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ABSTRACT. In this study, we estimate the reduction in food waste that arises from the deployment
of a system that digitally records instances of food items discarded in a commercial kitchen. We
also shed light on the mechanisms that drive this impact. In a quasi-experimental setting where the
system was deployed in approximately 900 kitchens in a staggered manner, we estimate the impact
using the synthetic difference-in-differences method. We find that three months after adoption,
kitchens generate 29% less food waste, on average, than they would have in the absence of the
system— without any corresponding reductions in sales. Utilizing a long-short-term-memory fully-
convolutional-network time-series classifier, we document that these reductions are accompanied by
a 23% decrease in demand chasing, a known bias in human inventory management. Upgrading to a
system that uses computer vision to automate waste classification leads to a further 30% reduction
in food waste generated by the kitchen one year after the upgrade. This further reduction is due to
the accurate recording of infrequent but very high-impact instances of food wasted that employees
avoid entering manually. We also observe substantial effect heterogeneity. Smaller kitchens and
those with buffet service experience almost double the reduction in food waste from the adoption of
the system and also from the computer vision upgrade, compared to bigger kitchens and those with
table service. Low and high-demand-variability sites have larger reductions from adoption than
those with medium-demand-variability (42% vs 25%). The upgrade impacts are not detectably

different with different demand variability.

1. INTRODUCTION

One-third of all food produced is wasted. In the hospitality and food service industries alone,
wasted food costs over US$100 billion annually (Athmanathan 2021). The cost of wasted food can
often be equivalent to a typical firm’s net profits (Winnow Solutions 2024). As big as the financial
consequences are, the impact of food waste on global warming is even more pernicious. About 8% of
global greenhouse gas emissions come from food waste (Food and Agriculture Organization 2020).
In line with the United Nations Sustainable Development Goal Target 12.3 (United Nations 2021),
many nations and firms have committed to reducing their food waste by half by 2030. However,
the path to achieving this goal remains unclear.

Key words and phrases. Food Waste; Artificial Intelligence; Sustainability; Computer Vision; Impact Analysis; Per-
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To better manage food waste, accurately measuring and monitoring what is wasted is essential.
However, retail-scale food production and service environments are notoriously data-scarce. A
typical restaurant only records the total raw materials purchased on a weekly or monthly cycle, with
no data on the precise quantities of ingredients that pass through each stage of food production and
service. In the rare cases that food waste is recorded, it is typically just the total weight of organic
waste collected by a waste collection company at a weekly or even monthly level. This makes it
hard to track what specific items are wasted and identify the root causes of this waste. Further,
in contrast with other modern production processes, there is no data on work-in-process inventory,
amount of finished goods produced, on-hand inventory, leftover inventory, or lost sales. In buffets,
there is also often no “sales” data. The wide variety of non-standardized raw ingredients, prepared
items, components, and final products in food production have traditionally necessitated manual
measurement and tracking, which makes measurement not economically viable. Recent advances in
Al/image classification technologies have the potential to automate this measurement.

Winnow Solutions, a UK-based company, has developed a digital food waste tracking system. There
are two versions of the system: the original “Winnow Classic” system and a more recently upgraded
“Winnow Vision” system. The Winnow Classic system comprises a digital scale and a connected
digital tablet that are retrofitted on existing trashcans in commercial kitchens. Whenever food is
thrown away in a trashcan, the weight of the item wasted is automatically recorded. The user is
then manually prompted to identify the item via an easy-to-use menu of options available on the
tablet and select the reason for the waste. Winnow Vision goes further and eliminates the need
for manual identification of the items wasted. The vision system includes a digital camera that
is inconspicuously mounted over the trashcan. Using modern Al/image classification algorithms,
the system automatically identifies what item is wasted to complement the weight measurement.
Food waste is automatically categorized, with little need for manual input. Overall, using Winnow
systems, kitchens can easily measure and stratify their food waste down to the level of each disposal
transaction, classifying waste as different items at different stages of preparation and processing.
The collected data is made available to kitchen managers in daily, weekly, and monthly site reports.
Kitchen managers also have access to a portal to dig deeper into the data and conduct further
analytics.

This study is based on a long partnership with Winnow Solutions. In collaboration with Winnow

and with the data collected by the deployed Winnow systems at hand, in this study, we set out to

(1) Provide the first systemic census of the food wasted in different types of food service estab-

lishments;
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(2) Estimate the impact of the availability of detailed waste data on the amount of food wasted,;

(3) Estimate the additional bene ts, if any, from the Al/iImage-classi cation-enabled automated
data collection and

(4) Identify the mechanisms that drive the bene ts of data availability and Al-enabled automa-

tion of data collection.

