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Abstract. Recommender systems are now an integral part of many e-commerce
websites, providing people relevant products they should consider purchasing. To
date, many types of recommender systems have been proposed, with major categories belonging to item-based, user-based (collaborative) or knowledge-based
algorithms. In this paper, we present a hybrid system that combines a knowledge
based (KB) recommendation approach with a learning component that constantly
assesses and updates the system’s recommendations based on a collaborative and
item based components. This combination facilitated creating a commercial system that was originally deployed as a KB system with only limited user data,
but grew into a progressively more accurate system by using accumulated user
data to augment the KB weights through item based and collaborative elements.
This paper details the algorithms used to create the hybrid recommender, and details its initial pilot in recommending alternative products in an online shopping
environment.

1 Introduction
Recommender systems have become an integral part of many e-commerce websites,
giving consumers suggestions for additional or alternative products to purchase. These
systems are part of well known websites such as Amazon.com, Pandora, Yahoo!, and
Netflix [2–4, 7]. In fact, Netflix recently offered a Million Dollar Prize [2] for significantly increasing the quality of its recommendations, highlighting the importance of
this field to e-commerce websites.
For commercial companies, recommendations are important to both directly and
indirectly generate sales. Direct sales can be generated in two ways. First, a person
may wish to buy a specific product from a website, but not be able to complete the
transaction due to the product no longer being in stock. The recommender system can
then provide alternate products, still completing a sale. In a second scenario, even if the
product is in stock, the recommendation system may be able to provide additional items
that the user may wish to buy, even furthering the revenue from the website. Even if the
recommender system does not directly produce sales, they can be critical in providing
an improved shopping experience thus attracting more shoppers to the website and indirectly producing more sales. In these types of scenarios, the recommender system can
provide additional information about related products or services that might aid the user
in better using a product they just purchased. In these types of cases, the recommender
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system can provide an after sales support system, ensuring the buyer is satisfied with
the purchase.
In this paper, we describe the recommender system we built for the e-commerce
website, mysupermarket.co.uk. MySupermarket is a relatively small private e-commerce
company that makes its revenues by providing recommendations of grocery products to
buy. All revenues are generated as a percentage of the total order places, so it is critical
that the shopping experiences be as pleasant as possible, and recommendations be as
relevant as possible, to boost sales. One of the key features of MySupermarket is its five
ways it helps users save money1 . The first and most important mechanism is a “swap
and save” feature where the recommender system provides alternate (swap), yet similar,
items to the user that are cheaper (save). This paper focuses on the algorithms involved
with the recommender agent in this system.
The novelty of MySupermarket’s swap and save agent lies in its combination of
knowledge based, collaborative filtering and item based algorithms. In the next section, we details the background of the recommender algorithms upon which our hybrid
system is based, and stress the contribution of this work. In Section 3, we describe MySupermarket’s current recommender agent, which integrates the expert’s knowledge
exclusively to produce recommendations. Unique to our system is a learning agent that
creates recommendations based on the current expert recommendations, but also autonomously updates the expert’s recommendation with item based and collaborative
information. This approach is novel in that it presents the first hybrid of all major types
of recommender technologies: knowledge, item based and collaborative. We detail this
approach in Section 4. Section 5 concludes and provides directions for how this work
can be generally applied to other systems as well.

2 Related Work
To date, two major groups of algorithms have been proposed for use in recommender
systems, collaborative and item based approaches [1, 3, 5, 7, 10]. The term collaborative
filtering was coined by the designers of one of the first of these systems, Tapestry [6], to
capture that people often obtain information through collaborating with one another to
obtain information. Systems based on collaborative approaches (also called user based)
have been widely used in many commercial applications [2, 6, 5, 4, 7] and facilitate giving a given user recommendations based on the past behavior of a known group of
similar users. A second popular group of recommenders are item based (often called
content based) approaches and focus on similarities between items to produce recommendations, typically based on the type of content of the item that is being search for
[1, 4, 7, 10]. These approaches assume a generality between all types of users, and focus on shared characteristics between all members of the system. For example, assume
preset categories exists for types of genre for books or movies (e.g. comedy, mystery,
documentary, and classic). Once we have identified the genre of one item that is being
searched for by all users, we can recommend other items of the same type. Theoretically there is no need within this approach to consider a given user’s history once a
categorization scheme has been implemented based on the item based approach.
