Proceedings of the Nutrition
Society

cambridge.org/pns

The Nutrition Society Congress 2024 was held at
Queen’s University Belfast on 2nd-5th July 2024

Conference on ‘New Data - Focused
Approaches and Challenges’

Core Symposium Three - Monitoring of food
data from purchase to intake

Review Article

Cite this article: Morris MA, Sritharan N,
Kininmonth AR, Wilkins EL, Thomas M, and
Jenneson VL (2026). Conflict or interest? Using
consumer purchase data to support food
systems transformation. Proceedings of the
Nutrition Society, page 1 of 8. doi: 10.1017/
S0029665126105345

Received: 19 December 2025 UTC
Revised: 14 July 2026 UTC
Accepted: 15 July 2026 UTC

Keywords:
Nutrition; Consumer purchase data; Smart
data; Supermarket transaction data

Corresponding author:
Michelle Morris;
Email: m.morris@leeds.ac.uk

© The Author(s), 2026. Published by Cambridge
University Press on behalf of The Nutrition
Society. This is an Open Access article,
distributed under the terms of the Creative
Commons Attribution licence (https://
creativecommons.org/licenses/by/4.0/), which
permits unrestricted re-use, distribution and
reproduction, provided the original article is
properly cited.

. The
=~ Nutrition
/ Society

CAMBRIDGE

2 UNIVERSITY PRESS

Conflict or interest? Using consumer purchase
data to support food systems transformation

Michelle A. Morris!
Maddie Thomas? and Victoria L. Jenneson'

, Nilani Sritharan?, Alice R. Kininmonth?!, Emma L. Wilkins! @,

School of Food Science and Nutrition, University of Leeds, UK and 2Sainsbury’s Supermarkets Ltd, UK

Abstract

Population dietary behaviours have considerable impact on major global challenges including
diet-related non-communicable diseases, climate change, and food insecurity. Aligning diets
with national recommendations, such as the UK Eatwell Guide, have the potential to deliver
substantial co-benefits for health and environmental sustainability. To accelerate progress,
scalable and timely methods for monitoring dietary patterns are required. Routinely generated
smart data, such as supermarket transaction records and loyalty card purchases, represent a
novel resource for population-level dietary assessment. These datasets provide objective, high-
resolution, and near real-time information on food purchasing behaviours. However, deriving
meaningful nutrition insights from such data necessitates advanced computational infra-
structure, data science and Al capability, and specialist nutrition interpretation. Importantly,
these data enable evaluation of natural experiments in real-world food environments. The use of
commercial sales data introduces unique governance and data-security challenges. Commercial
sensitivity requires robust secure-data environments, transparent processes, and strong col-
laborative partnerships between industry and academia. Effective data sharing is contingent on
champions within both sectors, as such collaboration is not yet routine. When appropriately
governed, consumer purchase data can complement traditional dietary assessment methods
and support transformation of the wider food system. This review paper presents academic and
industry insights on the use of these novel data sources, highlighting methodological challenges
associated with nutrition, health and sustainability metrics. It concludes with recommendations
to guide future research employing consumer purchasing data to strengthen evidence
generation across the food and population and planetary health landscape.

Food is at the heart of the world’s greatest challenges: health, climate change and food insecurity.
Encouraging consumers to eat in line with the UK’s food-based dietary guidelines-the Eatwell
Guide-will deliver benefits for human health as well as our planet. It is critical to find a way to
better understand population food behaviours in a scalable and timely manner to tackle these
complex problems.

Traditionally, research and national surveys have used self-reported dietary consumption
records for public health research and policy making. Insights have been used by stakeholders
widely, including by industry. However, there are well-documented limitations to this approach,
including, but not limited to: different biases, participant and researcher burden, scale and
timeliness®. Research and national surveys have additionally used till receipts as an indicator of
dietary purchasing patterns, and while this provides a different view of food brought into the
home it too has limitations shared with self-reporting®.