Our study exploits the staggered deployment of the original waste recording system, Winnow Classic,
in hundreds of commercial kitchens and the subsequent staggered upgrade of some of these systems
to the automated Winnow Vision system. We provide causal estimates of the change in food waste
generated due to the adoption of the system and the subsequent upgrade. We also try to explore the
potential mechanisms that lead to the change. We use the synthetic di erence-in-di erence method
(SynthDiD) with staggered treatment times (Berman and Israeli 2022, Porreca 2022) to identify
the e ect of the adoption and that of the upgrade. This method allows us to overcome several
identi cation challenges arising from the infeasibility of running large-scale, randomized controlled
trials in the eld where the subjects are many di erent rms. We con rm the robustness of our
results using several other methods.

To explore the mechanisms of action, we utilize machine learning techniques to detect behavioral
patterns from waste data and compare the patterns before and after the adoption/upgrade. Specif-
ically, we develop a multi-class time-series classi er based on the long-short-term-memory fully-
convolutional networks (LSTM-FCN) algorithm. Based on the waste data collected, this classi er
allows us to identify, with high accuracy, the incidence of common behavioral biases in managing
food inventories. We then use the DiD approach to examine whether this incidence changes on
account of the adoption/upgrade of Winnow.

Overall, our analysis sheds light on how information collection enabled by digital technologies and
Al can in uence the management of food waste, or, more generally, how Al and digital technologies
can help better management of inventories and operations in fast-paced, dynamic, high-uncertainty,
high-obsolescence production settings. Our main ndings are:

Census of Food Waste. Our census of food waste gives us a sense of the extent of food waste in
establishments. We nd that the average pre-adoption waste level of bu ets is nearly six times
higher than that of counter-service and double that of table-service settings. They waste 2042,
358, and 826 grams/covet, respectively. Hotel-based food service establishments waste more than
double that of independent restaurants (2361 vs. 856 grams/cover), which, in turn, waste more
than double that of quick-service, sta, and healthcare food service settings (422, 260, and 342

1The term cover in the food service industry refers to one guest served at a restaurant.
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grams/cover, respectively). Most food waste originates from leftover/expired inventory (48%: 40%
prepared food and 8% raw), followed by food trimmings, plate waste, and cooking & handling errors
(14%, 10%, and 7%, respectively).

Impact of Adoption and Upgrade. We nd that, on average, kitchens that adopted the Winnow
Classic system produce3% less food wastéhan they would have otherwise produced two months
after adoption. This gure rises to 29% three months post-adoptionNotably, this reduction happens
without any corresponding decrease in sales. Further, on average, the sites that upgrade to the
computer-vision-based Winnow Vision experience an additional food waste reduction of abo@6%
nine months post-upgrade, rising to about 30% twelve months post-upgra@dso without any loss in
sales). To put this in perspective, ambitious food service establishments have set targets to halve
their food waste within a decade (World Resources Institute 2016). By adopting Winnow Classic,
a commercial kitchen could achieve a 29% waste reduction in a mere three months! With Winnow
Vision, the 50% reduction goal could likely be achieved within a year. In other words, a simple
monitoring system can bring remarkable food waste reduction bene ts and provide a clear path to
meet even very ambitious climate goals. Note that these reductions are achieved with no revenue
changes and a signi cant cost decrease. Thus, this brings about a win for the business and the
environment, all achieved by using digital technology and Al.

Heterogeneous E ects. To sharpen our ndings and make them generalizable to a wider variety of
food service establishments, we explore how the above impacts vary by site characteristics. Three
months post-adoption, smaller establishments see almost double the reduction compared to larger
ones (42% for those serving below 800 covers per day vs. 22% for those above). Bu ets also see
a higher reduction than table sites (36% vs. 26%, respectively). Sites with very low or very high
demand variability (coe cient of variation below .5 and above 1, respectively) also see a higher
reduction than those with medium demand variability (42% for high- and low-variability sites vs.
25% for medium-variability sites). Similar to the e ect of Winnow Classic adoption, one-year post-
vision upgrade, smaller sites (bu ets) experience double the reduction compared to larger sites
(restaurants) on account of the upgrade: 57% vs. 21%.

Mechanisms Adoption. We nd that the primary driver of the waste reduction due to the adoption

of Winnow Classic is the signi cant decrease in the leftover inventory of prepared and raw food items.
These are about 32% down, on average, in three months. The reductions in other kinds of food
waste (trimmings, cooking errors) are less pronounced. Using our machine-learning-based classi er,
we next attempt to provide some evidence on the behavioral phenomena that drive waste reduction.