1
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One major disadvantage in both the collaborative and item based approaches is the
time required and / or the needed data required to build these models. This is often referred to as the “cold start” or “ramp up” problems whereby the system cannot make
effective recommendations at the beginning of its operation [4, 5, 7]. The “cold start”
element within user based approaches refers to the challenge in a-priori knowing what
this user, or similar users, will do in new or in the early stages of a given system. It can
take weeks, or even months until enough data is collected on new items to attempt a collaborative solution. Even within item based approaches, it is not necessary clear which
characteristics should be used to find similar items without any a-priori knowledge.
This problem is very significant for MySupermarket as new products are constantly
being added to the system and there is no clear connection between the new item and
others in the database. Thus, alternative recommendation approaches are necessary.
A third, less popular approach, involves knowledge based recommendation [3, 5]
which uses some preset rules for generating recommendations. The advantage of this
approach is a complete solution to the cold-start problem – accurate recommendations
can be immediately generated. The major disadvantage to this approach is the steep
overhead involved with the knowledge engineering. MySupermarket currently employs
9 knowledge experts who create rules for generating recommendations for new products. Not only are these rules expensive to generate, but they are not necessarily accurate. The goal of this paper is to describe an approach that uses a knowledge based
approach for the early stages of the system, but also create recommender agents that
can autonomously update these initial recommendations based on both item based and
collaborative approaches.
To the best of our knowledge, this paper represents the first of its kind – a knowledge based approach with item based and collaborative elements to update the original
recommendations. Many hybrid recommendation models have been previously suggested with combinations of these approaches and surveys of these models have been
previously published [5, 4, 1]. These algorithms often combine the two popular families
of recommendation algorithms – collaborative and item-based approaches [1, 8]. Closest to our approach are the Libra [9] and MovieLens [11] systems. However, both of
these systems augment collaborative systems with content based approaches. However,
many other hybrid combinations are possible, with previous work described a theoretical number of 53 possible different types of hybrid systems [4]. The same article also
points out that most theoretical combinations have not been studied or implemented,
and particularly singles out directions involving hybrid systems with knowledge based
components should be further explored. Particularly, our system goes one step further
from previous hybrids, by also integrating expert knowledge along with a more classic
content based – collaborative hybrid. We now detail the exact algorithms used by the
system, and how the expert’s recommendations are augmented by the item based and
collaborative elements.

3 Using MySupermarket’s Expert Data
As most recommendation systems are based on collaborative or item based data that can
be cheaply obtained and analyzed [3, 5], it may seem strange that MySupermarket bases
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its system on a costly team of experts. In this section, we describe the motivation behind
MySupermarket’s business decision to use this approach, as well how the company uses
this data in creating its recommendation system.
MySupermarket.com’s use of experts to create recommendation system is indeed
costly. The company employees a team of experts that evaluate thousands of products
that are sold through the website, and create an expert measure which they call a similarity score which compares all products to each other. To slightly simplify the process,
these experts defined “Product Families” of similar products such as types of wines,
dairy product, diapers, etc., and only consider creating scores for all products within
all given product families. Nonetheless, this process is expensive, as the company employees a team of 9 experts who on average study 100 products a day checking and
updating products’ similarity rating. The current trigger for this analysis is when new
products are added for sale by MySupermarket, thus requiring the experts to reconsider
how these new products are comparable to existing ones.
With the growth of automated recommendation systems, one might think that there
is no longer a need for this costly knowledge engineering process and these experts
should be replaced by automated recommendation agents. However, MySupermarket’s
use of these expert’s knowledge goes well beyond its application for helping recommend products to end users, or its Business to Consumer (B2C) e-commerce website.
