: a SuperLearner (Polley et al., 2023) that allocates
weights for the predictions of powerful models to achieve
even better explanatory power compared to the powers of
the sole models included in the SuperLearner. The
SuperLearner used in this work is a weighted combination
of the logit model, XGBoosting and random forest applied
to range normalised consumption data for each separate
food and considering the best explanatories available in our
data set.

The remainder of this article is structured as follows. Section
“Literary review” provides a short literary review. Section “Data”
describes our data and data processing. Section “Methods”
describes five applied methods. Section “Results” presents and
discusses our results and the limitations of our approaches. Sec-
tion “Discussion and conclusion” outlines the conclusions
reached in this study.

Literary review
Past approaches to food demand forecasting vary widely from
early partial equilibrium modelling, extrapolation and linear
regression (Bodirsky et al., 2015; Mackle and David, 1976; Wood,
1977) to relatively new machine learning, decision tree, neural
network and boosting techniques (e.g. Bozkir and Sezer, 2011;
Harshini et al., 2021; Iyer, 2020; Lime, 2022; Lutoslawski et al.,
2021; Massachusetts Institute of Technology, 2020; Perego, 2019;
Pujara et al., 2022). Reviews of these methods were presented by
van Dijk et al. (2021), Petropoulos and Carver (2019) and Tarallo
et al. (2019). Flies et al. (2018) noted that ‘while estimates of
future global kilocalorie demand have a broad range, they are not
consistently dependent on model complexity or form’.

Food tastes and demands not only depend on age and other
well-known factors, such as income and gender, but also change
across generations and social groups over time. In this paper, we

attempt to consider these culturally and demographically driven
factors in prognosing future food consumption at the national
level. Switzerland is a convenient case in point for a study on
culturally driven trends because changes in consumption patterns
are driven mostly by demand rather than by supply (Baur et al.,
2022; Godin and Sahakian, 2018; Mann and Loginova, 2023;
Sahakian et al., 2020).

Data
Household survey. We used disaggregated household-level data
from the Swiss Federal Statistical Office (2022) from up to 12,000
households in Switzerland per year for the years 1990–2017. The
basis of this study is a yearly random sample of households in
Switzerland who reported their household characteristics and
food purchasing diaries, specifically a list and the amount (in
kilograms or litres) of food they bought over a one-month period.
Therefore, the data we used were obtained from a randomised
observational survey. The average numbers of consumption per
person calculated for this database mainly match official statistics
(AGRISTAT, 2023) and are smaller than those declared by some
Swiss non-governmental organizations because the latter tend to
use food balances and add restaurant food and foods eaten by
tourists to their averages for the population. The data we used do
not contain this kind of information, so our data do not account
for a general shift from home to restaurant food consumption
within households (Czarniecka-Skubina and Kowalczuk, 2015).
Additionally, the weight declared by households is usually the
weight of food before processing (e.g. cooking or peeling) and
contains, for example, the weight of bones present in meat pro-
ducts. To the best of our knowledge, these shortcomings in food
data have not yet been solved in any of the existing consumption
databases, even though this bias is considered meaningful (see,
e.g., potato weight shrinkage along the supply chain in Willersinn
et al., 2015; vegetable waste in Bouclaous and Jaubert, 2015).
Nevertheless, we have used the largest, most long-term and most
reliable dataset that is available in Switzerland.

We employed 75 food categories, which exceed those in Mann
and Loginova (2023), and also defined 16 generations with 10
consecutive birth years each, ranging from Generations 0 (born
between 1896 and 1905) to 15 (born between 2046 and 2055). If
all participants of the household belonged to the same generation,
the household was assigned to this generation; that is, generations
were assigned to singles and to households with people of similar
age. The other households were distributed between the ‘house-
holds with children’ and ‘mixed’ groups, which were not used for
generational analyses. In total, our analysis included 20 million
observations representing consumption volumes per person for
75 comparable food categories for the years 1990–2017. The
characteristics of the households are listed in Table 1.

In general, we used only balanced household characteristics in
our estimations. The population and our data are balanced by
members: one-half of all members belong to households with one
or two members, and the other half belong to households with
more than two members. Income distribution is close to the
normal distribution in our sample, and the number of members
in the income groups is close to each other. The age distribution
is normal, but the older population has been slightly over-
represented since 2010. The sample was overweighted towards
females. The regional language variable is balanced, with 51% of
the population belonging to the German-speaking part of
Switzerland and the French, Italian, retro-Romanian and other
languages totalling 49% of the sample. Mixed households (by age
and generation) and households with children were excluded
from the analysis.
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Our data needed an outlier policy, so we considered as outliers 1%
of households with the highest consumption and 1% of households
with the lowest consumption per person. Any higher percentage of
outliers would have reduced the information on rare food
consumption habits (e.g. consumption of horse meat, in the case
of a lower upper bond for horse meat, and consumption of
vegetarian consumers, in the case of a higher bottom bond for meat).

Considering social characteristics. We did not consider the
smoking status of household residents, which was deemed sig-
nificant for Swiss dairy consumption by Inanir et al. (2020)
because the degree to which smoking contributes to consumption
in most included nondairy food categories is not quantitatively
proven for Swiss residents. Additionally, we did not use cultural
variables, such as nationality, because the data set contains
information about persons of more than 100 different national-
ities who may live with a Swiss person within one household,
which represents thousands of possible cultural combinations and
food attitudes. Kearney (2010) defines other drivers of food
consumption at a global level: marketing, urbanisation, retail
spread, consumer attitudes, trade liberalisation and international
corporations. Because Switzerland is a smaller territory than most
countries, the global factors of food consumption change may be
considered relatively homogeneous for most Swiss territories.