We measure the change in how often the inventory decisions are biased away from optimal decisions
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in several speci ¢ ways previously identi ed in the behavioral inventory management literature. We
observe that the waste reduction on adoption comes with a signi cant decrease in the likelihood
of demand chasing. Three months post-adoption, we observe a 23% reduction in the incidence of
demand chasing, with a corresponding increase in the likelihood of having waste outcomes consistent
with optimal/bias-free decision-making. The incidences of the other biases (overreaction, static
production plans) do not experience a signi cant change.

Mechanism Upgrade We nd that within a year, the Winnow Vision upgrade signi cantly decreases
leftover inventory, cooking errors, and trimmings (30%, 21%, and 43%). These additional bene ts
come from a better quality of information. Interestingly, with Winnow Classic, on average, only
3% of food waste events are uncategorized. However, these 3% of waste events account for about
26% of the total waste amount by weight, suggesting that when large amounts of food waste are
generated, manual operators do not categorize these large waste transactions. Winnow Vision,
however, leaves no option not to categorize such waste events. Our data shows a virtually complete
categorization of all waste (by number of events or by weight) after the upgrade. In e ect, the
automated vision system prevents large waste events (be it massive overproduction/over-purchase
or cooking errors) from being hidden by incomplete manual entries. The ability to see and control
these large waste events perhaps drives the additional food waste reduction in leftover inventory
and cooking errors (and, as a result, the corresponding reduction in trimmings) that we observe
on account of the vision upgrade. We do not see a signi cant change in the behavioral biases
after the upgrade, likely because the additional events captured by the vision system are larger
straightforward errors (inventory and cooking) and have less to do with the managerial response to
demand changes.

Finally, we see some changes in the consumer-level waste an average 16% plate waste reduction
three months after Winnow Classic adoption and an additional 18% reduction one year after the
Winnow Vision upgrade. Although these reductions are not statistically signi cant and their genesis

is unclear, these observations suggest that kitchen managers are able to in uence the consumer-
driven portion of food waste as well, possibly by reducing portions, changing plate sizes, etc.

Our study has important implications for practicing managers and for building our understanding

of the use and e ectiveness of technology in production and service operations.

For practitioners in the food service, hospitality, and other related industries, the implications are
clear. The broad insights from our food-waste census on the prevalence, genesis, and variation of
food waste provide a report of the status quo at food-service establishments and suggest clear im-

provement paths. Our estimates provide rigorous benchmarks on the potential bene ts of adopting
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Winnow or other food waste monitoring technologies. Sites similar to the ones in our sample can
reasonably expect to achieve environmental and nancial outcomes like the ones estimated in our
study. Our results on the e ect heterogeneity can help potential adopters obtain sharper bench-
marks based on the particular characteristics of their food operation (site size, service type, and
demand variability).

For practitioners in other industries, while our estimates may not be representative of the achievable
gains, the structural phenomena identi ed in our study are likely to continue to hold: Using digital
technology to monitor excess inventories in production and service systems reduces excess inventory
on account of lower incidences of behavioral biases. Automated classi cation reduces the ability of
employees to disguise large-impact errors, among other ndings.

For civil society organizations, policymakers, and multilateral institutions that are working on cli-
mate goals and reducing food waste, our work provides an evidence-based, low-cost, pro t-increasing
path to achieving very signi cant reductions in carbon emissions.

For the technology, Al impact, sustainability, and operations management research communities, our
work advances our understanding of how technology mediates better operational and environmental
outcomes. To the best of our knowledge, we provide the rst eld evidence on how the availability
of digital information on leftover inventories changes these outcomes, and the particular behavioral
biases that drive the gains. We also provide the rst real-world evidence of the bene ts of using
Al to increase operational e ciency and the potential pathways. Methodologically, our machine-
learning-based time-series classi er is a new method for the online detection of biases in inventory

operations, a sort of Al-driven warning system.

2. Literature Review

Our paper contributes to ongoing research streams that study (1) food waste and sustainable oper-
ations management, (2) perishable inventory management, (3) digital-technology-enabled interven-

tions, and (4) Al and productivity.

2.1. Food Waste & Sustainable Operations Management. Prior studies have examined food
waste at di erent tiers of the food supply chain. At the retail level, Akkas et al. (2018) rst identi ed

the drivers of in-store product expiration using large-scale data. Akkas (2019) analyzes the impact
of allocated shelf space on product expiration and formulates a shelf space selection problem. Via
structural econometric modeling, Sanders (2020) evaluates the welfare of two potential remedies for
food waste in grocery retail: dynamic pricing and organic waste land Il bans. More recently, Akkas

2Most of the existing food waste tracking solutions are very similar to Winnow. Like Winnow, they provide (almost
identical) tracking/descriptive feedback.
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and Honhon (2022) study how shipment policies (i.e., the rules to determine the quantity and age
composition of inventory to ship from a warehouse to a retail location) a ect prots and waste.
Yang and Yu (2023) study surprise clearance as a novel scheme to increase retail pro t and reduce
food waste. Keskin et al. (2023) quantify the value of blockchain-enabled freshness transparency
by examining retail prot growth and food waste reduction brought by blockchain adoption. In
addition to the retail-level waste that these studies consider, Belavina et al. (2016) examined food
waste generated by households when comparing the nancial and environmental performance of
di erent revenue models o ered by online grocery retailers. To explore the environmental impact
of introducing an online channel, Astashkina et al. (2019) assesses food waste in the entire supply
chain at the supplier, retailer, and consumer tiers. Furthermore, Belavina (2021) studies the
impact of grocery store density on retailer and household waste.