Smart data generated by activities of daily living, such as electronically captured food
purchases in supermarket transaction records and by loyalty cards offer an arguably more
objective, and at scale, near real-time solution®”. Whilst these data require substantial com-
putation power alongside data science and Al expertise to analyse, in addition to nutrition
expertise to interpret meaningfully®, they allow evaluation of natural experiments in real world
settings, helping to translate the effectiveness of different food environment interventions
beyond hypothetical and virtual settings®”). These consumer purchase data are different to self-
reported sales data in research databases like Euromonitor, Kantar and Neilsen that require
participants to scan all their purchases for inclusion in large panel studies of purchase records®.
Such databases are not generated by an activity of daily living and still require participant
cooperation which can introduce bias. Consumer purchase data from supermarket sales are also
subject to bias, but in a different way, with different approaches required to handle these®®.

Following a systematic review in 2022, it is known that consumer purchase data have been
used in observational studies, policy evaluations and experimental designs across 14 different
high-income countries across the globe®. The majority of these studies (68%) have been
published since 2013, indicating their increasing popularity over recent years. Studies use
consumer purchase data at different levels of aggregation, from the customer, who may be an
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individual or a household, through to country level scale. Despite
this rising interest, validation of consumer purchase data as a
measure of dietary assessment is still limited with only two studies
in the 2022 review® comparing sales to intake records!*!"), Since
2022, there have been more validation studies published, including
‘Supermarket Transaction Records In Dietary Evaluation: the
STRIDE study’ which used sales data from Sainsbury’s linked, with
consent, to FFQ and survey data'?, results of which will be dis-
cussed later in this review paper. A similar study in Finland looked
at the association between consumer purchase data for food groups
with self-reported intake, assessed using an FFQ. The study found
that agreement was moderate at best!?). These results are not
unexpected, as agreement between more traditional measures of
dietary assessment are also moderate given the limitations with
each measurement approach!¥)., For example, in a research study
comparing the same three days of consumption records recorded
by 23 different diet apps with a weighed food record, a difference of
up to 1701 KJ (407 Kcal) in energy intake was observed!®.
Therefore, these studies are a welcome addition to the literature
understanding the utility of consumer purchase data as a potential
dietary assessment method.

With food purchases a critical factor for environmental sus-
tainability and achieving net zero, in an environmental sustain-
ability context, the total food purchased is perhaps more important
that total food consumed. Household food waste still contributes
towards a range of environmental sustainability metrics, even
though it does not contribute to diet from a nutrient and health
perspective.

There is now emerging work linking consumer purchase data to
health outcomes, via cohort studies and disease registry data. This
individual linkage, with consent, has the potential to be a powerful
tool to better understand the impact of food purchasing behaviour
and health outcomes. In a Danish cohort with linked electronic
receipts to registry data, households containing an individual with
diabetes had significantly different spend on some ‘less healthy’
products than participants without diabetes, specifically, they were
likely to spend a greater proportion of their food purse on butter,
oil and dressings; non-sugary drinks; processed red meat and ready
meals, and a lower proportion on accessory compounds (such as
herbs and spices); alcoholic beverages; eggs; grains; rice and pasta,
and raw vegetables(!®).

The commercially sensitive nature of consumer purchase data
presents data security challenges for their use in research that differ
from personally sensitive data that health researchers in academia
are more accustomed to. Trust, secure data infrastructure and
collaborative ways of working are essential to unlock the power of
such data. A champion - an individual passionately advocating for
the cause — on both sides of the industry-academic collaboration is
needed as sharing commercial data for research is not straight-
forward or commonplace. The champion within the industry
partner organisation, not only considers the commercial sensi-
tivity, but critically the customer sensitivities and ensure that all
data sharing is aligned with ethical and legal use of data. With
everything aligned, food behavioural insights can be generated to
use alongside more traditional research to drive food system
transformation.