We list the value of each characteristic of a household as an ID,
which we define as a ‘social ID’, which defines a ‘socioeconomic
group’ or ‘social group’. Social IDs vary between the studied
models and contain information about combinations of the
following:

● Model A: no social factors (the social ID is not used);
● Model B: household age and gender;
● Model C: household generation and gender;
● Models D and E: household age, gender, generation, gross

income and region.

For example, in Model B, a group of households aged 35–44
and with more males than females among the members is

assigned the social ID of ‘3|0’. In Model D, a group of households
aged 25–34, with more male than female members, belonging to
Generation 7, Income Group 2 (4000–7000 CHF) and the
German-speaking region of Switzerland is assigned a social ID of
‘2|0|7|2|1’. Despite the data set containing over 20 million
observations, we can calculate averages for almost any combina-
tion of the listed factors and even track the dynamics of
consumption for any of these social groups.

We grouped the households in our data set for each studied
year according to a social ID and averaged the consumption per
person separately within each group and for each food. Each
characteristic considered increased the number of socioeconomic
groups of households and decreased the number of households in
each group. As a result, our data became panelled, whereby the
single sample was a social group, and the years 1990–2017 were
the time period. We calculated the number of participants (people
in households) in each social group, which thereafter served as
the weight of the socioeconomic group. We used the weight of a
socioeconomic group to calculate the share of the socioeconomic
group in the total population.

Population dynamics. Information on population dynamics was
obtained from statistical and demographic forecasting performed
by the Federal Statistical Office (2020). These data contained the
actual (since 1860) and forecasted (2020–2070) number of men
and women in Switzerland in each age group. We used the actual
numbers of men and women of each age for 1990–2022 and the
forecasted numbers of men and women of each age for
2023–2050. These forecasts predict population numbers based on
available demographic data, with the upper and lower limits
defined by the cumulative standard error. We chose the average
pyramid forecast to model the social group weighting.

The most convenient way to process these data was to switch
from age to year of birth. After assigning generations and ages to
cohorts by birth years, we established the group sizes by age and
gender and by generation and gender. We used this information
to calculate the shares of age groups by gender and the shares of

Table 1 Data observed for households.

# Household characteristic Levels Format and meaning of the variable

1 Household ID Character Individual ID for each household and year
2 Year of observation Years 1990, 2000–2017
3 Food Character Food Name
4 Household consumption None Numeric variable, household consumption in grams
5 Number of members in the

household
None Numeric variable, meaning the household population

6 Gross household income
(monthly)

(1) <3999 CHF
(2) 4000–7000 CHF
(3) 7000–10,000 CHF
(4) More than 10,000 CHF

Ordered numeric variable, meaning the gradual income class
increase

7 Age interval (1) 15–24 years
(2) 25–34 years
(3) 35–44 years
(4) 45–54 years
(5) 55–64 years
(6) 65–74 years
(7) 75 and over

The number that declares age group in the observed year; this
characteristic maps the age between the participants of the
household

8 Gender majority If the number of female respondents relative to
the number of total household respondents (%):
(1) 50% or higher, then women
(2) is strictly <50%, then men

Dummy variable is higher for a household with a higher share of
females in their population; the 50% threshold is considered
female, following Loginova and Mann (2024)

9 Landscape, culture,
language

Regional language:
(1) German and Swiss German
(0) Other

Dummy that reflects the language of the region

10 Generations (0–15) Generations 0–15 Generations, as defined in the main text of the article
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generations by gender to weigh the final forecasts of Models B
and C, respectively. However, we also used a data-driven
approach to discover the social group sizes for Models D and E
because the ready forecasts for the population groups defined at
the level of detail used in our models do not currently exist (see
the section “Sizes and shares of social groups”).

Avoiding the weaknesses of methods. There are three main
issues that complicate forecasting over time using trends. The first
is the nonstationarity of time series, which challenges the validity
of any prediction technique (see, e.g., Loginova and Mann, 2022).
Moreover, there is a growing practice of achieving stationarity
before performing causal and panel data analysis (e.g. Callaway
and Sant’Anna, 2021; Mink et al., 2023); therefore, stationarity
was ensured for the linear estimations in this study. The second
issue is the possibility of occasionally assuming linearity for
nonlinear data and estimates over time. When this assumption is
made by researchers, machines, or functions, it may harm the
prediction if the development of the dependent variable is
exponential or polynomial. The large number of cases and variety
of best-fitting trends may result in forecast challenges. The same
principle applies to assumptions of normality for nonnormally
distributed data. The third issue is the zero and negative predicted
values for variables in negative dynamics and infinitely high
predicted values for variables in positive dynamics, both of which
are predicted in the long run. This issue is hidden in modelling
for descriptive purposes but becomes apparent if the model is
applied to predicting the values of many time units in the future.

Growth rates for Models A–C. When analysing our household
consumption data with Models A–C, we faced the three above-
mentioned issues. A well-known solution to avoid or at least
minimise the consequences of such issues has been established in
time-series analysis: the transition from values in levels to growth
rates. Therefore, we finished the data preparation by calculating
the growth rate values within each social ID (id). Formally, we
took a variable of interest �ci;id;t;h in levels for each household
h 2 1¼H½ �, food (iÞ at time (t), calculated the weighted mean of
those across the households �ci;id;t and calculated growth rates ci;id;t
as follows:

ci;id;t ¼
�ci;id;t
�ci;id;t�1

� 1 ¼ ∑H
h �ci;id;t;h � �wid;t;h

∑H
h �ci;id;t�1;h;� �wid;t�1;h

� 1; t 2 ½2001¼ 2017�
ffiffiffiffiffiffiffiffiffiffi
�ci;id;2000
�ci;id;1990

n

q

� 1; t 2 1991¼ 2000½ �; n ¼ 10

8
><

>:

9
>=

>;

ð1Þ

We used the number of members in the households as the
weight of a household in social group (id); therefore, �wid;t;h is a
share of the population belonging to household (h) at time (t) in
the total population with social group (id). Because the first year
of observation was lost during the rate calculation and the values
for the years between 1990 and 2000 were missing from the raw
data, we shared consumption growth between n years from 1991
to 2000 equally. The equation for t 2 1991¼ 2000½ � was derived
from �ci;id;2000 ¼ �ci;id;1990 � ð1þ xÞ2000�1990. In this manner, the
speed of change (x) was the same for t 2 1991¼ 2000½ �.
Compared to the extrapolation of levels, when the change in
levels is stable, the applied transformation does not result in
negative growth dynamics, reflects the future estimations of
trends in growth rates less and is more realistic and easier to
achieve in practice. Transition to growth rates is a common
practice in time-series analysis that makes obtaining stationary,
normalised variables and fair estimates possible.

