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Abstract—Collaborative filtering recommenders predict
user opinions regardless of item content. Memory-based
implementations generate recommendations on demand, without
any pre-computation. Even though such algorithms are slow,
they are known for their superior personalization. We study
collaborative filtering recommendations on the Netflix dataset.
It is essentially a set of (user id, item id, rating) tuples that fit
perfectly into a relational database model, with standard data
manipulation operations. The simple structure of our system
allows consistent and repeatable measurements. Additionally,
it natively supports multi-threaded processing, which helps
address the inherent performance drawbacks of our approach.
We evaluate multiple similarity measures in a traditional
collaborative filtering process. We also consider combinations of
complementary measures, especially in edge cases when one of
them falls short, e.g., a user with uniform ratings. We examine
prediction accuracy, classification accuracy, confusion statistics,
and actual/predicted distribution compatibility to find the best
way to quantify vector similarity.
Index Terms—Recommender systems, Collaborative filtering,
Neighbor selection, Prediction aggregation, Netflix dataset
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I. I NTRODUCTION
Modern technology has made it easy to collect and store
large amounts of data. Few people manage to have an
empty email inbox and almost everyone carries a smartphone
with thousands of songs. Manually inspecting every item
is time-consuming, since most of them are irrelevant.
Recommender systems automate this process by suggesting a
subset of items, depending on user preferences. For example,
a recommender system can go through your inbox and select
only the most urgent emails. Unlike spam filters that apply
the same logic to everyone, recommender systems offer
personalization [1]. This ability has been gaining popularity
as an elegant way to explore large volumes of data. Figure
I plots the growing number of publications that mention the
term “Recommender System” since the mid 1990s.
Such rapid growth of interest may be due to a large
commercial potential. A well-placed recommendation could
result in a purchase that would not otherwise happen,
thus increasing the retailer’s revenue [1], [9], [26]. In fact,
many retailers have embraced recommender algorithms on
the Internet, where extensive archives of user behavior are
common. Many successful applications recommend movies,
videos, music, books, and articles [2], [3], [24]. However, the
pressure to make quality recommendations is high, because a
poor recommendation could prompt the user to abandon the

service. As a result, there is a high demand for improvement
in this field.
All recommender systems mimic human decision process.
For example, to choose a movie that they will most
likely enjoy, people often look for new releases with their
favorite actors or by their favorite directors. In fact, some
movies market themselves by explicitly advertising these
facts. Alternatively, people may ask friends and family
if they have seen any good movies recently. These two
approaches are know as content-based and collaborative
filtering recommendations, depending on whether the insight
came from similarities in content or opinions [1], [3], [21],
[22]. Collaborative filtering recommenders are more accurate
and adaptable than content-based methods [1], [7], [11], [13],
[20], [21]. Content affects opinions too, but users are more
predictable from their social circle. In other words, we can
learn about a person by looking at their friends. We focus on
purely collaborative filtering recommenders.
Collaborative filtering systems differ by their learning
approach. The model- and memory-based classifications
resemble the lazy and eager commitment in machine
learning [1], [4]. In both cases, the system learns the
patterns hidden in the data, but it has more time to do so
before the query than during the query, while the user is