This review paper will discuss the context in which transaction
records have greatest utility, using results from the STRIDE vali-
dation study comparing consumer purchase data with FFQ. It will
go on to describe cross-sectional and longitudinal dietary purchase
patterns within a cohort of regular shoppers, before sharing insight
derived from consumer purchase data on the impact of a variety of
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instore and online interventions that incentivise fruit and vegetable
purchasing. Innovatively, examples of how businesses utilise
similar data to help drive healthier sales are shared. Both the
retailer and academic motivation for using these novel data in
research are presented, including knotty challenges around
nutrition, health and sustainability metrics. To address biases in
sales data, working with multiple retailers is important, but raises
challenges with competition law, which are discussed, alongside an
example where this has been overcome. In conclusion a set of
recommendations for consideration for future research using
consumer purchase data in research in its broadest sense are
presented.

What is known about using consumer purchase data to
support food systems transformation?

This section is structured as a series of questions, for which both
academic and industry insights are presented, before presenting
broader evidence.

What do the data look like?

Academic insights

For academic research, the data requested from a retailer depend
upon the specific question being addressed, this is one reason why
both nutrition and data science expertise are essential. An example
of consumer purchase meta data is reported in Morris, Wilkins(1”),
and reproduced here in Table 1.

These data are indicative of the sort of variables that may be
available from a retailer. An example of how consumer purchase
data are combined with nutrient data for research is reported in
Jenneson(2022)'® and adapted here in Fig. 1.

University of Leeds research investigating dietary patterns
derived from UK supermarket transaction data, with nutrient
and socioeconomic profiles, sampled loyalty card shoppers who
shopped on a frequent basis from a wide range of food categories,
for one region in the UK®. This meant that data were only
shared for shoppers who could feasibly have been doing most of
their shopping at Sainsbury’s and excludes those who only ever
buy a meal deal, for example. Product-level transactions data
were acquired and linked these to nutrient information, which
allowed generation of detailed nutrition profiles for purchases
over a 12-month period. Using the geographic identifier (output
area) for where the loyalty card holder resides, it was possible to
append socio-demographic information from the area the
customer lived. This resulted in ~300 000 customers with hun-
dreds of millions of individual products purchased. Results
revealed a social gradient in the dietary quality of purchase
patterns.

In a different study with another retailer, where the impact of
moving salad items alongside Italian ready meals was investigated,
data were requested on total product sales, at the individual
product level, aggregated to a store level, for both intervention
(n=23) and control stores (1 = 44)!), Daily sales were shared for
2 years prior to the intervention, for 3 months during the inter-
vention and 9 months post intervention. These data allowed
development of interrupted time series models that revealed no
impact of the intervention compared with the counterfactual for
the promoted salads. There was unsurprisingly no impact on the
share of sales by UK Eatwell guide categories either. However,
profiling the retailer sales by the Eatwell guide revealed that
shoppers at this retailer already purchased fruit and vegetables in
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Table 1. Supermarket Loyalty card data reported using the BEE-COAST framework. Reproduced from Morris, Wilkins”