Range normalisation for Models D and E. Panel data modelling is
mainly based on within-and-between effects in levels, which to
some extent is the first differencing of the data. However, panel
data can suffer from the other issues discussed in the section
“Avoiding the weaknesses of methods”. We decided to range
normalise the data to compare the models between the products
and each other.

To prepare the data for further estimation, we added a shorter
ID to our database that excluded the generational factor from
each social group (id) and denoted it thereafter as €id. Generations
(and time) within the IDs reduced the opportunity to match
social group sizes, maximum (and minimum) consumptions and
other variables for future generations and years. Using a new €id,
we performed range normalisation for the consumption growth
of different social groups (id) to the maximum and minimum
consumption growth (ci;€id;max and ci;€id;min) between the social

groups ð€idÞ:

€ci;id;t;GLM ¼
ci;id;t � ci;€id;min

ðci;€id;max � ci;€id;minÞ ð2Þ

€ci;id;t;SL ¼
1; 0:5<

ci;id;t� ci;€id;min

ðci;€id;max� ci;€id;minÞ

0; 0:5≥
ci;id;t� ci;€id;min

ðci;€id;max� ci;€id;minÞ

8
<

:

9
=

;
ð3Þ

ci;€id;max ¼ maxðci;€id;tÞ; ci;€id;min ¼ min ci;€id;t

� �

; t 2 1991¼ 2017½ �
ð4Þ

For GLM we used €ci;id;t;GLM as described in Eq. (2). For binary
models in SuperLearner, we considered values of €ci;id;t;GLM that
were over 0.5 as 1, and values <0.5 were assigned a 0 value, as
€ci;id;t;SL in Eq. (3) describes. The approaches to feeding these data
into the models are described in the section “Methods”.

Methods
We aimed to forecast personal consumption for each of the 75
types of food. Model A in Eq. (1a), which is the reference sce-
nario, presents a simple trend in personal consumption growth
(per person per food):

ci;id;t ¼ αi þ βit þ εi;id;t ; ð1aÞ
where ci;id;t is the growth in consumption per person of food (i) at
time (t) in a social group (id), αi are constants and εi;id;t are the
error terms. For linear models, we used the robust ‘felm’ function
from the ‘lfe’ R package by Gaure et al. (2023) and the robust ‘lm’
function from the ‘stats’ R package. Model B, described in the
section “Linear extrapolation by age and gender”, used growth in
consumption volume, food type and the variables used to define
the demographic pyramid, namely age and gender. This model,
therefore, considered only households of one gender. Model C,
described in the section “Prognosing by decomposing the total
trend into generational trends ”, used only household generation
and gender information. Models D and E, described in the sec-
tions “GLM model prediction” and “SuperLearner”, respectively,
used all available information, albeit under strong assumptions
that the estimated contributions of all variables to consumption
would remain unchanged and that the homogeneity assumption
would hold within the social groups. Model A did not require
social group weights, as it did not consider social change; how-
ever, Models B–E considered social characteristics and predicted
the growth of consumption for all combinations of values in those
characteristics, such that these outcomes needed to be weighted
for a final forecast. We describe additional forecasts performed to
assist the methods in the section “Additional calculations”, the
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transition back from growth rates to levels in the section
“Transition back to variables in levels”, the weighting of the
outcomes in the section “Weighting” and the limitations of our
methods and research in the section “Limitations and
assumptions”.

Linear extrapolation by age and gender. To forecast food con-
sumption using the population pyramid—that is, its two com-
ponents, age and gender (Model B)—we employed a four-step
procedure: (1) we employed linear models for growth in con-
sumption of each studied food and social group defined by age
interval and gender; (2) we extrapolated the estimated trends for
each studied food and social group; (3) we conducted a trans-
formation of consumption growth back to consumption in levels;
and (4) we adjusted the forecasted values for demographic
population changes by reweighting the final projections according
to the new shares of social groups in the total population. Steps 1
and 2 occurred as follows: for each food (i), age (j) and gender (g)
at time (t), we used the observations of growth in consumption
per person in the social groups (id; age [j] and gender [g] com-
bined) and defined consumption growth in percentage (ci;j;g;t)
and the slopes of the consumption growth trends (βi;j;g). We then
obtained the estimates of consumption growth trends per person
(β̂i;j;g) and constant growth rates (α̂i;j;g), using the following
regression:

ci;j;g;t ¼ αi;j;g þ βi;j;g t þ εi;j;g;t ; ð1bÞ
where εi;j;g;t are the error terms. Therefore, the trends in our study
were measured by regressing the variable of interest on a time
variable. We replaced insignificant estimates of βi;j;g and αi;j;g (i.e.