In addition, these experts’ knowledge forms the foundation for a second Business to
Business (B2B) application, called MySupermarket insights that provides information
about trends and possible strategic growth opportunities related to products supermarkets stock. While our focus is on how the recommendations from the first system can
be improved, it should be noted that the second types of recommendations for businesses are no less important to the business strategy of the company and cannot be
replaced by known recommendation algorithms. This is because the B2C application
has already been functioning for several years and has now created enough historical
data to overcome the classic cold start problem in new recommendation systems [4, 5].
However, the B2B application has far less historical data and the experts’ knowledge is
not easily encodable. For example, these experts maintain a blog about product trends
and prices and thus cannot be replaced with automated agents. More about the B2B application, and the recommendations it provides can be found at the company’s website
at: http://www.mysupermarket-insights.co.uk/Marketing/Services.aspx.
In creating the B2C application, the expert’s knowledge is central towards deciding
what recommendations are presented to the user, and in generating what the company
calls “swap recommendations”. While shopping, items can be presented to the user
that may be of interest, such as items that may save the user money by purchasing
them in larger bulk, or alternative products that should be considered, especially when
these items are discounted due to sales promotions or are a comparable generic alternative. Furthermore, these recommendations are especially important when the item they
wished to buy is not in stock.
The expert’s knowledge is then used in conjunction with item based data to create
recommendations. Similar to item based recommendation systems, swap recommendations are generated by constructing a similarity vector between the desired product
and characteristics of all other products within the company [1, 4, 7, 10]. However, non-
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hybrid item based recommenders are based on generic item data, which for this domain
are likely to include characteristics like the product family, its quantity, price, weight,
and color. In contrast, MySupermarket’s hybrid system includes one new characteristic, the expert’s similarity measure, and explicitly gives this item with very high weight
in generating the vector to decide what products to recommend. Additionally, as opposed to classic item based methods that use machine learning techniques to decide
how to weigh each characteristic within the vector, MySupermarket currently uses a
hard-coded proprietary weight function between these items. For example, this weight
system presents up to 5 recommendation if it finds items that are comparable based
on these hard-coded weights taking into account all item’s characteristics. In addition,
MySupermarket also leaves one field, the last recommendation, where recommendations are based only one characteristic, price alone. Here, the system always presents an
alternative if a cheaper generic substitute exists in the product database even if it is not
deemed as similar by the other characteristics.

To better understand the system, please see Figure 1 depicting a screen shot from
the company’s website. Note that in the screenshot the user is given up to four swap recommendations by the system. Only items that are deemed worthy based on this weight
function are presented to the user, and thus the full maximal number of 6 recommendations were not presented here. Please note in the first row of Figure 1 that the user
is encouraged to consider buying similar diapers in bulk, with the first choice being
cheaper than the second, but both being the same brand as the original product, and
only then is the user presented a third choice that is a different generic brand, yet far
cheaper. In the second row, the user is informed that there is a buy one get one free sale
on the item they selected, and she can receive a second product for no additional price.
Here no additional products are presented, as the expert’s hard coded threshold decides
no other products are sufficiently similar given the price differences. Similarly, in the
third row, the user is informed there is a sale and she could save money per item if she
chooses to buy 2 products instead of one, but no other products are given from different
brand. In the last row, the user is again encouraged to consider a sale item or a generic
substitute for the selected item.

4 Creating a New Type of Hybrid System
One important question MySupermarket must address is how good are the system’s
recommendations, and if they are not always effective, how could they be improved?
Intuitively, it seems unlikely that the system of static weights described above will always be accurate, especially as the items in the product database are constantly in flux,
as sales and changes in stock are frequent. Thus, these static weights do not necessarily
have the ability to deal with these dynamics. Furthermore, the need to constantly update
these weights is costly. Clearly some mechanism is needed to autonomously update the
system.