waiting. Memory-based approaches process the entire dataset
on demand, which makes them slow [14]. However, parallel
processing and intermediate result caching may improve
performance. We implement memory-based recommenders
because they are better suited for rapid prototyping and partial
evaluation.
II. DATA M ODEL
To evaluate our recommender system, we split the entire
dataset into two parts, training and testing set. Each algorithm
learns the training set and guesses the test set. Since the
actual ratings in the test set are known, we can evaluate the
quality of the guesses by comparing the actual ratings and
their predictions. This method is a version of cross-validation,
a popular method of offline evaluation [4], [7], [10], [12], [24].
This means that our results may be easily compared to existing
work on this dataset.
The Netflix dataset comes with some of the ratings identified
for evaluation purposes, i.e., the quiz subset. This dataset is a
popular benchmark of recommender system research [8], [12],
[25]. It was published by the online DVD rental company
(Netflix) in October 2006 and it contains over 100 million
ratings from over 480 thousand randomly selected customers
on over 17 thousand movies. Because it is unlikely that every
user has rated every item, the dataset is very sparse. In fact,
it represents only 1.1% of all possible ratings. However, there
is enough data to predict the 1.4 million ratings in the quiz
dataset.
The following is a model of our dataset in the Z notation.
The system maintains a set of users U, items I, and possible
ratings R. We model all three as sets of natural numbers. The
dataset is a collection of tuples (u, i, r). For example, (229,
386, 4) represents user 229 who has rated the item 386 as 4
stars. The user, item, and rating in question are called active
user, active item, and active rating. Note that the user can
rate each item at most once, hence the functional relationship
between the user-item pair and the rating. Also, the dataset
does not contain every possible user-item combination, hence
the relationship is partial.
U, I, R : P N
DATASET : (U × I) →
7 R
If the dataset contains at most one rating per user-item, we
can not track change of preferences over time. Even though
such assumption is not realistic [1], [24], it lets us model
the dataset as a collection of user or item vectors [1], [5],
[11], [19]. In this context, a vector is a partial function that
maps dimensions to ratings. The only difference between a
user vector and an item vector is the identity, but not the type,
of dimensions. User vectors have item dimensions and item
vectors have user dimensions. Since both users and items are
modeled as a natural numbers, the two vectors have the same
structure. Therefore, the same algorithm can compute userand item-based recommendations.
VECTOR : N →
7 R
DATASET : N →
7 VECTOR

Collaborative filters assume that existing rating similarity
indicates future rating similarity. For example, if a person
enjoyed one item, he/she will enjoy a similar item as well.
Likewise, if one person enjoyed an item, a similar person
will enjoy that item too [24]. Therefore, the effectiveness of
a recommendation depends on our ability to identify similar
vectors, called neighbors [4], [8], [16]. Most metrics quantify
similarity based on the vector overlap [2], [5], [8], [14], [20],
[22], [24], [26]. Even though vectors that have nothing in
common may still be useful, we require a minimum overlap
between the active vector and its neighbors. Given an active
vector A and its neighbor N, only a portion of each vector
participates in the similarity computation. The a and n vectors
contain only the dimensions that are common for both of the
original vectors. The set of common dimensions constitutes
the overlap.
A, N : VECTOR
a, n : VECTOR
overlap : P N
overlap size : N
overlap = {dom A ∩ dom N}
overlap size = #{dom A ∩ dom N}
a = {d : N | d ∈ dom A ∧ d ∈ dom N • d 7→ A(d)}
n = {d : N | d ∈ dom N ∧ d ∈ dom N • d 7→ N(d)}

III. C OLLABORATIVE F ILTERING P ROCESS
Collaborative filtering process consists of neighborhood
formation, similarity computation, neighbor selection, and
rating aggregation phases. The active vector does not have
a rating on the active dimension. Its neighborhood consists
of the vectors that do have a rating on the active dimension.
Each neighbor exhibits a measurable similarity to the active
vector. The best neighbors have a large overlap with the active
vector and their ratings in matching dimensions agree. The
recommendation is the consensus of the neighborhood on the
active dimension, where some neighbors have more influence
than others. Therefore, the quality of the recommendation
depends on the number and similarity of the neighbors.

A. Neighborhood Formation
The initial neighborhood consists of the vectors that have a
rating on the active dimension. The relevant vectors represent
a small portion of the dataset, which is easier to process. The
following schema models the minimum requirement on the
neighborhood G. Given the active vector id, we can look it
up in the dataset. Note that the active vector and all of its
neighbors are complete vectors, even though only a portion of
each vector participates in the similarity computation.