β̂i;j;g and α̂i;j;g with a p-value of more than 0.01) with zeroes and
calculated consumption growth rates until 2050 as follows:

eci;j;g;_t ¼ α̂i;j;g þ β̂i;j;g � ðt � 1990Þ; t 2 ½2018¼ 2050� ¼ _t ð2bÞ

Prognosing by decomposing the total trend into
generational trends. When distinguishing generational trends
(Model C), we employed a four-step procedure: (1) linear models
of consumption growth for each studied food, generation, and
gender, (2) the extrapolation of the trend estimates for future
generations, (3) transformation back to consumption in levels,
and (4) the calculation of consumption growth projections and
adjustment based on generational population change. Steps 1 and
2 occurred as follows: for each food (i), generation (p) and gender
(g) at time (t), we assigned the observations in the social groups
(id; p and g combined) and defined consumption growth in
percentage (ci;p;g;t) and the slopes of the consumption growth
trends (βi;p;g). We then obtained the estimates of the consump-

tion growth trends per person (β̂i;p;g) using the following
regressions:

ci;p;g;t ¼ αi;p;g þ βi;p;g t þ εi;p;g;t ; g 2 6¼ 8½ �; ð1cÞ
where αi;p;g are constants and εi;p;g;t are the error terms. For this
method, we required explicit ways to deal with unborn genera-
tions. For this purpose, we extrapolated trend estimates (βi;p;gÞ,
that is β̂i;p;g , on future generations as follows:

β̂i;p;g ¼ λi;p;g þ γi;p;g � p ð2cÞ

eci;p;g;_t ¼ ci;p;g;2017 þ β̂i;p;g � ðt � 2017Þ; t 2 2018¼ 2050½ � ¼ _t;

ð3cÞ
where λi;p;g is a constant and γi;p;g is a slope of a trend in β̂i;p;g

within scales x= p and y ¼ β̂i;p;g . The insignificant estimates were
not replaced with zeroes because the hypothesis testing (H0: zero
coefficient, i.e. H0 : γi;p;g ¼ 0) was held on a small sample.
Obviously, ci;p;g;2017 for generations that do not yet exist was ‘N/A’
(not applicable, not available, not assessed, or no answer) and
would become a number only once these generations are born. At
the generation formation year (denoted as �t), ci;p;g;�t equals the

average consumption growth of all previous generations at the
same age and at any time (�ci;p;g;t), as noted in Eq. (4c):

eci;p;g;�t ¼
1

p� 1
∑
p�1

p
�ci;p;g;t ð4cÞ

GLM model prediction. After assessing any model with time (or
time-fixed effects) and generational variables, time and genera-
tional range can be advanced to predict the dependent variable.
However, we assumed that estimates of the factors’ contributions
would remain stable and robust over time. Using a GLM model,
we (1) assessed the contributions of all factors (generations and
time trend, as well as gross household income, age interval,
gender and region) on normalised consumption per person; (2)
considered the chronological change (i.e. we advanced the
1990–2017 range with 2020–2050) and the generational range
(i.e. we advanced the generational range with three more gen-
erations); and (3) predicted future normalised consumption per
person for all possible combinations of variables.

For each food (i), social ID (id; see the section “Considering
social characteristics”) and time (t), we defined consumption
(ci;id;t) and explained it with a time (t) and a set of other
explanatory socioeconomic variables, each denoted as index k 2
1¼K ¼ 5½ � – that is, Xi;id;t;k. For the generational variable,
k ¼ φ. The formula for the regressions we assessed is as follows:

ci;id;t ¼ αi þ β0;i � t þ∑K¼5
k¼1 βk;i � Xi;id;t;k þ ui;id;t ; ð1dÞ

where the regressions were assessed separately for each i, αi was a
constant and β0;i was the slope of the trend. We used the time
trend to avoid predicting the time-fixed effects for the years after
2017. Estimation of Eq. (1d) served as a trained model to predict
the same data set with t ! t þ 30 and Xi;id;t;k¼φ ! Xi;id;t;k¼φ þ 3.
In the above description of the technique, we have omitted a
discussion about testing the trained models because we relied
mainly on the robust functions of the R packages used. However,
it is important to mention that in the case of predicted values over
1 and below 0, we considered them as 1 and 0, respectively. This
decision was made for less than 1% of predicted values to avoid
vulnerable and negative consumption, respectively.

SuperLearner. SuperLearner approach weighs the predictions of
several models to achieve the best receiver operating characteristic
(ROC) curve or the highest ROC estimate (Sing et al., 2020). This
estimate is analogous to the determination coefficient in regres-
sion models. This study follows the guidance of Lantz (2019) and
uses the updated SuperLearner function from the SuperLearner
package (Polley et al., 2023), which was available at the time the
main calculation of this forecast was performed. The R libraries
used to conduct the SuperLearner forecast were ‘SL.xgboost’,
‘SL.glmnet’, ‘SL.lm’, ‘SL.mean’ and ‘SL.ranger’.

The binary dependent variable helped to maintain the most
powerful models (binomial family) in SuperLearner at the cost of
the variation loss during normalisation. As a benefit, the
normalisation performed helped control the predicted consump-
tion values within a finite range. In adopting this approach, we
assumed that future social groups would not consume more than
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the maximum for social groups realised across years from 1990 to
2017 and predicted for years from 2018 to 2050. This assumption
was reasonable because people in the highest-consuming social
group seemed to have a set of socioeconomic characteristics
suitable for consuming the most. As in GLM, we kept the
characteristics but expanded the year range from 1990–2017 to
2018–2050 and advanced the generational range by three
generations.

We tested the models packed in SuperLearner separately on a
random portion (half) of the existing data to predict the other
random portion (half) of the existing data. Using this method, we
checked the model quality estimates (ROCs). More precisely, for
the data for chicken, bread, milk and olive oil, we launched the
GLM function from the ‘stats’ package, the ‘ranger’ function from
the ‘ranger’ package (Wright et al., 2023), and the ‘XGBoost’
function from the ‘XGBoost’ package (Chen and Tong, 2023).
These models delivered a ROC estimate ranging between 0.6 and
0.8, which was sufficiently high for each of the single techniques.1

Since SuperLearners allocate the highest weight for the best
models, we expected that the predictive power of the final models
for different foods should be the highest that a machine can
deliver for the available data.

