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ABSTRACT
The Netflix prize has rejuvenated a widespread interest in
the matrix factorization approach for collaborative filtering.
We describe a simple algorithm for incorporating content
information directly into this approach. We present experi-
mental evidence using recipe data to show that this not only
improves recommendation accuracy but also provides useful
insights about the contents themselves that are otherwise
unavailable.

Categories and Subject Descriptors
H.2.8 [Database Management]: Database Applications—
Data Mining ; H.3.3 [Information Storage and Retrieval]:
Information Search and Retrieval—Information Filtering ;
I.2.6 [Artificial Intelligence]: Learning

General Terms
Algorithms, Experimentation, Performance

1. INTRODUCTION
Mainstream recommender systems today — such as those

used by Netflix (www.netflix.com), Amazon (www.amazon.
com), and Pandora (www.pandora.com) — often take one of
the following two approaches:

1. Collaborative filtering approach (Netflix). Based on the
movies you liked and disliked, we have found users of
similar tastes. Since they liked the following movies, we
think you may like them too, even though we have no
idea what types of movies they are.

2. Content-based approach (Pandora). Based on the songs
you liked and disliked, it appears that you like slow, soft
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songs sung by a low, female voice. By analyzing all the
songs in our digital library, these appear to be slow, soft
songs sung by a low, female voice, and we think you will
like them.

The collaborative filtering (CF) approach has the advan-
tage of not requiring machine analyzable content; thus it
is capable of recommending an item without understanding
the item itself [5]. But, for the very same reason, it suffers
from the so-called “cold start” problem — predictions for
newer items that have not received much user feedback tend
to be very inaccurate. However, this problem can be miti-
gated to some extent by enhancing CF to exploit any known
content information. Melville et al. [4] developed such a hy-
brid, content-boosted CF system by taking a two-step ap-
proach. They first filled in the sparse user rating matrix S

(see § 2 below) with predictions from a purely content-based
classifier, and then applied a CF algorithm to the resulting
dense matrix.

In this paper, we describe and experiment with a simple
algorithm for incorporating content information directly into
the matrix factorization approach [3], which became popular
due to the recent Netflix contest (www.netflixprize.com).
Whereas Melville et al. [4] included content information as
an intermediate step, we instead incorporate such informa-
tion directly as a natural linear constraint to the matrix fac-
torization algorithm. We present evidence to show that our
content-boosted algorithm can provide informative insights
about the contents themselves that would otherwise be un-
available.

2. PRELIMINARIES
Most publically available data sets have no content infor-

mation associated with the items. Thus, we obtained our
data by crawling the website, allrecipes.com, ourselves.
Recipe data are naturally suited for our purposes because,
by definition, we know the ingredients used in each recipe,
and these ingredient lists provide highly descriptive content
information.

Our data contained about 565, 000 scores submitted by
about 61, 000 users for about 46, 000 recipes as of May 2010.
Overall, these 46, 000 recipes contained about 16, 000 unique
ingredients, with each recipe containing 7 ingredients on av-
erage. We considered only the top 7, 000 ingredients that
were used in ≥ 3 recipes.

Recipe recommendation has been the subject of some pre-
vious work. For example, van Pinxteren et al. [7] developed



an algorithm to classify 8, 701 recipes using 55 predeter-
mined features, whereas Freyne and Berkovsky [1] used the
ingredients themselves as features for 183 recipes and recom-
mendations were selected to maximize the number of highly-
scored ingredients. While both projects used the weighted
average to determine feature preferences and make recom-
mendations, we study the more sophisticated matrix factor-
ization approach and work with a much larger data set.

Though we will focus on the recipe data for the rest of
this paper, we’d like to emphasize that our methodology
and ideas are general, whenever content information similar
to the ingredient list is available. Here is a summary list of
some of our key notations:
• nu – number of users;
• nr – number of recipes;
• ni – number of ingredients;
• S – an nu × nr matrix, where each entry sur, if not

missing, is the score (in our case, an integer between 0
and 5) given to recipe r by user u;
• L – index of learning set, i.e., set of (u, r) such that sur

is observed (see §4 and Fig. 1);
• Lr – set of u such that sur is observed, for a given r;
• Lu – set of r such that sur is observed, for a given u;
• T – index of test set, i.e., set of (u, r) such that sur is ob-

served but pretended to be“missing” by the collaborative
filtering algorithms (see §4 and Fig. 1);
• X – an nr × ni matrix, where each entry is defined as

xri =

{

1, if recipe r contains ingredient i;

0, otherwise.