G:N→
7 VECTOR
A : VECTOR
vector id? : N
dimension id? : N
A = DATASET(vector id?)
G = {j : N, N : VECTOR |
j 7→ N ∈ DATASET ∧ dimension id? ∈ dom N}
One neighbor may be relevant for multiple consecutive
recommendations, so reusing its similarity may improve
performance. We compute all vector similarities once and
then use some of them to produce different recommendations.
The performance advantage depends on the recommendations.
A long list likely contains multiple recommendations for
the same vector, e.g., multiple recommendations for the
same movie. We use this method for our item-based
recommendations that have an average of 83.150 predictions
for each item.
B. Similarity Computation
Many similarity metics have a lot in common. To reduce
redundant work, we compute prime statistics and then combine
them into various similarities. The following formulas define
the dot product, norm active, norm neighbor, mean active, and
mean neighbor statistics on the overlap of the active vector a
and its neighbor n. Because the overlap changes from neighbor
to neighbor, we must compute the active vector length and its
average rating for each neighbor.
X
a·n=
ai ni
i∈overlap

| a |=

s X

a2i

with a single rating overlap will have a perfect similarity, even
if their ratings are different. Therefore, cosine similarity with
single rating overlap is not trustworthy.
Covariance is the measure of how much two random
variables change in relation to each other. If the two sets of
values rise and fall together, their covariance is positive. If they
change in the opposite directions, the covariance is negative.
Covariance is the only similarity that is not bound to a 0..1
range. We derive a formula that relies on the dot product,
vector norms, and the overlap size. Note that Covariance
is always 0 for any two vectors with a two-rating overlap,
regardless of the actual ratings.
P
(ai − ā)(ni − n̄)
covariance(a, n) =
overlap size
covariance(a, n) =

a·n
− (ān̄)
overlap size

Pearson’s correlation quantifies the strength and direction
of the linear relationship between two random variables. It
is similar to cosine, except it normalizes the ratings of both
vectors relative to their mean. Because this similarity considers
the difference in rating scales, it is typically better than
cosine similarity, which uses raw ratings [4], [8], [15]. We
derive a formula that relies on covariance, vector norms, their
means, and the overlap size. Note that because Pearson and
Covariance similarities are related, Pearson similarity is also 0
for any two vectors with a two-rating overlap. Also note that
if the vector overlap contains uniform ratings, the Pearson
similarity is undefined.
P
(ai − ā)(ni − n̄)
pP
pearson(a, n) = pP
(ai − ā)2
(ni − n̄)2

i∈overlap

| n |=

s X

n2i

i∈overlap

P
ā =
n̄ =

i∈overlap

X

(ai − ā)2 = overlap size(

i∈overlap

| a |2
− ā2 )
overlap size

ai

overlap size
P
i∈overlap ni
overlap size

pearson(a, n) = q

|a|2
overlap

covariance(a, n)
q
|n|2
2
2
−
ā
size
overlap size − n̄

Cosine similarity measures the cosine of the angle between
two vectors. If the vectors point in the same direction, their
cosine similarity is 1. This similarity considers the alignment
of vectors to be more important than the agreement of their
ratings. It uses the dot product and the two vector norms.
a·n
cosine(a, n) =
| a || n |

Euclidean similarity is the opposite of the Euclidean
distance. It is proportional to the length of a line drawn
between the edges of the two vectors. This similarity metric
favors distance over direction and makes no adjustments for
the actual ratings. We derive Euclidean distance from the dot
product and the norms of the two vectors.
p
euclidean distance(a, n) = | a |2 −2(a · n)+ | n |2

If the overlap size is 1, the cosine similarity is always 1. This
happens because the single rating defines the magnitude of the
vector and the same rating participates in the dot product. For
example, Alice has rated “Titanic” as 5 and Bob has rated the
same movie as 2. The dot product is 10 and the product of
the two vector norms is also 10. This means that neighbors