We used all available data to produce the final trained model.
Next, we applied the trained model to test data with extended
year and generational ranges. The application of the model
delivered the forecasted probability of eπ in each social group
(eπi;id;_t), this is, a value between 0 and 1.

Additional calculations
Sizes and shares of social groups. To discover the social group sizes
for such a large set of variables, we calculated the total number of
participants in households that had formed social groups in the
past. Specifically, we calculated the social group size (total num-
ber of persons in households) in year t (y €id;t). We then used linear
regression for each social group separately (205 extrapolations in
our case) and obtained the estimates of the trends (β̂€id), using the
following regressions:

y €id;t ¼ α€id þ β€idt þ ε€id;t ; ð5Þ

where α€id are constants and ε€id are the error terms. Further, we

extrapolated the estimates of trends (β̂€id) on future social group
sizes as follows:

ey €id;_t ¼ y €id;2017 þ β̂€id � ðt � 2017Þ; t 2 2018¼ 2050½ � ¼ _t; ð6Þ

We further derived new sizes to calculate the shares of social
groups in the total population (es€id;_t , where _t is any t>2017), with
the total size of the population in each year expressed as 100%:

es€id;_t ¼
y €id;_t

∑
Ω

€id
y €id;_t

� 100%; ð7Þ

where es€id are the shares of social groups in the total population
taken as 100% and 205 types of shorter ID (€id) are denoted as a
list Ω.

Shares of generations in population. We allocated the population
between generations in the same way as in the survey observa-
tions (see the section “Household survey”) and calculated shares
of generations in the total population (esp;_t), based on the available
statistics and predictions for the Swiss population (Fig. 1). The
frequency of shares of generations is once per 10 years and
restricts the frequency of the forecasted values. The number of
participants in some generations increased due to migration.

Mixed-generation households and households with children
may consume differently than households with defined genera-
tions (Mann and Loginova, 2023). However, there are no statistics
on the number or share of mixed-generation households in
Switzerland’s total population. We cannot solely allocate any
share to households with children because it is not clear which
generation should change its share to compensate for this
redistribution. Accordingly, we had to recognise the bias and
assume that the error with regard to mixed-generation house-
holds and households with children may be better resolved in
future studies with better statistics.

Transition back to variables in levels. The transition back to
consumption in levels was performed before weighting the

Fig. 1 Shares of generations in population.
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outcomes (see the section “Weighting”), as shown in Eqs.
(8)–(10):

Growth

rates ci;id;t

:::
ci;id;t ¼

�ci;id;1990 � 1þ ci;id;t
� �t�1990

; t 2 1991¼ 2000½ �

�ci;id;t�1 � 1þ ci;id;t
� �

; t 2 2001¼ 2017½ �

�ci;id;_t�1 � 1þeci;id;_t
� �

; _t 2 2018¼ 2050½ �

8
>>>><

>>>>:

9
>>>>=

>>>>;

ð8Þ

Normalised

ci;id;t

:::
ci;id;t ¼ eci;id;t � ci;€id;max � ci;€id;min

� �

þ ci;€id;min

ð9Þ

Probability

eπi;id;_t

:::
ci;id;t ¼ eπi;id;_t � ci;€id;max � ci;€id;min

� �

þ ci;€id;min

ð10Þ

Weighting
Weighting the outcomes of Model B: age and gender. We used
population pyramids—shares of men and women in the total
population by age and year (sj;woman;t and sj;man;t)—to adjust
forecasts (

:::
ci;j;g;t) on demographic change:

:::
ci;_t ¼ ∑

j

:::
ci;j;woman;_t � sj;woman;_t þ∑

j

:::
ci;j;man;_t � sj;man;_t ð11Þ

The resulting values of
:::
ci;_t created a nonlinear line, which is a

weighted version of a line from the reference Model A, such that
Model B considered gender and age distribution over the years.
The outcome of Model B can potentially differ significantly from
that of Model A if, for example, the loss of men and women (e.g.
due to war, illness and poor healthcare), changes in life
expectancy, childbirth and mortality rates and sharp changes in
migration happen compared to previous years.

Weighting the outcomes of Model C: generation and gender. We
used forecasted population pyramids—shares of men and women
in total population, predicted until 2050—by allocating people to
generations and considering the shares of generations in parti-
cular years. Thus, we used population shares by generation,
gender and year (sp;man;t and sp;woman;t) to adjust forecasts (

:::
ci;p;g;t)

of demographic change in the population pyramid, as follows:
:::
ci;t ¼ ∑

j;p
β̂i;p;woman � sp;woman;t � :::

ci;p;woman;t

þ∑
j;p
β̂i;p;man � sp;man;t � :::

ci;p;man;t

ð12Þ

Weighting the outcomes by data-driven socioeconomic group and
generation as in Models D and E: GLM and SuperLearner. In
Models D and E, generations explained the predictions together
with other socioeconomic explanatories that were not covered by
population pyramids. With the consumption values predicted for
each social group and generation, we obtained the final values, as
described in Eq. (13):

:::
ci;_t ¼ ∑

id;p

:::
ci;id;p;_t �es€id �esp;_t ð13Þ

Thus, we weighted the predicted consumption volumes
according to social group (see the section “Sizes and shares of
social groups ”) and generation (see the section “Shares of
generations in population”) shares of the total population to
shape the final forecast (

:::
ci;_t). The results of Models D and E

differed significantly from those of Model B in the case of
structural changes in societal characteristics. In contrast to Model

B, for Switzerland, Models D and E may differ strongly from
reference Model A.

Limitations and assumptions. The list of limitations and
assumptions for the proposed approaches includes, but is not
limited to:

1. A bias towards mixed-generation and mixed-age house-
holds (those with children and migrant populations in all
the studied models): We excluded these households from
the sample to avoid distorting the results and assumed that
these households did not crucially change the results. This
limitation may be addressed by including more question
variety in the surveys or cleverer approaches to weighting in
future studies, for example, by using inverse probability
weighting (Abadie, 2005) for the shares or weights of social
groups. In our estimations, consumption was measured per
person on the adult data, so that children got the adult
estimate of food consumption.