Typical collaborative filtering algorithms work with the ma-
trix S alone. The extra content information for the items —
in our case, recipes — is stored in the matrix X.

All our algorithms used a standardized version of the ma-
trix S, created by removing both column means and row
means. These are also called “item biases” and “user biases”
in the literature [see, e.g., 3]; they incorporate the obvious
knowledge that some recipes are simply better liked than
others, and that some users are simply easier to please.

3. ALGORITHM
Experiences from the Netflix contest established the su-

periority of the matrix factorization approach [3] for collab-
orative filtering when dealing with large, real-world, noisy
data sets.

For a given dimension, nf , the matrix factorization method
aims to factor S into

S ≈ UR
T =






µT
1

µT
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...






︸ ︷︷ ︸

nu×nf

[
ρ1 ρ2 · · ·

]

︸ ︷︷ ︸

nf×nr

, (1)

where U is an nu × nf matrix whose u-th row is a feature
vector µu ∈ R

nf for user u, and R is an nr × nf matrix
whose r-th row is a feature vector ρr ∈ R

nf for recipe r.
The objective is to find feature vectors, µu for each user u
and ρr for each recipe r, such that ŝur = µT

uρr estimates
sur. In practice, the score sur often takes on integer values
c, c + 1, ..., d, so ŝur is truncated to lie within [c, d] before
being compared to sur.

In principle, this factorization can be achieved by consid-
ering the optimization problem,

min
U,R

‖S−UR
T ‖2,

where ‖ · ‖ denotes the Frobenius norm. In practice, it is
common to put regularization penalties on U and R in order
to avoid overfitting, for example,

min
U,R

‖S−UR
T ‖2 + λ

(
‖U‖2 + ‖R‖2

)
. (2)

However, since most entries of S are unknown, we can only
compute the first Frobenius norm partially by summing over
all known entries of sur. This changes (2) into

min
µu,ρr

∑

(u,r)∈L

(

sur − µ
T
uρr

)2

+

λ

(
nu∑

u=1

‖µu‖
2 +

nr∑

r=1

‖ρr‖
2

)

, (3)

which is typically solved by an alternating gradient descent
algorithm, moving along the gradient with respect to µu

while fixing ρr and vice versa. That is, we iterate

µu ← µu + η

(
∑

r∈Lu

(sur − µ
T
uρr)ρr − λµu

)

(4)

ρr ← ρr + η

(
∑

u∈Lr

(sur − µ
T
uρr)µu − λρr

)

(5)

until convergence, where η is the step size or learning rate,
which we set sufficiently small to ensure convergence.

To exploit the extra content information X for the matrix
factorization method, we constrained the feature vector of
each recipe to depend explicitly on its ingredients, i.e.,

R = XΦ, (6)

where Φ is an ni × nf matrix whose i-th row is a feature
vector φi ∈ R

nf for ingredient i. A constraint of this kind
was also considered by environmental ecologists to extend
correspondence analysis to canonical correspondence analy-
sis by requiring the otherwise latent environmental gradient
to explicitly depend on environmental measurements [6].

While this was certainly not the only way to incorporate
content information into the matrix factorization approach,
we will see later (§5) that it led to interesting and useful
insights about the contents themselves in practice.

Under the constraint (6), model (1) became

S ≈ UΦ
T
X

T =






µT
1

µT
2

...






