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AUTOMATED COLLABORATIVE
FILTERING SYSTEM

fail to take into account the probability that a random user

Will provide a given rating. Thus, information shoWing

CROSS REFERENCE TO RELATED
APPLICATION

unusual similarity in preferences for particular users is not
utiliZed. Furthermore, these prior art systems also do not
provide recommendations With statistically meaningful con
?dence levels as the number of items that both the user and

This application is a continuation of US. patent applica
tion Ser. No. 08/848,317 Which claims priority from US.
Provisional application Ser. No. 60/016,577 ?led on Apr. 30,
1996, and is a continuation-in-part of US. patent application
Ser. No. 08/838,233 ?led on Apr. 15, 1997.

a respective recommending user have provided ratings for
increases.
SUMMARY OF THE INVENTION

In accordance With the present invention, a method for
providing a recommendation of at least one item in a group
of items to a ?rst user in a group of users based on rating of

APPENDIX

This application includes a computer program appendix.
STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH

Not Applicable.
FIELD OF THE INVENTION
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the item and other items in the group of items by other users
in the group and rating of at least some of the other items by
the ?rst user includes the steps of providing ratings data for
each item in the group of items from at least some of the
users in the group of users, determining a respective simi
larity value for the ?rst user With respect to other users in the
group, determining a subgroup containing the ?rst user and
at least one other user in the group of users based on the

similarity of ratings of the ?rst user and the at least one other
user and providing the recommendation of at least one item
in the group of items to the ?rst user based on the ratings of

The present invention relates to a system and method of
providing recommendations and more particularly, to a
system and method of providing a recommendation of a at

least one item to a user based on the similarity of preferences 25 the at least one item of the subgroup provided by the other
of the user and other users.
users in the subgroup. With this particular arrangement an

automated collaborative ?ltering (ACF) Which utiliZes both
BACKGROUND OF THE INVENTION

ratings and probability values is provided. By utiliZing

The enjoyment or dislike of particular goods and services
is a subjective judgment made by individuals based on any
number of criteria. The ability to make reliable recommen

probability values, recommendations can be made to users

having similar preferences to a relatively small subgroup of
users Who have rated a particular item. The invention
provides a method for providing a recommendation of an
item to a user based on the similarity of preferences of the
user and other users. The method is provided as part of an
ACF system Which provides a recommendation of at least

dations to a particular person for a given item, such as a

movie for example, Would be useful. Such information
Would enable someone to avoid such items that Would not be

enjoyable and choose such items as Would be pleasing.

one item in a group of items to a ?rst user in a group of users

There is often information of hoW Well received an item

based on ratings of the item and other items in the group of
items by other users in the group and ratings of at least some
of the other items by the ?rst user. In order to provide the

is With respect to the general population, such as a popular
movie or book. HoWever, such information does not provide
a means to determine to What extent or even if a particular

individual Will like the movie, or book. Such generaliZed
information only provides the likelihood that a randomly
selected individual Will appreciate a particular item such as
a given movie.

0 recommendation, rating data is provided for each item in the
group of items from at least some of the users in the group

of users. A respective similarity value is determined for the
?rst user as compared With each of the other users in the

group by consecutively comparing the ratings of the ?rst

There are many critics that rate movies and the like. An
individual can try to identify such a critic With preferences
that are at least someWhat similar after much

user of a respective item in the group of items With the
ratings of each of the other users in the group that have

experimentation, time and money spent vieWing movies.

values are determined in a Way that includes taking into
consideration the probability of What rating a random user

provided ratings for the respective item. The similarity

HoWever, such a process is neither reliable nor repeatable on

a regular basis and does not take into account particular likes
and dislikes.
There exists, hoWever, a class of systems referred to as