We contribute to the growing food waste literature by examining the waste generated at food service
establishments. We estimate the reduction in food waste from the deployment and upgrade of a
technology that digitally records instances of food items discarded in a commercial kitchen. We

also shed light on the mechanisms that drive this impact.

2.2. Perishable Inventory Management. Our work also relates to the perishable inventory man-
agement literature. Nahmias (2011) and Karaesmen et al. (2011) provide complementary reviews
of advancements in the OM research on perishable inventories, with a focus on the computation
of optimal and heuristic ordering policies. Many studies also explore markdown management. For
example, Li et al. (2016) and Hu et al. (2016) study joint replenishment and clearance sales of
perishable goods. Going beyond the focus on optimal stocking levels in the literature, Astashkina
et al. (2019) and Belavina (2021) examine the perished inventories that result from these optimal
decisions and the associated carbon emissions via multi-echelon perishable inventory models with
spatially distributed agents. Further progress on the impact of incorporating food waste into supply
chain decisions, however, has been stalled by the unavailability of inventory-age data, in practice.
As such data becomes more readily available, there will be a push toward the development of new
algorithms for better management of perishables (Akkas and Gaur 2022). With the rst-of-its-kind
data, we contribute by providing statistics on the nature of food waste in commercial kitchens, quan-
tifying the waste reductions on account of detailed waste information gathering and shedding light

on how the information feedback on food waste can in uence perishable inventory management.

2.3. Digital Technology-enabled Interventions. There is extensive literature studying the im-
pact of implementing technology-enabled interventions. Pierce et al. (2015) nds that the imple-

mentation of a monitoring system (enabled by back-o ce technology) reduces employee theft and
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improves productivity in a casual restaurant setting. Staats et al. (2016) explores the e ectiveness
of RFID-based electronic monitoring on hand hygiene compliance in hospitals and its persistence.
Anderson and Kimball (2019) document increased student learning performance due to teachers'
use of performance measurement systems for diagnosing and remediating problems in students'
daily learning. Soleymanian et al. (2019) study how driving behavior is a ected by participating

in the telematics-based usage-based insurance (UBI) program, where drivers receive real-time feed-
back about their driving behavior in exchange for potential discounts on future premiums from
auto insurers. They also show that after UBI adoption, UBI users drive safer. Berman and Israeli
(2022) demonstrate an increase in online retailers' revenues post-adoption of a descriptive analytics
dashboard. Our research examines the change in food waste in commercial kitchens due to the
use of Winnow systems. This system enables granular capture and feedback on the amount and
the origin of the food wasted. We, thus, contribute to the OM literature that studies the impact

of various technology-enabled interventions, such as monitoring and feedback, to drive operational

improvements.

2.4. Al and Productivity. Recent years have witnessed a surge in the development of Al to
assist human users across diverse domains (Furman and Seamans 2019). Existing research on
Al applications revolves around two primary areas: 1) Al for automation, such as automating
repetitive data entry processes, uent text generation, and improving data accuracy (De ze et al.
2022, Babina et al. 2024); 2) Al-co-pilots for feedback or advice, such as Al-assisted medical diagnosis
and other applications based on Large Language Models (LLMs) (Brynjolfsson et al. 2023, Otis
et al. 2024). Numerous studies have provided valuable insights into the e ectiveness of di erent
ways to incorporate Al tools in the decision-making processes of managers across various domains,
spanning project management (Beer et al. 2022), healthcare (Liu et al. 2022, Lin et al. 2023), retalil
(Kawaguchi 2021, Sun et al. 2022), procurement (Cui et al. 2022), idea generation (Girotra et al.
2023), transportation (Cui et al. 2023), consulting (Dell’Acqua et al. 2023), freelance work (Hui

et al. 2023) and law (Cohen et al. 2023). Our research is in the same stream but focuses on a
new context the use of computer vision-based food waste information gathering in the context of

production operations.