Towards building a more effective system, we believe a new type of hybrid model
is needed, as presented in this section. The basis of this hybrid is the above knowledge
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Fig. 1. A Sample Webpage from MySupermarket’s Website
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based system, which is useful for providing initial recommendations and is critical for
other MySupermarket applications. However, once a sufficient history is stored through
system use, item based and collaborative components can be potentially useful in improving the system. However, one key question that must be addressed is when and how
can this data be useful in improving the system. Thus, care must be taken to properly
evaluate the usefulness of this added information, as we now detail.
4.1 A High Level System Overview
We propose constructing a three pronged hybrid that is knowledge based, but uses item
based and collaborative elements. A high level overview of our solution is shown in
Figure 3. As per MySupermarket’s business model, the Knowledge Based component
is at the core of the system and is shown at the top left corner of the diagram. As people
begin using the system, historical data is accumulated and this data is sent as input into
item based and collaborative components. If this data is found to be useful, a hybrid
model is formed where these models can be used in several ways: First, and on the most
basic level, assuming the expert’s knowledge is not equivalent to these models, we can
manually query the expert for input. It may be the expert will then wish to manually
revise or accept the values automatically generated by these components. However, as
we have begun to find, the experts are willing to forgo this step, thus automatically
accepting the autonomously generated agent changes. The outcome is a revised hybrid
system, that began exclusively as being knowledge based, but has accepted many key
components from the item based and collaborative algorithms.

To better understand the process by which the knowledge based recommender is
modified, please refer to Algorithm 1. As lines 1 and 2 state, initially the experts must
manually evaluate every item within the system, assigning a similarity value for every
product versus all other products. This similarity values is then evaluated in conjunction
with all other item attributes in a hard-coded formula to produce the system’s initial recommendations. However, as the system is used, some critical size of product history is
likely to become available for this product (line 5), to reevaluate these initial knowledge
based recommendations. Assuming this is the case, we currently perform three checks.
First, in line 6, we evaluate the overall effectiveness for the recommendation output
of this product. We found that for many products the users were willing to accept the
system’s recommendations, and for others users almost never accepted the system’s
recommendation. Currently, we simply flag those products with a very low user acceptance of the system’s recommendations (line 6) and present these results to the experts
for consideration. However, our goal is to automate any such evaluations through allowing the recommender agents to autonomously change the system. To accomplish
this, we use verify and change the system through item-based and collaborative data
when available. In line 8, agents automatically evaluate the effectiveness of the expert’s
hard-coded initial weights through machine learning techniques, e.g. decision trees, as
described in the next subsection. Assuming this item-based model is not built around the
expert’s information (line 9), the system can either prompt the expert to accept the item
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Fig. 2. An architecture of a Hybrid Recommender System that is based on expert knowledge, but
also revises the system with item-based and collaborative components.

based recommendations or as we have begun to allow, autonomously update the system
(line 10). Furthermore, the recommender agent checks the initial expert’s recommendations against acquired collaborative data (line 11). Assuming these weights are not
equal (line 12), we again either prompt the user to accept the changes or automatically
update the system.
Algorithm 1 The major steps for dynamically updating / changing the recommendation system
01 for Every product in System do
02
Create initial recommendations based on Expert’s Knowledge
03 while the System is in use do
04 for Every product in System do
05
if data history exists for this product then
06
if User acceptance for product < threshold then
07
Flag product in system
08
Build Item Based Model with Decision trees
09
if Expert’s Information not the root of the decision tree then
10
Present findings to Expert / Accept Item Based Recommendations
11
if Hybrid-Item weight 6= Collaborative Values then
12
Present findings to Expert / Accept Collaborative Values
As Algorithm 1 indicates, the recommender system is one in flux, beginning exclusively based on expert knowledge, but allows agents to autonomously update the initial
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system. However, in doing so, several challenges exist with implementing this algorithm, which are addressed in the following subsection. All three system checks of the
expert’s initial recommendations (lines 6 – 12) are built around the assumption that the
recommender system can be objectively be evaluated. However, as we present in the
next Section (4.2), evaluating recommender systems is far from trivial, especially if a
controlled dataset cannot be formed. Second, we present a novel approach where agents
can check the expert’s recommendations using item based information. This again is not
simple, and our approach for doing so is presented in Section 4.3. Finally, the use of
collaborative data is again non-trivial, and our approach for doing so is presented in
Section 4.4.