Supermarket loyalty card data

Background  Key features Transactional records for food and drink purchases (and everything else you can buy in a supermarket)
History Traditionally this data are collected for the card holder to gain points on their purchases within a given store. Retailers
use the data to target promotions and marketing
Purpose As above in history
Elements Content Example data fields:Customer ID (or pseudolD)Customer home address aggregated to an area levellD for supermarket
address where purchase madeFood type purchased: for example, avocadoFood group purchased: for example,
produceNumber of items purchased in supermarketCost of items purchased in supermarketNumber of items purchased
onlineCost of items purchased onlineNumber of items purchased in convenience storeCost of items purchased in
convenience store
Ownership Supermarket or the loyalty card provider if different
Aggregation Individual dataGeographic identifier - Output Area
Sharing Currently on a project by project basis.Some data available via the Consumer Data Research Centre (CDRC)
Temporality Date and time of purchase available
Exemplars Indicative use Many examples to date relate to store location planning by major supermarkets, for example demand for grocery
cases retailers in tourist areas, determined by store loyalty card transactions
Foresight 1.8 Media consumption 1.11 Exposure to food advertising 1.16 Smoking cessation 2.10 Use of medicines 5.7 Level of
nodes available energy 5.12 Reliance of pharma remedies 5.20 Quality and quantity of breast-feeding and weaning 6.1
Purchasing power 6.4 Demand for health 6.8 Desire to maximise volume 6.9 Desire to differentiate food offerings 6.11
Desire to minimise costs 6.12 Standardisation of food offerings 6.13 Market price of food offerings 6.17 Societal pressure
to consume 7.4 Food exposure, 7.5 Food abundance 7.6 De-skilling 7.7 Convenience of food offerings 7.8 Food variety 7.9
Alcohol consumption 7.11 Energy density of food offerings 7.12 Fibre content of food and drink 7.13 Portion size 7.14
Demand for convenience 7.16 Nutritional quality of food and drink 7.1 Force of dietary habits
Baseline Study period EAN/SKU look up file Retailer own brand
Transactions transactions nutrient composition
Product ID (EAN) — GH
Start date —end date Start date — end date Product 1D (SKU)
Key STUDY_ID STUDY_ID Product ID (SKU)
i Product description
Retailer data Transaction ID Transaction ID
Product ID (EAN) Product ID (EAN) Product category
Open access data Product description Product description Energy/100g (kcal)
Commercial data Weight Weight :mt?:\fﬁ;o; (g)
Bespoke code (R or python script) s ALE F;f,amngm?m)
Output files L B, Saturated fat/100g (g)
l Sodium/100g (mg)
Bespoke codefsyntax for data linkage UK branded nutrient
composition data

Join nutrient composition data with transaction records —
retailer data, branded data and imputed values from CoFID

!

Bespoke code/syntax for transaction prep

Calculate weight of each nutrient/product

(e.g. NIQ Brandbank)

Product ID

Nutrient values/100g
Other fields
depending on licence

Split files by time period (baseline, study period etc) UK nutrient
composition data
l (CoFID)
Customer demographic data Analysis files Nutrient values/100g
STUDY_ID STUDY_ID B
Government office region — Nutrient/loyalty card holder/time period/
Output area classification demographic/spatial aggregations as required for the

Index of multiple deprivation decile

research question

Fig. 1. Example data relationship diagram for working with transaction data in a nutrition context®

line with the Eatwell guide recommendations, suggesting there was
little motivation to increase purchases of these items further.
Ongoing research evaluating the impact of the UK legislation to
prohibit promotion of food and drink high in fat sugar and salt

(HFSS) in certain locations in store and online on product sales for
four retailers will use similar store-level sales data®’-22),

Retailer product portfolios — a list of all the products they sell,
accompanied by product nutrition information - is important for
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understanding the offering to consumers, how this could be
impacted by reformulation, and to allow the development and
testing of the potential impact of nutrition policy legislation before
its implementation®”, There are a number of proprietary services
that offer this information at a branded level, for example NIQ
Brandbank and myfood24. Open data exist for a selection of about
3000 generic food items, for which much of the academic research
is based®®. When combining the nutrition information with sales
data, the product weight is important, but not typically present in
generic databases, or for unpackaged products. For example: a
retailer sold 10 million bananas last month. There are 51 Kcal per
100 g of bananas (Bananas, raw, flesh only, weighed with skin). To
calculate the total Kcal from the sales of 10 million bananas, the
weight of the bananas is required, but not readily available.

Retailer insights

Retailers hold large volumes of data relating to different types of
customer baskets, longitudinal consumer purchasing patterns,
geographical variations in purchasing habits, purchasing by store
type (e.g. convenience store, large supermarket), category-level
nutrition insights, for example, the performance of some products
over others within a particular aisle, as well as product-specific
nutrition, availability and sales information. However, bringing
these data together in a meaningful way to deliver insights presents
both a challenge and an opportunity.