︸ ︷︷ ︸

nu×nf

Φ
T

︸︷︷︸

nf×ni

[
x1 x2 · · ·

]

︸ ︷︷ ︸

ni×nr

,

which changed (3) into

min
µu,Φ

∑

(u,r)∈L

(

sur − µ
T
uΦ

T
xr

)2

+

λ

(
nu∑

u=1

‖µu‖
2 + ‖Φ‖2

)

. (7)
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Figure 1: Experimental set-up. Left: Some entries of S are
observed (grey), while others are missing (white). Of the ob-
served ones, 50% are randomly selected as test data (crosses)
and treated as if “missing” by the CF algorithm. Right: The
CF algorithm learns from all the observed (grey) entries and
makes a prediction for every missing (white) entry, but we
can only evaluate its performance (e.g., calculate the RMSE)
using entries pretended to be “missing” (question mark).

Using the fact that d(pTYq)/dY = pqT , we obtained the
following alternating gradient-descent equations:

µu ← µu + η

(
∑

r∈Lu

(sur − µ
T
uΦ

T
xr)Φ

T
xr − λµu

)

,(8)

Φ ← Φ+ η




∑

(u,r)∈L

(sur − µ
T
uΦ

T
xr)xrµ

T
u − λΦ



 .(9)

Notice that, unlike the vector equations (4)-(5) and (8), (9)
is a matrix equation.

4. EXPERIMENTS
All experiments were repeated 25 times, each time using a

random subset drawn without replacement from the whole
data set. That is, the matrix S used to conduct each exper-
iment was somewhat smaller than the whole data set. For
each experiment, 50% of the observed entries in S were ran-
domly selected as test data, indexed by the set T (see §2 and
Fig. 1). Tuning parameters — such as λ in (3) and (7) —
were chosen by cross validation on the learning data alone.

We experimented with a range of values for nf , the dimen-
sion of the latent features. The algorithms’ performances
were then evaluated as a function of nf ; see Fig. 2(A).

To evaluate the algorithms’ performances, we followed Ko-
ren et al. [3] and used the root mean-squared error (RMSE)
on T, i.e.,

RMSE =

√
1

|T|

∑

(u,r)∈T

(sur − ŝur)
2,

where ŝur denotes the score predicted by the algorithm un-
der consideration, and |T| is the size of the test set T.

Fig. 2(A) shows our experimental results. The vertical
axis is the difference in RMSE between the content-boosted
algorithm and the original algorithm, so a negative value
means the content-boosted algorithm produced a better re-
sult. From Fig. 2(A), we see that it is beneficial for the
matrix factorization approach to take content information
into account. Standard deviations calculated from our 25
repeated experiments also indicate that the improvement
was statistically significant.
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Figure 2: Experimental results. Differences in RMSE on
the test set between an algorithm that uses the content infor-
mation (denoted by the word, “with”) and one that does not
(denoted by the word, “without”). A negative value means
the content-boosted algorithm did better.

5. INFERRED CONTENT SIMILARITY
A nice by-product of taking the ingredients into account

in the matrix factorization approach is that we can compute
the similarity of two ingredients, i and i′, using their latent
feature vectors, e.g.,

cos(i, i′) =
φT

i φi′

‖φi‖‖φi′‖
. (10)

One obvious way to measure ingredient similarity is to sim-
ply count how often two ingredients appear together in the
same recipe. In comparison, (10) is based on which ingredi-
ents tend to be preferred by the same users, which is very dif-
ferent from the common notion of co-occurrence. We present
evidence below that this more sophisticated measure allows
us to unearth valuable trends in user tastes.

The top ten pairs of ingredients that appeared most sim-
ilar in the 20-dimensional latent feature space are shown in
Table 1. Many of these pairs seem intuitive (e.g., choco-
late cake mix and chocolate frosting). This suggests that
the feature vectors φi have successfully captured quantita-
tive features describing different taste preferences. On the
other hand, some pairs are not as obvious, such as vodka and
watermelon. Results such as this may have commercial ap-
peal. For instance, vodka companies may consider creating
a watermelon flavored drink, and grocery stores may gain
an advantage by displaying them nearby each other, such as
the now famous “beer and diapers” legend.

To compare, we also computed ingredient similarity based
on the relative frequency of them appearing together in the



Table 1: Top-ten ingredient pairs based on their similarity
as measured by (10) in a 20-dimensional latent feature space.

