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ABSTRACT
Food waste is a huge problem internationally, with economic, envi-
ronmental, and humanitarian impact. Olio is a London-based app
that is trying to tackle the food waste problem by allowing users to
give food to other users on the platform for free. An analysis of Olio
listings over a 17 month period shows that about 40% of the unique
items listed were not collected. In this project, I aim to understand
what factors affect an item’s collectability by comparing various
features of listings that were collected versus those that were not.
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1 INTRODUCTION
Nearly one third of the food produced in the world is lost or wasted
[4][7]. Recent research suggests that if food waste was a country, it
would be the third highest contributor to greenhouse gases after
China and the United States [3]. Additionally, a large percentage of
people around the globe face food shortages, driving some people
to look to food redistribution as an intervention [1][6].

Olio is a London-based app that aims to tackle this problem by
allowing users to redistribute food to others. People with extra
food can post it online then others can reach out to collect it. All
food is offered for free, with the main goal of eliminating food
waste. Although Olio has had success in the United Kingdom, and
most items are arranged for pickup within 10 minutes of being
posted, nearly 40% of unique items listed on the platform are not
collected. It is likely that many of these items end up wasted. If we
are to tackle food waste via redistribution networks, then we must
understand why some items are not collected. This information can
help Olio better tailor its platform so that more food is collected,
and will also help drive additional interventions for food waste.
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Table 1: Listings in London and Jersey

Location Total Collected Not Collected
London 64,974 44,498 (68.49%) 20,476 (31.51%)
Jersey 28,842 17,831 (61.82%) 11,011 (38.18%)

2 METHODOLOGY
For this analysis, I used a dataset provided by Olio that included
anonymized information for all of their listings posted between
April 1, 2017 and September 9, 2018. I focused on Olio’s two largest
markets — London and Jersey, which are two different areas in the
United Kingdom. The total number of listings and breakdown of
those that were collected and not is shown in Table 1.

I chose to focus on separate markets for two reasons. First, most
users would probably not travel a long distance to collect free
food. Additionally, it is likely that different locations have different
offerings and preferences for food, and it is important to understand
those in order to provide suggestions to Olio and its users and to
maximize the number of items that are collected.

For the first part of my analysis, I examined various aspects of
the time at which a listing was posted. These included the day of
the week, month of the year, and hour of the day. I compared the
amount of items that were collected versus not collected on each
of those factors. I also calculated the mean and standard deviation
of the percentage of items that was collected to determine if any
particular time seemed to be an issue for collection.

For the second part of my analysis, I looked further into the
specifics of the items to try and understand why so many were not
collected. I first examined the different food types based on work
by Makov, et al. that divided the listings into 13 different categories
[5]. I then performed text analysis on the title, description, and
collection notes of each item, to determine whether the inclusion
of certain words or phrases had an effect on an item’s collection.
These text fields are all written by the user who lists the item. The
fields provide information about the ingredients, source of the item,
and potential restrictions for collecting the item.

To perform the linguistic analysis I used the Natural Language
Toolkit to clean the text, separate it into individual tokens (word-
like units surrounded by white space), and get word frequencies
[2]. I collected frequencies for the titles, descriptions, and collection
notes across both locations and collection conditions. I also removed
special characters, tokens that were only numeric, and tokens that
were less than three characters long.

I calculated the percentage of collected or uncollected listings
that contained the token to determine which tokens may be related
to an item’s collection state. I then repeated this for bigrams (sets
of two tokens) and trigrams (sets of three tokens).
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Table 2: Frequent Terms with Discrepancy in Usage across Collection Conditions

Location Field Term Collected Rank Not Collected Rank Collected Usage Not Collected Usage
London description ‘open’ 50 8 4.31% 7.65%
London description ‘opened’ 54 11 3.95% 7.07%
Jersey title ‘mill’ NR 18 0% 2.34%

3 RESULTS
3.1 Timespan Analysis
The day of the week a listing was posted did not seem to be a
contributing factor for collection rates. In London, month also did
not seem to have an effect. However, in Jersey both November
and December had collection rates well below the first standard
deviation, with just over 50% collected in each of those months
(mean of 62.9% collection rate, standard deviation of 7.83). Data from
additional years will be needed to see if this is in fact a statistically
significant trend.

Hour of the day provided interesting results, especially as it
compared across the two locations. In Jersey, items posted between
1 and 5am had less than a 50% collection rate, although there were
only 66 items posted in that timeframe. In London, every hour had
at least a 60% collection rate.

3.2 Categories
Examining the different food categories and their collection rates
across both locations also provided interesting results. In London,
every food category except frozen food and baby food had at least
a 60% collection rate. Sandwiches and baked goods had two of the
highest collection rates in London at 73.25% and 68.51% respectively.
Conversely in Jersey, nearly half of the baked goods are not collected
and sandwiches, baby food, dairy, and protein also all had less than
a 60% collection rate. Figure 1 shows the collection rates for the ten
categories with the most listings across the two different locations.

Figure 1: This graph shows the collection rates for the top
ten categories in both London and Jersey.

3.3 Text Analysis
To determine which findings were meaningful, I examined the
30 most frequent terms for each of the three text fields, grouped

by the collection status and location. I compared the rank (with
the most frequent word being 1) and the percentage of collected
or uncollected listings that contained that term. I then identified
the set of most frequent terms whose rank differed by 30 or more
spots and usage differed by more than 2% between collected and
uncollected items. These findings are shown in Table 2.

4 DISCUSSION
The results suggest that the factors affecting a listing’s collectibility
are specific to the listing’s location.

In London, the type of food seems to be one of the main factors
in an item’s collection. This is seen from the variation in collection
rates across the different food categories. In addition, the words that
seemed to have an impact on an item’s collection were not related
to the type of food, but rather it’s state. Items including the words
‘open’ and ‘opened’ were not collected nearly 2 out of 3 times. This
indicates that users are willing to collect some food items that have
already been opened, but not others. Further analysis will show
the types of opened items that users are willing to collect and how
those differ from the opened items that are not collected.

In Jersey, both time and food type seem to affect an item’s col-
lectibility. Unlike London, baked goods are not highly desirable for
collection. In fact, 6 of the 13 different categories have a collection
rate of less than 60%, versus just one category in London. In addi-
tion, the single term that seemed to have an impact on an item’s
collection in Jersey was found in the title and referred to the type
of food, rather than the state of the item. This suggests that users in
Jersey either have different food preferences or use Olio to collect
different things than London users do.

Although there were not many terms found to impact an item’s
collection, the textual analysis provided other useful results. In
London the most common bigrams in collection notes across all
listings were ‘bring bag’ and ‘please bring’. For descriptions the
most common bigrams included ‘bring bag’ and ‘bring container’.
Because these terms showed up so frequently in both collection
conditions, it suggests that bringing one’s own bag or container is
not a deterrent for food collection in London.

For next steps, I plan to examine data in different London neigh-
borhoods to see if there are distinctions at a more local level. I also
want to see if there are trends based on multiple factors, such as
words used and time of day. Finally, I want to build a model to
predict if an item will be collected or not. This model can help Olio
improve its collection rate and further reduce food waste.
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