Over 80% of the UK adult population shopped with Sainsbury’s
on at least one occasion over the last year. These shopping occa-
sions may take place in any of the 1435 store network, consisting of
both large store format and convenience stores in many types of
setting, for example, urban, rural, deprived, affluent and all four
nations of the United Kingdom). In addition to product nutri-
tion information and sales data for these stores, Sainsbury’s have
access to anonymised loyalty card data (indicative of household
purchasing patterns) via the Nectar card programme. With more
than 20 million Nectar card holders, there are 31 Nectar cards
swiped every second®”. Moreover, Sainsbury’s hold product
nutrition information for >30 000 stock keeping units (SKUs)2%)
representing a mix of both own brand and branded products
(Branded product nutrition information is proprietary and is
licensed from NIQ Brandbank.). These change regularly over the
course of a year based on seasons, sales performance and supply.
This means supermarkets like Sainsbury’s hold a wealth of
information about population food and drink purchase patterns,
not available in another setting at the same scale and temporality.

Not only do Sainsbury’s have in-store sales information, but
sales are also recorded for purchases via in-house online platforms
and online aggregators, such as: Deliveroo and UberEats. During
2023, there were over 18 million customers buying groceries at
Sainsbury’s and 2.6 million of these shopped online®).

While much of these data are commercially sensitive,
increasingly retailers are making data publicly available, on a
voluntary basis, in particular, data relating to health of purchases.
Examples include the Access to Nutrition Initiative®” and the
World Wildlife Foundation shopping basket?®. In addition, many
retailers disclose healthiness of sales within their annual sustain-
ability reporting. Mandating this kind of reporting would level the
playing field from a commercial perspective and provide a more
complete picture of the UK’s purchasing patterns from a research
perspective. This would align with the UK government ambition
for the Food Data Transparency Partnership, although that is not
yet mandatory either®”).

M. A. Morris et al.

Investor pressure and Environmental, Social and Governance
(ESG) benchmarks driving better nutrition data within the private
sector

Up until the last few years, much of a company’s product
nutrition data, especially in relation to relevant nutrient profiling
models (such as the Food Standards Agency 2004/5 Nutrient
Profile Model (NPM) to determine if a product is HESS), would be
held in manual excel files, making it challenging to combine it with
other relevant internal sales data®”. But, with pressure from
investors for businesses to publicly disclose the healthiness of their
sales, and with emerging regulations requiring real-time data on a
product’s nutrition status (HFSS or not) for compliance purposes,
much of this nutrition data is being housed in automated data
infrastructures, making access and insight more readily available.
Additional data to calculate the nutrient profile model score and
whether a product is classified as HESS or not has required a step
change from manufacturers (for branded products) to share
information as this is not typically included on the back of pack.

Automated private sector health disclosures

Automated health data unlocks multiple solutions - for business,
investors and for customers but the work involved in getting to this
outcome should not be underestimated, especially for multina-
tional businesses, those who have acquired multiple business using
different operating systems or for companies like retailers man-
aging very significant product portfolios. It usually requires an
investment of 2-5 years and even then, requires ongoing work to
improve data errors. But once achieved, this automated nutrition
data can deliver significant benefits to help drive healthier sales, as
described in Box 1.

What can (or can’t) sales data tell us?

Academic insights

Consumer purchase data reflect food and drink that have been
bought. They do not necessarily represent food and drink that have
been consumed, or who consumed them. However, purchase data
are arguably objective as they are generated as activity of daily
living, rather than the act of participation in research, which is well
known to alter behaviour.

Existing research suggests that purchase records are a reason-
able measure of relative nutrient consumption, or dietary com-
position, but that caution should be taken when using as an
absolute measure of nutrient intake, given the inability to account
for foods purchased elsewhere, food waste and for how purchased
foods are apportioned between household members!!2!3), There is
more to be done to support development of weightings for con-
sumer purchase records to transform data to be more represen-
tative of consumption.