50

?rst user and at least one other user in the group of users

automated collaborative ?ltering (ACF) systems Which pro

based on the similarity of ratings of the ?rst user and the at

vide recommendations to a user based on ratings of items by

other system users. ACF systems include the entry and
storage of ratings data by users of the system to generate

least one other user. A recommendation of at least one item
55

in the group of items is provided to the ?rst user based on

the ratings of the at least one item of the subgroup provided
by the other users in the subgroup.

customiZed ratings. The ratings of items stored in the system
re?ect an individual user’s personal tastes. An ACF system
attempts to ?nd users With similar preferences as a particular

BRIEF DESCRIPTION OF THE DRAWINGS

user and provide recommendations to that user based on 60

those similar preferences.
As mentioned above, prior art ACF systems have

The foregoing features of this invention as Well as the
invention itself may be more fully understood from the

folloWing detailed description of the draWings, in Which:
FIG. 1 is a block diagram of a system Which includes an

attempted to provide recommendations to a user based on

ratings for items provided by the user as compared With
other users. See for example US. Pat. No. 4,996,642 to Hey
and 1994 MIT Media Lab Master’s Degree thesis of Upen
dra Shardanand. HoWever, these recommendation systems

Would provide for a respective item. After computing the
similarity values, a subgroup is determined containing the

automated collaboration ?lter;
65

FIG. 2 is a block diagram of an illustrative implementa
tion of a computer system on Which the automated collabo

rative ?ltering system maybe implemented;

5,884,282
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FIG. 3 is an exemplary ?oW diagram for the ACF system
of FIG. 1;
FIG. 4 is an exemplary ?oW diagram providing details of
the How diagram of FIG. 3.
FIG. 5 is an exemplary ?oW diagram providing further
details of the How diagram of FIG. 3;
FIG. 6 is an exemplary ?oW diagram of another embodi
ment of the ACF system of FIG. 1;
FIG. 7 is a graphical representation of ratings used in the
ACF system of FIG. 6.

voice, or other means. The ratings data can be one rating for
one item or, the item can be rated on a number of criteria that

can be blended or individually accessible. Without limiting
the invention to that recited, the system can be used in

10

ing together to appear as a single netWork to a user. The term

DETAILED DESCRIPTION OF THE
INVENTION

The folloWing description sets forth an exemplary
embodiment, in accordance With the present invention, of an

conjunction With the Internet, kiosks, or interactive televi
sion.
Referring noW to FIG. 1, a public netWork or Internet 1 is
coupled to a private netWork 2 through a ?re Wall server 3.
Coupled to private netWork 2 are a plurality of users 4a-4N
generally denoted 4. As used herein, the term “internet”
generally refers to any collection of distinct netWorks Work
“Internet”, on the other hand, refers to the so-called World
Wide “netWork of netWorks” that are connected to each other

15

automated collaborative ?ltering (ACF) system for provid

using the Internet protocol (IP) and other similar protocols.
The Internet provides ?le transfer, remote log in, electronic
mail, neWs and other services.

ing a recommendation of an item Within a group of items to
a user based on that user’s similarity of preferences as

As described herein, the exemplary public netWork of
FIG. 1 is for descriptive purposes only. Although the
description may refer to terms commonly used in describing
particular public netWorks such as the Internet, the descrip
tion and concepts equally apply to other public and private

compared With a subgroup of users of the system. For
purposes of illustration, the ACF system and associated
methods are described herein in the context of recommend
ing a movie. It should be understood of course that the ACF

system is not limited to recommending movies. Rather, the

computer netWorks, including systems having architectures

The invention Will be described in conjunction With

packets referred to as “data grams. ” In a data gram based
netWork, messages are sent from a source to a destination in

ACF system of the present invention can be used to recom 25 dissimilar to that shoWn in FIG. 1.
One of the unique aspects of the Internet system is that
mend any product or service that can be rated by a user of
messages and data are transmitted through the use of data
that product or service.