In our dataset, the maximum difference between two ratings
on a 1..5 scale is 4. We divide the Euclidean distance by 4 to
make it range from 0 to 1. We also divide it by the overlap size
to derive an average distance per shared dimension [7], [22].
We subtract the Euclidean distance from 1 to get Euclidean
similarity. This way the similarity is 1 when two vectors are

identical (distance = 0) and 0 when they are different (distance
= 1).
euclidean(a, n) = 1 −

euclidean distance(a, n)
√
overlap ∗ 4

C. Neighborhood Selection
it is often necessary to prune the neighborhood to
improve performance and reduce over-fitting. There are
three main approaches to neighbor selection: top N most
similar neighbors, everyone with a similarity above a certain
threshold, and a random sample of neighbors [4], [9], [11],
[14], [15]. In any approach, the size of the neighborhood
has a tremendous effect on the prediction [5], [6]. For
example, setting the similarity threshold too high could
limit the recommendation coverage. Likewise, the other
approaches may include dissimilar vectors, thus skewing
the recommendation in the wrong direction. We select all
neighbors with a positive similarity.
D. Prediction Aggregation
The neighborhood forms the recommendation by
aggregating the neighbors’ ratings. The aggregation could be
a simple arithmetic mean [24]. It is a fast, but inaccurate.
We use it as a benchmark of performance and usefulness. A
better aggregation would be a weighted average of neighbors’
ratings weighted by their similarities.
P
nj ∈G nj (i) ∗ sim(a, nj )
P
regular(a, i) =
nj ∈G sim(a, nj )
IV. P ROCESS M ODIFICATIONS
A. Similarity Combination
When a pure collaborative filtering approach cannot be
improved any further, it may be beneficial to combine multiple
methods to counter-balance their drawbacks [3], [5], [6], [20].
The Combo similarity metric is a linear combination of the
Pearson and Euclidean similarities. For this work, we used an
arithmetic average of the two. These two metrics offer different
perspectives of the vector similarity. Pearson measures the
trend similarity and Euclidean captures the rating similarity
relative to the overlap size. Typically, Pearson is better, but
it may miss some cases. Consider the following two vectors
and their similarities. The combination of these two metrics is
more likely to capture the inherent vector similarity.
a =< 4, 5, 4, 4, 4, 4, 4, 4, 4, 4, 4 >
n =< 5, 4, 5, 4, 4, 4, 4, 4, 4, 4, 4 >
pearson(a, n) = −0.15
euclidean(a, n) = 0.8694

B. Recommendation Combination
Depending on the dataset, more insight may come from
the user-based approach or the item-based one. For example,
if predicting a rating for a bestseller movie, the item-based
ratings are more likely to have a consensus [18]. However,
user-based approach is likely to be more accurate for new
releases that are not yet popular. Therefore, relying on
one vector orientation often ignores valuable information.
Combining user- and item-based approaches can produce more
accurate recommendations [11], [15], [23], [26].
V. E VALUATION M ETRICS
A. Accuracy
Predictive accuracy measures how close a typical prediction
is to an actual rating. High prediction accuracy does not
necessarily mean high user satisfaction, but it is a pretty
good indicator of the overall system value [10], [17], [27].
Despite the inherent limitations, prediction accuracy is the
most popular evaluation metric with much of the research
attempting to improve their metric on a particular dataset [1],
[4], [10], [24]. A number of predictive accuracy metrics
aggregate the difference between the set of n predictions P
and the set of actual ratings R. For example, Mean Absolute
Error (MAE) averages the absolute error of the individual
predictions.
Pn
| Pi − Ri |
MAE = i=1
n
MAE is essentially the Manhattan distance between a set of
predictions and the actual ratings. A small MAE means that a
typical prediction is close to the actual rating. This could mean
half perfect predictions and half terrible predictions, because
all errors have the same influence.
The Root Mean Squared Error (RMSE) is a variation of
MAE that amplifies the influence of the large errors. RMSE is
essentially the Euclidean distance between a set of predictions
and the actual ratings. Smaller RMSE means that most of the
errors are small.
r Pn
2
i=1 (Pi − Ri )
RMSE =
n
Since many accuracy metrics mirror vector similarity
measures, we also compute the correlation between the
predictions and actual ratings. Correlation measures the extent
of a linear relationship between predictions and the actual
ratings. If such a relationship exists, we may improve
recommendation accuracy by adjusting the predictions up or
down. Correlation is not sensitive to the amount of predictions
and it considers the mean of each distribution. Therefore two
sets of predictions with the same MAE/RMSE could have
different correlations.
P
(Pi − P̄)(Ri − R̄)
pP
CORR = pP
(Pi − P̄)2
(Ri − R̄)2
A measure of typical error is a convenient, but potentially
misleading metric because it ignores the direction of the error.
From the user satisfaction perspective, the direction of an error