3. Institutional Context

Our study estimates the impact of granular (Al-enabled) food-waste recording on the amount of
food waste generated in commercial kitchens. In particular, we consider kitchens of standalone

restaurants as well as kitchens of food-service establishments in hotels, hospitals, corporate o ces,
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resorts, casinos, cruise ships, and retail stores. Some establishments in our study have only one
kitchen, while others are multi-location chains with several identical kitchens run by the same
company.

A typical commercial kitchen is a fast-paced environment, and relative to mechanized production
facilities that are the focus of most operations management research (for ex., those for cars, elec-
tronics, etc.), there is far less standardization, automation, and optimization. These kitchens are
sta ed with cooks and managers, who often have limited operations training or the time to optimize
the operations; the focus is on food taste and presentation. Quality management programs that are
standard in other facilities are rare. Most importantly, in a typical kitchen, there is no instrumen-
tation of the production processes, and as such, there is very little in-process data. It is common
for a kitchen o ering a bu et service to have no data beyond the basic raw materials ordered on

a weekly or monthly basis. Table-service kitchens may also have access to point-of-sale data, but
even in these cases, the SKUs sold are often not well standardized, and there is rarely an accurate
mapping between nal goods and the semi-prepared items and raw materials that go into them.

Our study is built around the rollout of a new information-gathering system, developed by Winnow
Solutions. The Winnow system records the food items thrown in the trashcans deployed in a kitchen.
There are two variants of the system Winnow Classic, which is essentially a digital weighing scale

attached to a tablet, see Figure 3.1(a). Trashcans are placed on top of a Winnow scale, which allows

(@) Winnow Classic  (b) Winnow Vision

Figure 3.1. Winnow Systems Demonstration

for accurate measurement of the weight of food items thrown in every use of the trashcan. Users
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can use the attached tablet to record speci ¢ food items thrown in the trashcan and the reason why
the item was thrown unsold prepared food, inventory spoilage, cooking & handling errors, waste
from preparation (such as trimmings), or food left on the consumer plates.

For recording the speci ¢ food item, users must use a menu-based system to rst identify the
category of the item (desserts, vegetables, etc.) and then the specic item. The list of items is
customized to each establishment, and is organized in a smart way, with the most likely items rst
on the list, but given the large number of potential items, the user may need to click through several

times to record the item correctly, see Figure 3.2.

Figure 3.2. Two-Step (Category & Item) Data Entry Process on the Touchscreen

Winnow Vision, see Figure 3.1(b), is an upgraded version of this system that uses Al-based auto-
matic classi cation of the items thrown, drastically simplifying data entry. This version includes
everything in the classic system plus a small wide-angle camera that is motion-activated at the base
of the tablet assembly. The camera takes a picture of the trashcan right after the food is thrown.
This picture is compared with an older picture. The changes in the two pictures are then classi-
ed using a modern deep-learning-based image classi cation algorithm developed in consultation
with the study authors. The algorithm is trained on manually-labeled food-waste images. Overall,
Winnow Vision can automatically classify food items with an accuracy level surpassing humans.
Data collected by Winnow is stored on Winnow's cloud platform, which kitchen managers can
access. The platform shows various statistics of the items wasted. Kitchen managers also receive
daily, weekly, and monthly reports via email, and they can access additional data via the cloud

platform (see Figure 3.3).
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Figure 3.3.  Winnow Reports

4. Theoretical Expectations

Our study estimates the e ects of providing past food waste information to kitchen managers who
are responsible for making decisions around raw materials ordered, items prepared for cooking (work-
in-progress inventory) and the nal amounts of food cooked and served. Each of these decisions can
be conceptualized as a multi-product, multi-period, perishable inventory system with continuous
review and non-stationary demand. Food waste information is the information on the left-over
expired inventory in preceding periods, inventory that arises as a function of the quantities produced,
demand, and food expiration.

Prior to the installation of Winnow, decision-makers in the system had access to (at best) limited
crude data on overall nal item sales. The Winnow system uses modern digital technology and
Al/lmage classi cation algorithms to provide granular product-level left-over-inventory information

to the decision-makers. In this section, we leverage past work in operations, economics, and psy-
chology to build a theoretical understanding around (a) the potential e ects of providing additional
information to decision-makers, (b) the potential mechanisms of action for these e ects, and (c)

how these e ects vary between di erent settings.
4.1. E ects of Tech-Enabled Information Gathering.

Reasons to expect food waste reduction&xtensive work has shown that technology enabled infor-

mation gathering can improve performance across various domains, such as utilities (Thaler and
Benartzi 2004, Gaker et al. 2010), health (Staats et al. 2016, Kim et al. 2020), and transportation

(Choudhary et al. 2021). The literature identi es four broad arguments for this, that we conjecture

are relevant in our setting.
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First, technology adoption can remove information hurdles, complementing workers by freeing up
their cognitive capacity (Brynjolfsson and Hitt 2000, Hitt and Tambe 2016); we expect similar

e ects with the Winnow system. Second, information saliency promotes better goal-setting and
induces greater e ort (Anderson and Green 2018). As is shown in Bandura (2010), goals based on
one's prior performance are deemed achievable through increased self-e cacy, and this increased
self-e cacy results in increased and persistent e ort, which, in turn leads to better performance.
We conjecture Winnow increases information saliency and should promote better goal setting and
induce greater e ort.