various terms and statistical tools de?ned beloW. In the ?eld

a manner similar to a government mail system. For example,
a source computer may send a data gram packet to a

of statistics, a traditional Way to measure the evidence is to

start With a null hypothesis, usually labeled HO, and to
calculate the con?dence With Which the null hypothesis can

destination computer regardless of Whether or not the des

tination computer is currently poWered on and coupled to the

be rejected. For example, starting With the folloWing null

netWork. The Internet protocol (IP) is completely

hypothesis, Which applies to one movie seen by both Joe and

the other user: HO=The tWo users have no unusual similarity 35 sessionless, such that IP data gram packets are not associated
With one another.
of taste relative to movies like the current one.
The ?re Wall server 3 is a computer Which couples the
If, tWo users had an unusual similarity of taste, such an

unusual similarity of taste Would be manifested in the form
of unusually similar ratings in a user information database.
NoW, looking at that data, one can ask: What is the likeli

computers of a private netWork e. g. netWork 2 to the Internet
1. FireWall Server 3 may thus act as a gatekeeper for
messages and data grams going to and from the Internet 1.

hood that the tWo users Would agree at least as much as the

An Internet service provider 6 is also coupled to the
Internet 1. A service provider is an organiZation that pro

data shoWs them to if the null hypothesis Were true? For
instance, What is the likelihood that the tWo users discussed
above Would have agreed on all of three movies if they had
no fundamental tendency to rate movies the same Way? This
kind of likelihood is called a p-value. P-values provide a tool
to deal With numeric quantities rather than With vague terms
such as similarity of taste. One de?nition for p-value, also
referred to as an observed signi?cance level, for a speci?c

vides connections to a part of the Internet. Internet service

provider 6 is also a computer Which couples a plurality of
45 users 6a—6m to the Internet 1. Thus, users 6a—6m are

coupled to the Internet through Internet service provider 6.

Also coupled to the Internet 1 are a plurality of Web sites or
nodes 7. When a user Wishes to conduct a transaction at one

statistical test is the probability, assuming a null hypothesis
HO to be true, of observing a value of the test statistic that
is at least as contradictory to the null hypothesis as the one

computed from the sample data. Equivalently, the p-value p
is a measure of the con?dence With Which one can reject the

null hypothesis HO. If the p-value is very small, one can

55

reject the null hypothesis HO With con?dence, and assume,

of the nodes 7, the user accesses the node 7 through the
Internet 1.
Each node in the ?re Wall shoWn in FIG. 1 is con?gured
to understand Which ?re Wall and node to send data packets
to given a destination IP address. This may be implemented
by providing the ?re Walls and nodes With a map of all valid
IP addresses disposed on its particular private netWork or
another location on the Internet. The map may be in the form

instead, that the tWo users do probably have similarity of
taste. An alternative explanation is that he p-value p is a

of pre?x matches up to and including the full IP address.

measure of the amount of evidence that there is similarity of
taste betWeen tWo users. A loWer value for the p-value p

database 9 and an automated collaborative ?ltering (ACF)
system 10. User 6 ratings data for items can be stored in
database 9. The information need only be stored once. The

Also coupled to Internet 1 is a server 8, a user information

means We have more evidence.

information may be stored, for example, as a record or as a

The ACF system and methods of the present invention can
be implemented on any suitable computer and associated

components, peripherals, keyboards, and the like, as knoWn
to one of ordinary skill in the art. Ratings data is provided
to the system in a suitable fashion. For example, each user
can enter data into a database by keyboard, touch screen,

65

?le. The information for each particular item rated by a user
is stored in a particular data structure in database 9.
Database 9 and ACF system 10 may be provided, for
example, as an object-oriented database management system