may be more important than its size. For example, a user
does not care if the recommendation is 0.4 or 0.3 stars off,
he/she just wants to know if the item is good enough [1], [4],
[10]. Therefore, the value of a recommendation depends on
choosing the correct side of the user’s tolerance threshold.
B. Classification
Classification accuracy measures how good a recommender
system is at correctly classifying an item as interesting. The
distance from the tolerance threshold does not matter, but
different people have difference tolerances. In other words, we
cannot assume that a rating above two stars is good enough
for everyone [2], [5], [12]. A more reasonable threshold would
be the vector average, i.e., a rating is positive if it is greater
than or equal to the vector average. The tolerance threshold
produces a binary scale, either the person likes an item
(positive) or not (negative). Likewise, the recommendation
could be correct (true) or incorrect (false). The following
metrics tally the number of occurrences of each prediction
p and actual rating r.
•
•
•
•

True Positive (TP): p = positive, r = positive
False Negative (FN): p = negative, r = positive
False Positive (FP): p = positive, r = negative
True Negative (TN): p = negative, r = negative

Precision and recall summarize these numbers into more
intuitive metrics. Precision is the fraction of all positive ratings
that were correctly classified as such. It measures how good
the system is at recognizing positive recommendations. For
instance, 60% precision means that the user can expect to
actually enjoy three of every five recommendations. Recall is
the fraction of all positive recommendations that are actually
positive. It measures how good the system is at finding positive
recommendations [4], [10], [24]. For example, 80% recall
means that the system can correctly guess four out of every
five of your favorite movies.
PRECISION = TP/(TP + FP)
RECALL = TP/(TP + FN)
Even though precision and recall are separate measures, they
are related. Typically, high precision means low recall and
high recall means low precision. One popular way to combine
precision and recall into a single metric is to compute the
F-measure, which is a harmonic mean of the two.
F − MEASURE =

2 ∗ (PRECISION ∗ RECALL)
PRECISION + RECALL

C. Distribution
Histograms of the actual and predicted ratings describe their
respective distributions. The chi-squared metric, commonly
used to test the goodness of fit, can quantify distribution
similarity. Because it requires nominal values we round each
prediction to the nearest integer to obtain 5 distinct values. The

chi-squared statistic is a normalized sum of squared deviations
between observed (P) and expected (R) frequencies.
X2 =

5
X
(FREQUENCY(Pi ) − FREQUENCY(Ri ))2
i=1

FREQUENCY(Ri )