4.2 Evaluating the Overall System
MySupermarket’s B2B and B2C applications are both built on their experts’ knowledge.
Thus, the key question about the accuracy of the expert’s knowledge is not limited to the
recommendations for their e-commerce website, but also for their B2B application as
well. In general, many metrics have been proposed to date to evaluate the effectiveness
of recommendation systems [7]. For example, one popular choice, used in the Netflix
competition [2] is to use the root mean error level of prediction between a set of previously tagged known ratings that people provide, and a set of automatically generated
recommendations by the system. However, this possibility is not available to us, as we
have no previously tagged data to use as a baseline. Instead, we use the bottom line user
satisfaction measure most intuitive to use in commercial systems [7].
We propose that two types of bottom line measures are useful in evaluating the
expert’s knowledge of this system. The first, and possibly more intuitive measure is to
measure the number of purchases made because of the recommended product swaps. As
the company has logged all transactions to its website over the past 5 years, extensive
historical data is available to allow for this analysis. A second complementary measure
searches for statistical correlation between those elements that were swapped in the past
(line 5 of Algorithm 5) and the expert’s recommendations. Note that the two studies are
intrinsically linked: If no swaps are performed, the recommendation system is clearly
not producing quality alternatives, and no correlation will be found between people’s
decisions and their swap purchases. If swaps are frequently performed, the question
then becomes, “why”? Are these swaps due to something inherent with these products,
or due to the expert’s knowledge, both factors, or something else?

We found that the number of swap purchases made varied greatly between different
product families. Figure 2 presents a look at 5 different product families and their average number of executed “swaps” or acceptance of the system’s recommendation. Note
that these 5 product families are a small samples of the 950 product families within the
system. However, we did find overall great differences in the acceptance of the system’s
recommendations across different types of products. Intuitively, such differences may
be because people are naturally more picky about accepting certain product substitutions other others. For example, we found that people looking to buy a certain type of
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Fig. 3. Five Different Product Families and their Average Number of Accepted Recommendations

dental accessories (e.g. dental floss) were most likely to accept the system’s recommendation and chose an alternate product approximately 80% of the time. However,
people who were looking to buy a certain type of insecticide were only nearly 60%
likely to accept the system’s recommendation, and people looking for hand cream were
accepted the system’s recommendation about 40% of the time. The percentage of times
users accepted certain recommendations were extremely low, such as slightly more than
20% for chocolate mints, and less than even 5% for soup mixes. Overall we found that
these examples represent a wide range of acceptance levels, and that people accepted
the system’s recommendations approximately 35% of the time. However, is this level
of success due to some inherent pickiness of users about some types of products versus others, or is this the truly optimal state? If it is not the optimal state, what changes
would be necessary to further improve the system’s performance?
At present, MySupermarket uses this swap analysis to create a report to the experts.
The experts are then asked to manually analyze the data to question if their knowledge
is in fact effective in generating more sale. For example, we may present the system’s
5% success in generating swaps for soup mixes and ask the expert to manually change
its recommendation scheme for the products in this group. However, the company’s
vision involves using autonomous agents to automatically update these expert’s values,
as described in the following sections.
4.3 Evaluating the System with Item Data
Our first goal was to verify and update the expert’s similarity measure through using
machine learning techniques to check the predictive ability of the expert’s informa-
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tion. To do so, we use the well recognized Weka [12] package to create a predictive
model regarding when people purchased a product from the among the system’s recommendations. Realistically, some complex relationship likely exists between the type
of product, the quality of the expert’s information, the possible savings to the user, and
other factors in determining if a swap purchase is made. For example, this analysis may
find that price is used for some categories, other products are only swapped when the
expert’s similarity measure is less than a certain amount, and certain products are never
swapped.