Ingredient 1 Ingredient 2 Cosine
corned beef brisket Irish stout beer 0.9998
pita bread lettuce 0.9997
dry red wine filet mignon steak 0.9994
chocolate cake mix chocolate frosting 0.9993
chocolate candy bar whipped topping 0.9990
cinnamon red hot candy marshmallows 0.9978
vodka watermelon 0.9977
baking chocolate Oreo cookies 0.9975
avocado taco seasoning 0.9972
salmon onion 0.9967

same recipe. As many would suspect, the top-10 pairs were
all combinations of flour, salt, eggs, butter and sugar — not
quite as interesting or informative as the ones in Table 1.
The top-25 pairs included pepper, vanilla, milk, water, and
baking powder, while various combinations of garlic, onion,
celery, oil, and shortening rounded out the top 100.

To further confirm that (10) is a better measure of in-
gredient similarity than counting how often two ingredients
would co-appear in the same recipe, we experimented with
incorporating content information into another widely-used
and perhaps more intuitive approach for collaborative filter-
ing, the nearest neighbors method [2].

For any pair of recipes, say r and r′, let

wr,r′ =

∑
(sur − s̄·r)(sur′ − s̄·r′)

√∑
(sur − s̄·r)2

∑
(sur′ − s̄·r′)2

(11)

be their correlation. Clearly, this can realistically be calcu-
lated only with users who have scored both r and r′. In other
words, all the summations above are taken over u ∈ Lr∩Lr′ ;
and s̄·r is the mean of sur over the same set, u ∈ Lr ∩ Lr′ .

For any given user u, let

wu(r,K) ≡ the K-th largest value of wr,r′ ∀ r′ ∈ Lu.

To predict whether a user will like a certain recipe, the near-
est neighbors method simply computes the weighted average
of a few neighboring recipes already scored by this user,

ŝur =

∑

r′∈Nu(r) wr,r′sur′
∑

r′∈Nu(r) wr,r′
, (12)

where

Nu(r) = {r
′ ∈ Lu such that wr,r′ ≥ wu(r,K)}.

To exploit the extra content information X for the nearest
neighbors method, we replaced equation (11) with

wr,r′ =
xT
r xr′

‖xr‖‖xr′‖
, (13)

which, in our case (see §2), is easily seen to be equal to

wr,r′ =
(# ingredients in both r and r′)

√
(# ingredients in r)

√

(# ingredients in r′)
.

That is, neighbors were determined by how many ingredients
they shared in common.

We experimented with a range of values for K, the number
of neighbors, and the algorithms’ performances were evalu-
ated as a function of K; see Fig. 2(B). Here, we see that
the benefit of taking content information into account for

the nearest neighbors approach was not nearly as substan-
tial as for the matrix factorization approach. The best im-
provement on the RMSE scale was smaller by a factor of 5,
and the content-based neighborhood algorithm actually per-
formed worse for large K. This is because defining recipe
neighborhood by the number of ingredients they share in
common is not all that helpful for recommendation. For
example, a pecan cake and an apple pie necessarily share
many ingredients in common — uninteresting ones such as
flour, sugar, and butter, but the one main ingredient (pecan
versus apple) makes them very different recipes.

Consequently, measuring ingredient similarity by how of-
ten they appear together in the same recipe is not all that
meaningful, either. The similarity measure (10) — available
only as a by-product of our content-boosted matrix factor-
ization algorithm — is much more useful, e.g., it could pro-
vide valuable information for us to consider swapping ingre-
dients and creating recipe variations for people with certain
food allergies or other dietary constraints.

6. SUMMARY
In this paper, we described a simple, content-boosted ma-

trix factorization algorithm for collaborative filtering (§3).
Our algorithm incorporates content information directly as
a linear constraint. We conducted some experiments using
recipe data, and our results confirmed the potential useful-
ness of our method (§4). We also discussed how our content-
boosted algorithm could give us additional insights about
the contents themselves that would otherwise not be avail-
able, as well as conducted further analyses and experiments
to show that these insights were far more informative than
those we could obtain by analyzing the contents alone (§5).
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