To determine if a particular distribution is sufficiently similar,
we compare the statistic against the significance threshold
defined by the degrees of freedom. We do not anticipate that
any set of predictions will be sufficiently similar to the actual
rating distribution. Therefore, we use the this statistic to rank
our recommenders from best to worst.
D. Confusion
A confusion matrix is a table that visualizes the mistakes
of a recommender algorithm. Each column r is labeled with
an actual value. Each row p is labeled with a predicted value.
The cells contain the count of predictions that were actually
r, but classified as p. As the name suggest, this table makes it
easy to see if a recommender confuses two or more ratings.
Comparing multiple confusion matrices from different
recommenders is difficult, so we compare a cross section
of these tables according to the actual rating. This gives us
five tables with confusion statistics for each recommender. To
figure out which recommender is best at guessing a particular
rating, we measure the RMSE and MAE of their predictions.
This report compares the recommenders on their ability to
predict a particular rating. It can also confirm that some
recommenders are consistently better than others.
VI. N ETFLIX DATASET C ASE S TUDY
To improve the reliability of our results, we remove the
ratings in the quiz subset from the training set. We use a
standard neighborhood selection approach where any vector
with a rating on the active dimension counts as a neighbor.
There is no neighborhood restriction, i.e., all neighbors with a
positive similarity contribute to the prediction. Because Cosine
similarity is 1 when the overlap is 1 and Pearson/Covariance
similarity is 0 when overlap is 2, we require at least a
three-rating overlap. In cases when the overlap contains
uniform ratings and the similarity is undefined, the default
recommendation is the mean active rating. The following
sections present the results of our case study.
A. Accuracy
Figure 2 shows the recommender accuracy metrics.
Covariance and Pearson are the best across all accuracy
metrics and vector types. Pearson is slightly better than
Covariance, but the difference is not significant. Because
accuracy ranking is approximately the same for userand item-based recommendations, either method could have
identified that Cosine and Euclidean are the worst. Note that
RMSE, MAE, and CORR rankings agree, meaning low errors
translate into high correlation and vice versa.
Item orientation is slightly better for Pearson and
Covariance similarity, while user orientation is better for
Euclidian and Cosine similarity. Every recommender is better

than the baseline in user orientation. Perhaps this is because
many users do not have enough ratings for a meaningful vector
mean. For example, an average person has seen at most a few
hundred movies, but an average movie can have thousands
of opinions that offer a solid indication of the overall item
quality [4]. Overall, vector orientation does not dramatically
affect recommendation accuracy.

Fig. 2.
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RMSE
1.03057
1.03454
1.05282
1.0613
1.06753
1.06854

MAE
0.82993
0.83382
0.8419
0.84751
0.84828
0.85086
MAE
0.81452
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0.36399
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0.34482
0.33202
0.33002

Recommender Accuracy Metrics (Sorted Best to Worst by RMSE)

B. Classification
Figure 3 shows the recommender classification metrics. By
design, the average baseline would always produce positive
recommendations, even though some of them would be false.
This translates into the worst precision, but best recall, which
combine into the best F-Measure across vector orientations.
Covariance and Pearson have the second best precision across
vector orientations. However, the difference is more significant
for users than items. In both cases, Pearson had better recall
and Covariance had better precision. The F-measure, shows
that Pearson and Covariance are the best overall. Cosine and
Euclidean perform similarly, but are at the bottom of the list in
every category. Item-based vectors are slightly better overall,
but the ranking of the methods is the same, which suggests
that the vector orientation does not affect recommendation
classification accuracy.
C. Distribution
Figure 4 shows the recommender distribution metrics.
Distribution comparison checks the number of predictions in a
particular category. Similar to the recommendation accuracy,
all predictors are worse than the baseline for user orientation
and better than baseline for item orientation. Covariance
and Pearson distributions most closely resemble the actual
rating distribution across vector orientations. Both similarity
measures are more adventurous because they predict more 1’s,
2’s, and 5’s. Euclidean and Cosine have the most conservative
distributions, clinging to overall dataset average of 3.6. In
fact, all methods correctly recognize that 4 is the most
common rating in the quiz dataset, but Covariance and Pearson
similarities are the most modest in this category.
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average
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covariance
combo
cosine
euclidean

item
item
item
item
item
item

average
pearson
covariance
combo
cosine
euclidean
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64.186%
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65.337%
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63.059%

RECALL
100.000%
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54.664%
54.901%
54.468%
54.233%
RECALL
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60.928%
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F-MEASURE
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60.588%
59.825%
59.349%
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F-MEASURE
72.406%
63.818%
63.055%
61.415%
61.129%
60.956%

Fig. 3.
Recommender Classification Metrics (Sorted Best to Worst by
F-Measure)