Consumer purchase data enable profiling of dietary patterns, at
scale, for consumers from a variety of demographic groups. While
Sainsbury’s data under-represent customers living in areas clas-
sified as the most deprived decile in Yorkshire and the Humber,
that most deprived group contained more than 20 000 loyalty card
holders®). These groups are typically hard to reach in research, but
though use of purchase records it is possible to reach many, adding
substantial value to the literature and understanding of dietary
purchase patterns, and assumed consumption in these commun-
ities, and how they differ from other groups. With a known cohort
of shoppers, as described in®), it is then possible to understand the
impact of interventions that target these low-income groups. For
example, when Sainsbury’s provided £2 top-up coupons for each
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Box 1. Examples of retailer benefits from automating
health data

1. Resource efficiencies — nutrition information can be com-
bined with other commercial insights at scale and in real time,
informing business leaders at the point of decision. This has
been especially helpful when implementing the high fat, salt
and sugar (HFSS) placement regulations, by being able to link
product information (including those sourced directly from
branded manufacturers) to legally compliant ranging decisions
in store. Reporting on product level nutrition reformulations
for a single nutrient used to take 2 full-time staff at least 3-6
months to complete 5 years ago — showing the scale of the
efficiencies in such a short time.

2. Insight — we’re able to capture a better sense of what’s driving
changes in healthy sales, helping to inform materiality and
evaluate campaigns in real world settings. Automated data can
also help identify recipe renovations using filters or screening
algorithms to spot precise changes but also where these might
be <10% shift (i.e. easier to achieve) and material, that is, for
products with substantial volume sales. This is especially key
for companies with huge product portfolios.

3. Transparency - disclosure of our healthy sales performance
has been shown to influence investor decisions and can be
useful in attracting further investment.

4. Innovation - for example, in the Nectar Fruit and Veg
challenge, better data has allowed for more personalised
incentives and tasks, encouraging the purchase of less familiar
fruits and vegetables and integrating nutrition data with a
customer’s annual basket to show them how much of their
spend is on fruit and vegetables.

redemption government Healthy start vouchers (available to low-
income families with a pregnant woman and/or young children),
loyalty card transaction data enables a closer inspection of how
using the voucher impacted the composition of the customer
basket. Results showed that during the intervention customers
purchased on average one portion per day per household more of
fruit and vegetables, compared with baseline. In addition, 98% of
customers spent the whole £2 on fruit or vegetables©V.

In the UK, working with just one retailer limits the general-
isability of research findings, with five retailers sharing a 75% share
of the grocery market as of March 2025%%. For other countries
where there is less competition, one retailer will likely be more
representative of the population. With this in mind, the team at the
University of Leeds have developed wider collaboration with a
consortium of retailers convened by the Institute of Grocery
Distribution (IGD)®%. With stringent governance frameworks and
co-produced outcome metrics, a series of unilateral data sharing
agreements (between an individual retailer and the University of
Leeds) have been established, a suite of instore and online inter-
ventions scoped and run. Taking lessons learned from the part-
nership with Sainsbury’s the Leeds team have been able to scale out
to include other retailers, often representing a different type of
customer in the UK.

As already mentioned, consumer purchase data are an
important tool for evaluating policy interventions such as the HFSS
product placement restrictions?"?? and also the Soft Drinks
Industry Levy®. In 2022, Sainsbury’s made customer level sales

data available for purchases of soft drinks over a 3.5 year period
from January 2016 through to June 2019, for a two-week data study
group challenge (which is the Alan Turing Institute’s term for what
others might call an ‘online hackathon’)®>. These data spanned a
period before the levy was announced through to one year post
implementation. The data enabled the data study group to:

1. Categorise customers based on their pre-levy purchase
behaviours and understand whether these determined
response to the levy.

2. Characterise types of response to the levy

3. Understand whether response to the levy was determined by
demographic characteristics of the customer or the area in
which they live.

In this example, not only are these data used to understand the
impact of a national fiscal policy, but it contributed significantly to
training, capacity building and inspiring early career researchers.