The use of machine learning techniques to validate the recommendation model is
a twist from the classic use of these algorithms within item based recommenders. In
classic item-based classification, a collection of all item characteristics are used in conjunction with historical data about purchases to create a learned model that correlates
between the two [10]. This type of learning can use any machine learning algorithm,
including Bayes, decision trees, and nearest neighbor methods to accurate find a correlation between items, their characteristics, and historical data. No a-priori assumption
is made as to which characteristics will make the best model – in fact the purpose of the
model is to find these characteristics. In contrast, our goal is exactly the opposite. The
expert has already decided and hard-coded her own similarity measure as being most
important, and fixed the relative value of all other item characteristics. In the best case
scenario, the expert has discovered certain domain specific knowledge, encapsulated
in its similarity measure, allowing it to surpass the recommendations of a pure item
based system. Alternatively, the item based rules may approximate the expert based
knowledge, and comparing the derived rules will allow us to confirm the accuracy of
the expert knowledge. However, the pure item based system might be more accurate,
allowing us to pinpoint for exactly which items the expert’s knowledge is less accurate.
We chose to evaluate the expert’s knowledge through creating a model based on
decision trees. The advantage towards using trees versus any other model is that Weka
[12] not only creates a machine learning model, but also outputs the exact rules used in
this model. Assuming the expert’s knowledge is critical to the system, one would expect
to find the expert’s similarity measure to be the key rule, or at the root of the decision
tree. If the expert’s knowledge is not effective, one would expect it to either not appear
in the tree, or be limited to only very specific instances.
In creating these decision trees, we used as input the history of people’s swap purchases for given product families, and entered all items’ data into Weka [12]. The item’s
input data included information the expert’s similarity measure, the projected saving by
choosing the new item, as well as items characteristics not currently given significant
weight by the expects, such as the serial number of the product and the serial number of
the proposed product. We recognize that it is quite possible that items the overlooked,
say the serial number of the proposed product, may produce recommendations that the
experts overlooked.
For many product families, we were able to confirm the importance of the expert’s
knowledge, while for other products the expert’s knowledge seemed much less important. For example, Weka’s decision tree for purchases made for squash had at the root
of the tree: similarity <= 1.25, or if the similarity measure is less than 1.25, then people are likely to buy in certain conditions. In other product families, such as for milk
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products, the similarity function was of secondary importance to the difference in cost
between products. Here we found the rule: If the AlternativePrice < 0.85 and similarity < 1.1, then given certain other conditions the person will purchase the product.
However, for other product families similarity had seemingly no significance. For example, for toilet paper the root rule was if the OriginalPricePerUnit <= 0.35 and the
AlternativePricePerUnit <= 0.28, then a person will buy given other conditions. Thus,
we found that using decision trees were useful in automatically generating where the
expert’s knowledge was most useful.
Note that as per line 9 of Algorithm 1, two possibilities exist when decision trees
found that the expert’s similarity measure was not the most important item characteristic. Until recently, this information was presented to the expert, who could then decide if
she would like to revise the values, or accept the decision tree’s rules instead. However,
we have begun a pilot whereby the agent autonomously updates the expert’s recommendation, especially for products where the expert’s recommendations yielded a low
recommendation (e.g. set the threshold of line 6 of Algorithm 1 to 10%).