2. Bias in our analysis compared to analyses conducted with a
wider or more accurate list of explanatory variables: This
limitation may be addressed with a higher number and
variety of respondents and more detailed questions in the
survey. For example, household gender was binary in our
estimations because the respondents from the earliest years
of our dataset could only choose between male or female.
Likewise, the regional language of households in our study
was binary; even for a small territory, such as Switzerland,
this approximation can be difficult. Therefore, using a
higher detail of the cultural background of the population is
a priority for future studies. For future studies that take a
wider range of characteristics, our methodological back-
ground fits and is adaptable.

3. A group homogeneity assumption: We assumed that
respondents with the same sets of characteristics were
equal enough to be represented with an average. We also
kept an equal-share gender distribution in most of our
calculations, despite the raw data being slightly unbalanced
by gender. The potential impact of these assumptions and
biases is that consumption of smaller social groups and of
men is slightly overrepresented in the prognosis for the
total population.

4. The reliability and precision of food data: This assumption
may be avoided with more detailed and stably classified
product data sets that consider energy content, processing,
waste, new foods and the weight of packaging and bones.

5. The potential inaccuracy of any approach based on a linear
forecast, which may be addressed by using Seasonal
Autoregressive Integrated Moving Average (SARIMA)
and Generalised Autoregressive Conditional Heteroskedas-
ticity (GARCH) forecasts, rather than linear ones, in future
studies.

6. The reliability and precision of the models themselves and
between-models comparisons, which is solvable by using
SuperLearners with more models and data in future studies.

7. The assumption that the contributions of the studied
factors will remain the same in 1990–2050, despite the
degree to which societal characteristics changed between
1990 and 2017: Our data showed that income inequality
between social groups in Switzerland increased and the
number of households with three or more members halved
over the time studied. Among those without children, the
share of people over 65 years of age increased from 25% to
37%. These changes were coupled with the generational
change presented in Fig. 1. Nevertheless, we maintained this
strong assumption because, to the best of our knowledge, it
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may be addressed only by methods with evolving estimates
that are not yet developed, again to the best of our
knowledge.

8. The assumption that social structure will develop between
2020 and 2050 as it did in the years before 2017: This
assumption may be avoided by undertaking separate studies
on demographic changes using the same methodology that
was used for consumption in this study. We attempted to fit
such an estimation into this study in the earlier stages of
research but were forced to leave this idea to further
demographic studies because our data were appropriate
only for calculating average consumption and were not rich
enough to predict population dynamics using growth rates.
Nevertheless, the methodology provided in this study may
be used to study population dynamics with better data.

9. Neglecting biological cycles in generations, for example,
changes in consumption due to ageing. As shown in Eq.
(1c), the 30 years of data and the ability to define all
generations within this time span is a minimum require-
ment for building generational trends on three points
(g 2 6¼ 8½ � in Eq. (1c)) when using growth rates. This
limitation may be addressed with longer-term data and a
variety of respondents, which will only become available in
the future.

10. Finally, the constant growth rates may not reflect real
historical change. Sensitivity analyses or alternative impu-
tation methods could be considered to validate this
approach. The research could benefit from sources that
explore multidisciplinary approaches to food consumption
forecasting, in particular, behavioural economics, sociology,
food sustainability, environmental science, as well as food
security and food safety. Adding global and regional
comparisons in food consumption trends could provide a
broader context for the research findings. Including recent
advances in big data analytics and AI for predictive
modelling can strengthen its basis in future research.

Results
Approaches that use generations as explanatory or weights have
the potential to predict changes in future consumption dynamics.
As demonstrated in Fig. 2, the lines for projections that consider

generations are convex or concave because the shares of gen-
erations in the population are used to weigh the outcomes of
these models. The lines for simple forecasts were constant, as
there were no significant levels or trends in growth rates. These
results apply to all the studied products.

Table 2 presents a summary of the results for all 75 foods. At
this stage, we considered all studied changes, contributions and
their significances and compare only the outcome projections
from the section “Weighting” for the years 2020 and 2050. The
average annual projected consumption changes between 2020 and
2050 make it possible to compare the outcomes of different
models for the variety of products and their consumption
dynamics.

Generational and SuperLearner approaches did not fail as fast
and as often as comparable (by a set of included factors) forecasts.
For example, SuperLearner helped to avoid zero and negative
consumption projections from GLM with many factors for at
least 16 foods: canned meat, cream, jam, leafy vegetables, milk,
mineral water, mushrooms, nuts, potatoes, stone fruit, sugar, tea
and herbs, veal, vegetarian soy products, wild and rabbit meat and
yogurt. In addition, apples, butter, coffee, margarine, root vege-
tables, potatoes, and tomatoes receive SuperLearner forecast when
GLM fails.

Generational forecasts require longer data; therefore, they
cannot be calculated more often than age and gender forecasts.
However, generational forecasts that are possible to calculate are
rarely implausible compared to age and gender forecasts. Exam-
ples illustrating this are dried vegetables and mushrooms, pre-
pared fish and seafood, honey, jam and olive oil. Considering that
consumption of most listed foods is not ever likely to be zero (on
average), the methodological achievement of SuperLearner com-
pared to GLM and the generational approach compared to age
and gender approach is worth noticing. Additionally, Super-
Learner and generational projections did not change as sharply as
linear and GLM forecasts in many cases (e.g. honey, olive oil and
prepared fish and seafood).

The dynamics of the forecasts differed over time. In the long
run, bananas, beer, bread, cheese and curd, poultry, wines and
nonalcoholic drinks received diverse forecasts according to the
simplest and most complicated forecasting and weighting
techniques.