Retailer insights

In addition to identifying hot spot categories to drive healthier sales
and material opportunities for reformulation, Sainsbury’s data can
be used to evaluate health interventions more effectively. This can be
done swiftly internally, but it can also be independently evaluated
and published by an academic third party, ensuring these trials are
robustly reviewed. Sainsbury’s are increasingly using this insight to
deliver more customised health experiences for customers. Take for
example, the opt in Nectar Fruit and Veg Challenge where cus-
tomers are sent weekly challenges, badges and targets®®.
Personalised shopper data is used to help set more realistic chal-
lenges and purchasing targets for the shopper, including incenti-
vising a broader repertoire of fruit and veg purchases.

With consent, loyalty card data can be used to compare atti-
tudes and beliefs to actual purchasing patterns, providing useful
insights around customer awareness of the healthiness of their
shop. During a trial in January 2023, among 2991 primary
shoppers, customers were asked how they thought they were
purchasing across Eatwell Guide food groups. Attitudes versus
purchases showed that customers were broadly very good at
estimating their fruit and vegetable purchases but that there
appeared to be a disconnect between assumed compared with
actual purchases of discretionary and carbohydrate-rich purchases.

But, given that retailer data is household purchase data, and
even for a primary shopper (retailer own terminology for cus-
tomers going their main shop at Sainsbury’s), represents on
average just 64% of their ‘food wallet’, it is not advisable make
assumptions about the food intake of an individual based on the
purchasing data. For example, whilst primary shopper data shows
that typical baskets in the Brigg and Immingham area contain, on
average, as little as 15% fruit and vegetables, it should not be
assumed that this is reflective of a typical diet or even of shoppers in
that region. It’s quite plausible that these shoppers simply buy these
items elsewhere.

Similarly, disclosures on the healthiness of sales, which
Sainsbury’s publishes annually on its corporate site, only reflects a
point in time. It doesn’t explain the reasons why consumers make
the choices they do. And, as observed during the cost of living
crisis, disclosures don’t allow you to see the data in context — for
example, that despite disclosing flat healthy sales year on year,
Sainsbury’s were growing fruit and vegetable sales above the
market (3% in 2023/4), demonstrating investment to grow these,
counter to the market average of 0% change in fruit and veg
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Fig. 2. How to build and maintain effective partnership working in food systems research.

purchases at that time®”. Equally, customers were increasingly
shifting out of the out of home sector and therefore treating
themselves to more indulgent purchases ‘in home’ - a trend that
sales data for one retailer alone cannot help to frame®®®. So,
context is just as important as the insights from one data source in
framing the narrative.

How does academic-industry partnership work? And who
benefits?

The University of Leeds is proud of its partnership with
Sainsbury’s, and more recently with other retailers. Best practice
ways of working, for both parties, are openly shared whenever
relevant. In order to articulate this better the team conducted a
qualitative study, employing semi-structured interviews and
analysed data using reflective thematic analysis to develop a
partnership framework®?). A good partnership requires much up-
front time investment, in addition to ongoing commitment, review
and iteration for it to continue to perform well for all involved.

The food system is complex, and in many cases differs from
other academic-industry collaborations due to the breadth and
depth of the system; from farming through to public health where
conflicts or interests may differ. With that in mind, a workshop was
convened at the University of Leeds with a variety of food system
actors to unpack the following two questions:

1. What is unique about the food system and the way we build
partnerships?

2. How to build and maintain effective partnership working in
food systems research?

The response to question 2, is visualised in Fig. 2. Key themes
emerged, such as: finding the sweet spot where both parties can

work together, even if benefits to each party are independent,
recognising shared values and managing stakeholder fatigue*").

Further examples of when partnership ways of working are
successful are highlighted in ‘Healthier Food Choices’ in super-
markets, citing programmes run by organisations like the
Consumer Good Forum (evaluated by the University of Oxford)
and IGD (evaluated by the University of Leeds) as examples of best
practice®?).

How can others get involved with consumer purchase data?

A checklist of recommendations for academics to consider ahead
of starting a collaboration a retailer is summarised in Table 2.
These recommendations aim to increase the success of any
partnership, benefiting both parties and generating wider
impact.