All methods also correctly mimic the skewed bell shape of
the actual rating distribution. However, none of them recognize
that there are more 5’s than 3’s in the quiz dataset. Covariance
gives out more 3’s than any other method and that is the only
category where it fails. With the exception of Pearson for item
vectors, Cosine similarity gives out the least 3’s and that is
the only category it excels. No recommender has a perfect
distribution, but Covariance and Pearson distributions are
slightly better than others. Likewise, item vector orientation
is considerably better for every recommender.

actual rating
user average
user covariance
user pearson
user combo
user euclidean
user cosine
actual rating
item covariance
item pearson
item combo
item euclidean
item cosine
item average

CHI-SQUARED
0
866277.306
896217.955
927893.59
973415.629
979649.872
982969.72
CHI-SQUARED
0
796545.953
815992.754
866221.863
866848.522
869844.062
984520.964

Fig. 4.
Recommender Distribution Metrics (Sorted Best to Worst by
Chi-Squared)

D. Confusion
The misclassification frequency distribution has the same
shape across vector orientations. All methods have trouble
guessing 1’s, 2’s, and 5’s. Some methods are better than others,
but none of them struggle at guessing the most popular ratings,
3’s and 4’s. On the other hand, every rating is most often
misclassified as 3 or 4, the adjacent categories for the overall
rating average. In some cases, large errors are very common.

For example, for an actual rating 1, the least popular
guess should be 5, but it is actually more popular than 1.
Such gross misclassifications greatly contribute to the overall
recommendation error. For an actual rating 2, the worst
error would come from misclassifying it as a 5, but it is
actually the second least popular misclassification. For an
actual rating 3, the least popular options should be 1 and 5
and user-based methods do it perfectly. In general, item-based
methods misclassify 3 as a 5 more often than as a 2, which
results in a larger error. For an actual rating 4, the worst
errors come from misclassifying it as a 1 or a 2. This is the
least popular mistake for all methods. For an actual rating 5,
the least popular categories should be 1 and 2. All methods
correctly reflect that across vector orientations.
In addition to being the best at guessing a particular rating,
we also check which predictor is best overall. If the two
are different, running them sequentially may be beneficial.
Covariance and Pearson are best overall predictors of 1’s, 2’s,
and 3’s. They are also best at guessing the actual rating for
those categories. Typically Covariance is better than Pearson,
except for 4’s and 5’s. For item vector 4’s, Pearson is best
overall and with the actual rating. For user vector 4’s, Cosine
is best overall and Combo is best at guessing the actual rating.
For guessing 5’s, Pearson and Covariance are best at guessing
the actual rating, but Pearson is better overall.
E. Combination
We consider the linear combination of every possible pair
of recommendations using different weights with a 10%
increment. There are a total of 45 unique combinations
of the five user- and five item-based recommenders.
For each combination we generate nine new sets of
recommendations, each with a different balance between
the two recommenders. The results agree with our
previous findings. The smallest MAE, RMSE, and the
highest CORR came from user pearson:item pearson,
user covariance:item pearson, user pearson:item covariance,
and user covariance:item covariance blends (Best MAE =
0.79276, RMSE = 0.98526, and CORR = 0.52995). All
of these combinations perform better than the individual
components. The most optimal blends are balanced, 50/50
and 40/60 split between the two recommenders. Furthermore,
these results show that user- and item-based approaches
are complementary. Therefore, both vector orientations are
valuable.
VII. C ONCLUSION
In this paper, we have briefly described the mathematical
model of our dataset and gave an overview of the
memory-based collaborative filtering process. We also
developed a detailed evaluation harness that gives us
multiple perspectives into the recommendation quality:
accuracy, confusion, classifications, and distribution. Among
all similarity metrics, Cosine similarity was the worst. It was
often assumed to be the baseline metric for other research
papers. Covariance and Pearson similarity measures are by far

the best in every category. The accuracy results are consistent
across both vector orientations. Item-based recommendation
are better and faster than user-based recommendation.
However, there is a benefit to blending user- and item-based
recommendations that use Covariance and Pearson similarities.
We will explore them further in our future work. In particular,
we plan to study the Combo similarity weights and improve
the accuracy of predicting 1’s and 5’s.
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