4.4 Evaluating the System with Collaborative Data
We also use historical data to create a collaborative model to augment the expert’s recommendations. The above machine learning approach to validate the expert’s similarity
measure can validate the importance of this item to the recommender agent for how the
average, or typical user, behaved. Furthermore, the weights set by the expert, and even
by the hybrid knowledge-item based system, are still uniform across all users. However,
this approach does not validate how a specific user behaved, and if this model is appropriate for a specific user. For example, the experts may have hard-coded the system
to only present alternatives where a similarity value of 1.0 or less is found. However,
it may be found that certain users are willing to buy items that are even less similar
(e.g. values of greater than 1.0) and some are more discriminating and only purchase
items that are far more similar (say similarity 0.5 or less). Thus, the above approach can
only verify that user’s in general are willing to make purchases based on the expert’s
measures, it cannot predict if a specific user deviates from this assumption.
Note that the difference of the behavior of a general user and the behavior of a specific user is the inherent difference between item-based and collaborative recommendation systems. As our goal is to customize the system’s recommendations as much
as possible, we present a heuristic approach where the hybrid knowledge-item based
agent’s recommendations are further customized based on that specific user’s history.
In general, we found that users generally decide to purchase a product based on
the expert’s similarity measure and the potential cost savings of the new item. However, while we found that these two attributes were important across all users, and thus
formed an effective hybrid item-knowledge based system, the actually savings and similarity measures used by a specific user could differ greatly. To address this issue, we
found that an heuristic approach, where the similarity and savings measures were tuned
based on a specific user’s past activity for a given product, was highly effective in improving the system’s recommendations. This led to an effective automatic tuning of
these parameters, increasing the companies sales through customers’ swaps.
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In general, it is important to stress that the company’s experts were initially extremely hesitate to forgo their initial values in favor of these found by the item based
and collaborative elements as described in the paper. This issue is further complicated
by the fact that the system lacks any proper evaluating dataset, and thus it was extremely
difficult to convince the experts of the importance of the agent’s recommendations. We
overcame this obstacle by first revising the systems only for those products where the
initial success of the expert’s system was extremely low (see line 6 of Algorithm 1).
This work is ongoing, and will take nearly a year before we can quantify where this
approach was successful. However, the generality of this approach leads and our initial
feedback from the company’s experts have led us to be confident about its importance.

5 Conclusions and Future Work
In this paper we introduced a novel hybrid approach to combine a knowledge based recommender system with item based and collaborative filtering elements. The system’s
recommender agent begins with a system exclusively based on the expert’s knowledge,
thus avoiding the classic cold start problem. However, as the system is used, a progressively larger history of user transactions are recorded. The system then uses this information to create hybrid models with item and collaborative items. An item based model
is used to validate or even replace the user’s knowledge. We describe using a novel variation of machine learning techniques to create a classic item based model can be used to
validate the expert’s knowledge. When the item based model finds the expert’s knowledge is at the root of the item based model, the expert’s knowledge is accepted. When it
is found to not be a critical item in the model, the system can prompt the expert to update item data, or automatically replace and update the user’s knowledge. Additionally,
if the expert’s knowledge is validated by the item based model, collaborative models are
useful for further improving the system’s recommendations by automatically tweaking
the system’s item’s parameters based on a specific user’s purchases. We present the system’s prototype implementation and initial results demonstrating the importance and
success of this approach.
Several related problems are worthy of future consideration. One key hurdle we
needed to overcome was convincing the data experts that the agent’s item and collaborative recommendations should replace or augment their own. We hope to further study
at what point can one assume the agent’s recommendations are definitive, and how to
convince the experts of this. Achieving this goals would significantly aid us in the goal
of fully automating system revisions. Additionally, we hope to further address how the
system’s evaluation can be better automated without explicitly labeled data as is done
in many classic recommendation system’s, such as the Netflix challenge [2]. We believe the approach we present, of using machine learning techniques to create an item
based approach for evaluation, can be further generalized to address this point. The importance of hybrid systems such as the knowledge, item and collaborative system we
present, are likely to be of significance to other areas and fields as well. It is likely that
use of expert information can help avoid the “cold start” problem in other problems
as well. Our model, where collaborative and item based information are later used, are
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likely to be equally useful for these problems as well. We hope to study what modifications to our approach are necessary, if any, in addressing new problems.
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