Consider demand management (both parties): There is an
ongoing time commitment throughout collaborative research
using consumer data from both the retailer and the academic
institution. Careful thought is needed about how this will be
provided and maintained to ensure success of the project.
Consideration should be specifically given to communication
methods between academic and retailer teams to ensure efficacy
and efficiency from the outset.

A secure data infrastructure for hosting data: This is essential to
ensure that customer data is stored securely to protect both the data
subjects and the commercial sensitivities.

Data science expertise in your team: These data are huge, complex
and often messy. It is essential that your team includes colleagues
with sufficient data science expertise to handle them. Technical
expertise needs to be matched with computing power of the secure
environment.
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Table 2. Recommendations checklist for working with retailer data

Before Ongoing
you throughout a
Recommendation start project

Consider demand management (both
parties)

A secure data infrastructure for hosting
data

Data science expertise in your team

Nutrition expertise in your team

A clearly defined research question (and
later a full protocol)

Support for legal, data acquisition,
partnership management (Consider the
most appropriate skill set for this
support)

Realistic timeframe for each stage of the
project

Project milestones and expectations

Detailed dissemination plan (including
public relations sign off)

Nutrition expertise in your team: When using these data for
nutrition research, nutrition expertise is essential. Pure data or
computer scientists risk missing the important contextual infor-
mation which means that data are used incorrectly leading to
outcomes that are meaningless for nutrition or create important
findings that are then interpreted in the wrong way.

Clearly defined research question (and later a full protocol):
Before engaging with a retailer, you need to be clear about the
research question you would like to answer, and why this is
important. This is how a retailer will decide whether or not to
engage with you to collaborate and share data. Once the research
questions and analysis plan and data request are confirmed, a full
research protocol development is recommended to support open
science and best practice.

Support for legal, data acquisition, partnership management
(Consider the most appropriate skill set for this support): The
time, patience, energy and expertise required from both the aca-
demic institution and retailer should not be underestimated.
Establish key contacts on both sides early and maintain open
channels of communication throughout. It is unlikely that a post-
doctoral research fellow will have the complete skill set to handle
this aspect of the partnership, but the expertise does typically exist
within all organisations.

Realistic timeframe for each stage of the project: Data sharing
and data preparation always takes longer than expected so it is
important to build in enough time. Conversely a timeline that is too
long to generate findings that are meaningful to the business goals
of the retail partners or feed into the rapidly moving food policy
landscape, are unlikely to be supported at the project conception/
co-production stage. Therefore, there is an important but chal-
lenging balance to strike.

Where multiple retailers are involved in a project, this can take
longer still, as typically no ‘one size fits all’. The time taken to
establish a data sharing agreement can vary considerably from
months to years. Likewise, a standardised format for sharing of
retailer sales data is yet to be established, so data cleaning and
preparation requirements will differ by retailer.

Where there are multiple colleagues in a team working on the
partnership or project, establish a way of keeping records and
tracking decisions made or steps taken throughout and the
rationale for these.

Project milestones and expectations: these are important for
maintaining partnership engagement and to hold all parties
accountable. It is therefore important to co-produce these
accounting for the realities of resource availability and reliance on
and communication between members within the team, and
functions outside of the immediate team — for example data ingress
and egres from a secure data environment.

Dissemination plan (including public relations sign off): Project
and data sharing agreements need to be established such that
results will be shared widely. That said, a likely criterion is that all
outputs require sign off by retailer public relations teams, for which
time should be built into timelines. This step is important and
beneficial for maximising the reach and impact of the research
beyond the business team you are working with.

Conclusion: So, is it a conflict or interest?

In order to change the food system, collaboration across the system
is essential. It is important to manage conflicts of interests but to
find ways to collaborate effectively to drive change is in everyone’s
best interest. Data sharing by industry for independent analysis by
academics is one way to work towards a shared goal, within a
clearly defined governance framework. Research funded by public
and charity funds, for a shared purpose offers great potential to add
important insight while minimising conflicts.
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