Third, feedback on prior performance also serves as a basis for evaluating one's ability to success-
fully perform subsequent tasks (Bandura 1991). Given that human decision-making is often biased
(Tversky and Kahneman 1973), reporting prior performance is a low-cost intervention to exploit
human behavioral tendencies and thus initiate better decision-making. For example, Blader et al.
(2020) conducted a eld experiment with a large US transportation company o ering electronic
onboard recorders that report drivers' performance automatically, and they found that provid-
ing feedback leads to better driving performance. Many studies in the behavioral OM literature
(e.g., Schweitzer and Cachon 2000, Bolton and Katok 2008) have also shown that in NewsVendor
games, when players are provided with feedback on realized demand and pro tability after each
round, player performance improves. Although our setting is more sophisticated than the classic
lab-experiment-NewsVendor, and the information provided is more nuanced than that in the lab
experiments (leftover inventory as opposed to prots), we hypothesize that the Winnow system
provides important feedback on prior performance and will lead to performance improvements.
Fourth, the Winnow system can also be viewed as a monitoring tool. The mere presence of mon-
itoring may change user behavior by making individuals feel accountable for their now observable
actions. For instance, prior work has documented that simply making one's action visible to oth-
ers may in uence various categories of behavior ranging from voter turnout to employee theft in
restaurants (see Gerber et al. 2008, Pierce et al. 2015). Additionally, monitoring may signal man-
agement's commitment to process compliance. Winnow is, in e ect, an employee monitoring tool,
and its adoption signals management's ambition to reduce food waste.

Overall, we expect that the Winnow system will remove information hurdles and free up cognitive
capacity, increase information saliency to promote more goal setting and induce greater e ort,
provide inventory managers with performance feedback and signal the priority management places

on food waste and holding individuals accountable for their actions related to food waste. The
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combination of these e ects should lead to a reduction in food waste after the installation and use

of the Winnow system.

Reasons to expect food waste increaseblotwithstanding the bene ts of technology-driven interven-
tions, there are some additional concerns. Information provided by new technologies can be often
classi ed into four categories (Lismont et al. 2017): (i) descriptive (what happened), (ii) diagnostic
(why did it happen), (iii) predictive (what will happen next), and (iv) prescriptive (what should

be done about it). Whereas the potential bene ts of predictive or prescriptive technology that uses
sophisticated modeling have been well-studied (e.g., Wedel and Kannan 2016, Bradlow et al. 2017),
the value of descriptive information (as is the information from the Winnow system in our study) is
guestionable, as receivers may misinterpret and fail to turn them into actionable insights (Berman
and Israeli 2022). Kluger and DeNisi (1996) found in their meta-analysis that 38% of the studies
report a negative e ect of feedback information on performance. Concurring with their ndings,
several recent studies have demonstrated feedback's ine cacy in improving user performance. For
example, Rolim et al. (2017) observed that bus drivers do worse after real-time feedback because
they only focus on some safety parameters while overlooking others. There is an additional psycho-
logical concern. Technology-driven high-resolution data collection can play the role of a monitoring
tool, but it can also be perceived as invasive and a signal of distrust by management, which could
result in reactance or reduced compliance (Frey 1993, Bernstein 2012). This e ect is likely to be
quite salient in commercial kitchens. As Lemos (2019) summarizes, chefs are extremely busy run-
ning demanding commercial kitchens and do not have the time or patience to invest in the right
initiatives. Also, chefs usually have worked in the industry for a long time and might feel suspicious
about the outside intervention and invasive monitoring.

Overall, sound arguments and evidence from other settings indicate that leftover inventory or food
waste information from prior periods should reduce food waste. At the same time, arguments and
prior evidence suggest that simple descriptive information can be harmful in settings like commercial
kitchens. We speculate that the positive e ects dominate. In other words, we believe thahaving
detailed food waste information from prior periods should reduce the amount of food wasienerated,
though we don't hold this opinion strongly.