Fig. 2 Schematic visualisation of the results of projecting food consumption.
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Table 2 The results for all projectable food items and all described methods.

Food group Food (i) Average annual changes in consumption in 2020–2050 (%)
in Models

B C D E

Meat Beef −0.2 0.07 0.19 0.13
Ham and bacon 0.05 −0.01 −1.59 −0.15
Horse meat 0.02 0.08 – –
Pork 0.08 0.04 −4.6 −1.19
Poultry −0.08 0.01 0.76 0.8
Sausages −0.03 0.01 −3.61 −0.31
Seafood 0.1 −0.1 1.44 0.46
Sheep and goat meat 0.04 0.18 −7.28 −0.65
Veal 0.29 −0.04 lost −1.45
Wild and rabbit meat 0.29 −0.11 lost −0.35
Meat, canned 0.37 −0.11 lost −0.47
Meat, other −0.87 0.09 −0.91 −0.23

Fish Fish −0.12 0.06 0.46 0.49
Fish and seafood prepared lost −0.61 1.3 −0.94
Fish, canned 0.12 lost 1.19 −0.03

Dairy Milk −0.94 0.05 lost −2.2
Mixed milk-based products 0.04 – 1.06 0.26
Cream −0.39 0.04 lost 0.72
Butter 0.26 0 – −0.44
Ice cream −0.08 – – –
Yoghurt −0.1 0.11 lost −0.69
Cheese and curd 0.04 −0.03 1.03 0.03
Egg 0.19 – 1.07 0.38
Honey lost −0.18 1.23 0.07

Foods that may use animal food components Baby food 0.12 lost 1.25 0.37
Bread 3.47 0.01 −1.81 −0.07
Cocoa and chocolate −0.04 – 1.08 0.32
Confectionery 0.05 0.04 1.61 −0.31
Margarine 0.15 – – −1.65
Oils and fats (except olive oil) −0.41 0.03 0.24 −0.27
Pasta −0.06 −0.05 0.8 0.53
Pastry 0.03 – 0.25 0.12
Ready meals −0.25 – – –
Soups – – – –

Vegetables, beans, peas and mushrooms Beans and peas −0.07 −0.1 0.69 0.04
Cabbage vegetables 0.01 −0.46 1.17 0.07
Dried fruits −0.02 −0.19 0.21 −0.59
Dried vegetables and mushrooms excluded −0.67 –
Grapes 0.04 −0.02 −0.66 −0.3
Kitchen herbs 0.08 −0.01 1.13 −0.21
Leafy vegetables 0.08 0 lost −0.41
Mushrooms fresh −0.04 0.06 lost −2
Onions and garlic 0.05 −0.06 1.17 0.06
Potatoes −0.03 0.17 lost 0.03
Root vegetables −0.13 0.01 – −0.04
Tomatoes 0.17 0.01 – −0.31
Vegetables (stem and fruit) 0.01 – lost 0.23
Vegetables and mushrooms, canned 0.2 −0.55 1.83 0.82

Fruits, Nuts, Jam Apples 0.16 −0.04 – −0.05
Bananas 0.1 −0.03 1.29 0.9
Berries 0.22 −0.09 0.95 0.43
Canned fruit 0.05 −1.1 0.58 −0.07
Citrus (except lemons) 0.05 0.01 −3.39 −0.92
Jam lost −0.35 lost −0.04
Lemons 0.13 −0.26 – –
Nuts 0.09 0.16 lost −0.49
Pears and quinces 0.91 −0.06 1.32 0.07
Stone fruit 0.07 −0.03 lost −1.05
Other fruits 0.01 0.01 1.37 0.69

Liquids Beer −0.14 0.08 1.06 0.39
Coffee and substitutes 0.06 0.25 – 0.08
Mineral water −0.14 0.17 lost −0.45
Nonalcoholic drinks −0.99 0.06 0.15 −0.07
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Regarding the growth shown in Table 2 the most diverse
forecasts occurred for sheep and goat meat, ready meals, bread,
pork, other foods, sausages and citrus (except lemons), mostly
due to the vulnerability of GLM forecasts. Demands for aroma
and taste essences (−0.03%), ice cream (−0.08%), vegetarian soy
products (−0.11%) and ready meals (−0.25%) will implausibly
decline according to age and gender projections, and the data for
these products is insufficient to validate alternative estimates
using other techniques. Although this negative scenario is pos-
sible if interest in these foods declines and if these foods are
replaced by vegan products under aggressive labelling, the issue of
data shortage for these foods remains. Therefore, these foods
demand further research in food sectors, more data, improvement
of statistical evidence with regard to weighting techniques, nar-
rowing the standard errors of forecasts.

The reason for the differences in forecasts may lie in the pre-
dicted preferences of future social groups. We hope that this is
true because most of the forecasts indicate an average movement
towards healthier diets. However, the more technical reason may
be that the normalisation, binarisation and stationarisation of a
dependent variable did not make it possible to obtain a suffi-
ciently balanced dependent variable with which to train the
models for these foods. This issue might have been solved by
stricter data cleaning, which we did not perform for reasons
discussed in the section “Household survey”, and by other means
of improving the methodology in future studies, as discussed in
the section “Limitations and assumptions”.

Discussion and conclusion
Based on 20 million consumption observations across 46,456
households in Switzerland, 75 foods, and the years 1990–2017, we
forecasted food demand for the Swiss population until 2050 for
each food separately. In our case, the predicted period has the
same length as the available time series of the past. Nevertheless,
we performed these calculations to monitor the behaviour of our
forecasts in the long run and to track implausible values during
the prediction horizon. Only Models D and E consider the clas-
sification of key factors of individual consumption by Asp (1999),
namely, cultural and lifestyle factors (e.g. region), psychological
factors (e.g. aggregated gender, generation), and barriers (e.g.
income); however, Models B and C already consider significantly
more consumption factors compared to previously applied
techniques.