From a practical commercial point of view, the e ect's direction is insu cient. The real concern is
more nuanced what is the extent of the bene ts of food waste monitoring systems, in commercial
kitchen settings, if any? In line with this practical concern, we will design our study to measure
the level of the bene ts/losses of these information-gathering systems rather than just assess the

direction.
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4.2. Correction of Inventory Management Biases. The factors discussed in Section 4.1 pertain
to the role of additional information in a generic decision-making task. We next delve into the
speci c case of inventory decisions. The value of additional information in inventory management
decisions manifests itself primarily via a better understanding of the demand. Behavioral operations
management researchers have identi ed that inventory managers often misuse demand information
(Kremer et al. 2011). In particular, the literature has identi ed three common biases. First,
inventory managers may not respond su ciently to demand variability. That is, they follow simple
heuristics or rules of thumb and produce a certain amount of food without su cient adjustment in
accordance with demand changes when making decisions (see Kahneman et al. 1982, Su 2008, Gino
and Pisano 2008). We refer to this decision bias as static production plan. Conversely, inventory
managers may overemphasize demand signals dgmand chasingSchweitzer and Cachon 2000, Lau
and Bearden 2013, Kirshner and Moritz 2020) such that the order quantities are adjusted towards
the demand in the prior period. Along similar lines, managers may overreact talemand changes
(Watson and Zheng 2008) such that the order quantities are increased/decreased in response to
the sharp demand increase/decrease in prior periods. We describe these further in Section 8.2 and
Appendix A.7.

In commercial kitchens, contemporaneous demand realizations are often not observed (for example,
in bu et-type settings), are observed by di erent decision makers (for example, the commercial
manager rather than the chef or kitthen manager who makes inventory decisions), or are observed
with a signi cant lag. The Winnow system makes leftover inventory information very salient to the
kitchen manager. This information combined with direct knowledge of the recent inventory decisions
made can allow inventory managers to get a better sense of the recent demand realizations. As such,
we conjecture that the installation of the Winnow system and the information gathered by it would

limit the incidence of the three behavioral biases

4.3. E ect Heterogeneity. Beyond the average e ect of information, there may also be signi cant

di erences in the e ects amongst di erent kinds of food service establishments. One potential cause
of such heterogeneity is the site size. The larger sites enjoy the bene ts of statistical pooling and,
as a result, experience less waste per meal served. Also, they might be able to better optimize their
operations. Thus, we expectsmaller sites to bene t more from Winnow

Service type (bu et-, table- or counter-type restaurants) may also drive the heterogeneity in the

e ects of Winnow. A wide variety of foods are often served at bu ets, making item-level information
gathering very challenging. Also, the bu ets' make-to-stock strategy is much more vulnerable

to inaccuracies in demand forecasts (Wu and Teng 2023), compared with table- or counter-type
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restaurants. Thus, we expectbu ets to bene t more from Winnow (as compared with table- or
counter-type restaurants)

We also consider how di erent levels of demand variability may lead to di erent outcomes. When
the service level is su ciently high, as typical in food service establishments, higher demand uncer-
tainty induces higher inventories (Rubin 1980, Gerchak and Mossman 1992, Song et al. 2009) and,
as a result, food waste. Thus, sites with higher demand uncertainty might expect more bene ts
due to Winnow adoption. Further, the deployment of Winnow systems could make demand vari-
ability management more e ective by providing incremental (waste) information. This additional
information could allow users to keep revising their demand forecasts and partially resolve the faced
uncertainty over time (Graves et al. 1986, Heath and Jackson 1994, Chen and Lee 2009). Finally,
it is likely that establishments with lower demand variability might be able to use this additional
information with higher precision. As a result, the impact of demand variability on waste reduction
outcomes is uncertain, andthe sites with lower or higher demand variability might see more bene ts

from Winnow.

4.4, E ect of Al/Computer Vision. Al is revolutionizing data capture (De ze et al. 2022).
Traditional data entry can be time-consuming and error-prone. Winnow Classic requires the user
to identify the item thrown in the trashcan and manually indicate what is being wasted. Such
manual entry is labor-intensive and demands signi cant time and e ort. Further, humans are prone
to errors. Even the most diligent data entry operators can make mistakes and miss entries; this is
much harder for busy kitchen sta . Al algorithms, on the other hand, can automate repetitive data
entry processes and improve data accuracy (Babina et al. 2024). The Winnow Vision system uses
a modern deep-learning-based based image-classi cation algorithm to automate waste information
gathering. The Al-enabled system recognizes the item thrown from images captured with high
accuracy, delivering more accurate data with minimal e ort. Automation is a massive boost to
e ciency. By taking repetitive tasks o the plate, Winnow Vision users can free up time to focus
on other aspects of their work, which will arguably lead to better waste categorization by origin,
more engagement with the collected data, and enhanced productivity in the kitchen.

Overall, the addition of a computer vision element should provide better data quality, reduce human
errors, improve waste data accuracy, and increase general comfort with the use of the Winnow
information-gathering system. However, the literature also presents some competing arguments
humans can be averse to the input from algorithms (e.g., see Dietvorst et al. 2015, Dietvorst and
Bharti 2020). Cao and Zhang (2020) also provided rst-hand eld evidence that human workers

are reluctant to adopt Al. This aversion and reluctance to Al and automation may make inventory



16 USING ARTIFICIAL INTELLIGENCE TO REDUCE FOOD WASTE

managers distrust or ignore the data provided by the Winnow Vision system. That said, our setting
is somewhat di erent from the cases mentioned above in that Al is used to help achieve managers'
professional and prosocial goals (e.g., to run a more e cient and sustainable kitchen) rather than
substitute them. As such, we expectWinnow Vision to achieve further reductions over and above

Winnow Classic's.

5. Data

Our data spans 876 sites from 71 di erent food service establishments that installed the Winnow
Classic system in a staggered way between May 2016 and Nov 2079\ typical food service estab-
lishment operates kitchens at multiple di erent sites. At each site, the rollout begins with a blind
period that lasts between two weeks and four months; the installed system collects baseline data
for Winnow's internal use, while the site operates as usual and does not have access to this data.
There is no involvement from the kitchen sta other than throwing food in the trashcan as before.
The blind period is designed to ensure that the kitchen sta does not notice any changes in the
operation and that the tablet and other items are disguised. After the blind period, the system is
o cially activated. From this point, the sta gains access to real-time feedback on the items thrown

in a shift and all archival data via periodic reports and a data portal.

After using the Classic system for a while, some sites upgraded to the Winnow Vision system,
eliminating the need for manual entry. In the initial days after the upgrade, photos taken by
the camera were manually labeled at the backend by the Winnow team to generate site-specic
training data and validate algorithm performance at the speci c site. All sites eventually have a
custom-trained, fully automated computer vision system that automatically identi es the specic
item thrown in the trashcan.

The Winnow system logs every item thrown in trashcans at participating sites. These waste events
constitute our primary data. Overall, there were 12,828,147 waste events in the study period. For
each waste event, we have the weight of the item thrown, the exact item thrown (obtained by manual
entry in the classic system and by computer vision in the vision system), and a manually entered
reason for the waste unsold prepared food, inventory spoilage, trimmings, cooking & handling
errors, or plate waste.

We supplement this waste data with the manual collection of data on the type of food service estab-
lishment each site was associated with hotel, restaurant, sta restaurant, quick-service restaurant,

or healthcare facility. Restaurants dominate our sample (75.5%), but we also have hotels (11.1%),

SWe limit our study to installations prior to the breakout of COVID-19 as COVID disrupted operations and led to
downsizing and wide shutdown in many commercial food service establishments.
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Table 1. Summary Statistics

sta restaurants (3.5%), quick-service restaurants (1.1%), and healthcare facilities (0.2%). Finally,
we observed and recorded the type of service each site 0 ered bu et, counter, or table service. In
our sample, table service is the most common (70.2%), whereas 18.5% of the sites are bu ets and
3.5% are counter services.

We aggregate the raw waste data at the day-site level. Waste in grams at siteon dayt is captured

by weight;;; waste_per_cover; is the normalized version of this waste measure, computed as
weight;; divided by the number of covers served at sité on day t.

We capture the variability in the site's demand by computing the coe cient of variation based on
historical daily sales data®

<

P P R
demand_ stdj o . salesy he , salesi j o - X

S— sales;
demand_mean; i) 1 (h2 ) sn)

demand cv; =

where = fsalesy ;sales; 1;::;sales; 0:

Table 1 presents the summary statistics.

Additionally, Figure 5.1 (a)-(d) depicts the distributions of the key variables. Figure 5.1(e)-(h)
visualize the pre-adoption waste statistics by site type and service type, respectively. The average
pre-adoption waste generated at bu ets is nearly six times higher than that of counter service
and almost double that of table service settings. They waste 2042, 358, and 826 grams/cover,
respectively. Hotels waste more than double that of restaurants (2361 vs. 856 grams/cover), which
themselves waste more than double that of quick-service, sta, and healthcare facilities (422, 260,

and 342 grams/cover, respectively).

4IdeaIIy we would construct this variability measure from historical demand data, but what is observed here is only
censored demand data, i.e. sales. It is typical in industry to use sales rather than demand (see Schleifer 1995, Cachon
and Terwiesch 2012), as such sales data is all that is available to the site managers (and us). With the high service
levels typically provided by food-service establishments, we expect that demand censoring does not signi cantly alter
this variable.

We also ran our analysis with demand variability variable constructed using past sales on only the same day of the
week data (following Jain et al. 2013, see below): i = fsalesy ;sales; 7 1);sales; 7 ,sales; 7 g::0: Our
main results continue to hold under this alternative speci cation.
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