The main contribution of this paper is its demonstration of (1)
how to integrate generational changes into forecasts and predict
turning points in consumption dynamics, as well as (2) how to act
if simple linear forecasts fail to predict a change. Many foods were
forecasted consistently by all the techniques, which suggests that
this proposition is not only possible but that generations and
other socioeconomic characteristics are influential in future food
consumption. Accordingly, this paper contributes to the debate
on food consumption, food consumption prediction and statis-
tical approaches to considering the changing tastes of population
groups alongside changing population group distributions in
general.

For socioeconomists, the paper presents an additional, beau-
tiful concept related to the study of food and generations. This
study is the first to attempt to predict the (eating) behaviour of
future generations using big data collected from previous gen-
erations. To achieve this, we ordered generations by birth year (a
common technique), assigned them ordered numbers and con-
ceptualised this order as a new scale for analysing generational
trends. The most interesting cases included foods with inter-
generational trends either in the observed data or between the
forecasted values. In any case, this paper suggests the first
quantitative technique to shed light on how common human
eating behaviour trends can be used to forecast consumption
decades ahead, even for people who are not yet born. Of course,
the approaches to creating a line between generations may vary,
and our contribution is ultimately a suggestion to consider con-
sumption from the perspective of ordered slopes of generational
trends.

This paper also makes a relatively small contribution to
demographic science, as we use not only an age–gender pyramid,
but also generational and social group forecasting. The last two
techniques may be of interest to demographers if they are willing
to strengthen future population forecasts and, more importantly,
future population structures. Again, the linearity of our predicted
future values is an obvious simplification of the task of predicting
the dynamics of hundreds of social groups in the future. Future
population forecasting techniques may rely strongly on popula-
tion groups and become a strong alternative to linear predictions
in current use.

A further contribution of this paper is the application of binary
SuperLearner prediction techniques to volume data by scaling it
to the [0;1] interval and exploiting the prediction of probabilities

Table 2 (continued)

Food group Food (i) Average annual changes in consumption in 2020–2050 (%)
in Models

B C D E

Olive oil excluded −0.44 1.47 0.9
Spirits and liqueurs 0.24 −0.06 1 1.09
Syrups −0.14 lost – –
Wines 0.11 −0.02 −0.42 −0.11

Granular products Aroma and taste essences −0.03 – – –
Cereal products −0.07 0.01 0.37 −0.22
Flours 0.06 −0.04 −1.79 −0.66
Rice −0.22 0.04 −0.88 −0.43
Sugar 0.08 −0.02 lost −1.3
Tea and herbs 0.2 0.01 lost −0.09

Other Vegetarian soy products −0.11 – – –
Other foods −0.2 – 0.51 0.11

The values are calculated as (
ci;2050
ci;2020

� � 1
30 � 1Þ � 100 for each model separately. We do not apply margins of statistical error and significance levels because each number in Table 2 is a prognosed change in

2020–2050 distributed across years. Empty values indicate the forecasts that cannot be calculated, ‘lost’ indicates negative or zero forecast consumption, and ‘excluded’ indicates unreliably high
forecasted growth. The results for Model A, ‘simple trends’, demonstrated no change in future food consumption; therefore, we omitted them for table consistency. ‘B’–‘E’ indicate ‘Model B’–‘Model E’,
respectively.
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as a prediction of shares. This hook might be obvious for
mathematicians and data analysts, but in food consumption
volume studies, this is novel and will perhaps serve as a con-
venient guide for future studies of volumes and their development
over time. The main reason for taking this approach is the rapid
development of models with binary outcomes. The predicting
power and variety of models developed in recent years have
increased tremendously; thus, we decided to adopt this positive
development rather than developing another big model for the
numeric dependent variable. This adoption was a success for
many foods, but there are various opportunities for improvement,
which have been discussed throughout this paper.

Finally, our study has practical and theoretical implications for
policymakers involved in analysing and shaping food trends. As
mentioned above, food demand plays an important role not only
in the sale of food but also in the management of stocks, logistics,
food production, supply chains, disease risks and the environ-
mental footprint. The food sector is interlinked with other sectors
and requires resources. Therefore, our projections are of practical
relevance for most actors in the food sector. We also introduce
the idea that the demand for food changes as new generations
replace older ones. This idea should serve as food for thought for
stakeholders and policymakers, for example, if their policies and
actions are geared towards sustainability and “do not compromise
the needs of future generations” (Foresight, 2011, p. 204).

Time will tell which of our predictions, if any, will align with
reality; however, the range of values that we predicted sig-
nificantly limited the possible outcomes, so that it is, for example,
very likely that our demand for eggs will grow, whereas our
demand for jam will shrink. This work may provide a positive
impulse for further statistical and applied studies. We considered
as many approaches as possible to the best of our knowledge, and
the limitations section will be useful for launching new research
from a position of partial development rather than from scratch.
By comparing the outcomes of various prediction techniques, we
have facilitated a better understanding of these models and have
hopefully assisted many researchers in their work worldwide.

Data availability
The data that support the findings of this study are available from
the Swiss Federal Statistical Office, but restrictions apply to the
availability of these data, which were used under licence for the
current study and so are not publicly available. The data are,
however, available from the authors upon reasonable request and
with the permission of the Swiss Federal Statistical Office. The
authors confirm that the codes supporting the findings of this
study are available within the supplementary material.
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Note
1 We also checked the decision tree (the ‘trainControl’ function from the ‘caret’ package;
Kuhn et al., 2023) and the gradient boosting machine (GBM; the ‘gbm’ function from
the ‘gbm’ package by Greenwell et al., 2022). The decision tree delivered a low ROC
estimate 0.5 and was thus excluded from SuperLearner, and GBM delivered a small
training error on 10,000 trials, but we did not include this technique due to a mismatch
between variable R formats and the other models, which made it difficult to run all the
models together.
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