(DBMS), a relational database management system (eg

5,884,282
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DB2, SQL, etc.) or another conventional database package.
Thus, the database 9 can be implemented using object

groups of instructions. The diamond shaped elements

(typi?ed by element 92 in FIG. 5), herein denoted “decision
blocks,” represent computer softWare instructions, or groups
of instructions Which affect the execution of the computer

oriented technology or via text ?les.
Referring noW to FIG. 2, a computer system 11 on Which

softWare instructions represented by the processing blocks.
Alternatively, the processing and decision blocks repre
sent steps performed by functionally equivalent circuits such

the ACF system of the present invention may be imple
mented is shoWn. Computer system 11 may be provided, for
example, as an IBM compatible computer or an equivalent

computer system. The exemplary computer system 11 of
FIG. 2 is for descriptive purposes only. Although the
description may refer to terms commonly used in describing
particular computer systems, the description and concepts
equally apply to other processing systems, including sys

as a digital signal processor circuit or an application speci?c
10

the How diagrams illustrate the functional information one
of ordinary skill in the art requires to fabricate circuits or to

tems having architectures dissimilar to that shoWn in FIG. 2.

Computer system 11 includes a central processing unit
(CPU) 12, Which may be provided, for example, as a

15

conventional microprocessor, a random access memory

not shoWn. It Will be appreciated by those of ordinary skill
in the art that unless otherWise indicated herein, the particu
lar sequence of steps described is illustrative only and can be
varied Without departing from the spirit of the invention.

tion. Each of the aforementioned components are coupled to

a bus 20. Operation of computer system 11 is generally
controlled and coordinated by operating system softWare.
The operating system controls allocation of system
resources and performs tasks such as processing, scheduling,

FIG. 3 provides a high level description of the operation
of the ACF system of the present invention. In step 60, rating
25

of the other elements of computer system 11.
Also coupled to bus 20 is a non-volatile mass storage
device Which may be provided as a diskette 22. Diskette 22
is insertable into a diskette drive 24 Which is, in turn,

coupled to bus 20 by a controller 26. Similarly, a compact
disc (CD) ROM 28 is insertable into a CD ROM drive 30
Which is, in turn, coupled to bus 20 by a controller 28. Ahard
disk 34 is typically provided as part of a ?xed disk drive 36
Which is coupled to bus 20 by a disk controller 38.
Data and softWare may be provided to and extracted from
computer system 11 via removable storage media such as
hard disk 34, diskette 22, and CD ROM 28. For example,

database in step 62. In step 64, the similarity values are used
to determine a subgroup of users having preferences similar
to the ?rst user. The ratings of the subgroup of users are then
used to recommend an item to the ?rst user in step 66.
35

storage media similar to media 22, 28, 34. The data values
may then be retrieved from the media 22, 28, 34 by CPU 12

have both provided ratings for have been identi?ed, a

and utiliZed by CPU 12 to recommend one of a plurality of

statistical distance betWeen the users, as de?ned beloW, is

items in response to a user’s query.

determined in step 70. The statistical distance is derived by

Alternatively, computer softWare useful for performing

taking into account the probability that a random user of the
45

system, or general public, Will provide a particular rating for
the item. In step 72, the similarity value is determined by
?nding the smallest hypothesiZed S that can be rejected With
a given con?dence level. In an exemplary embodiment, a
binomial distribution is used to calculate a probability to test

in one or more peripherals such as communication adapter

50. CPU 12 may retrieve the computer softWare and subse
quently store the softWare in RAM 14 or ROM 16 for later
execution.

against the con?dence level. In step 74, if a similarity value
for a predetermined portion of the other users in the system
With respect to the ?rst user have not been calculated, then
the next user is selected to determine a respective similarity
value.

User input to computer system 11 may be provided by a
number of devices. For example, a keyboard 40 and a mouse
42 are coupled to bus 20 by a controller 44.

Computer system 11 also includes a communications
adaptor 50 Which alloWs the system to be interconnected to

FIG. 4 provides additional details for step 62 of FIG. 3 for
determining similarity values for the ?rst user and other
users. In order to obtain a similarity value for the ?rst user
and another user, the ?rst user and other user must have
ratings in the database for at least one common item as in
step 68. After the items that the ?rst user and the other user

beloW in conjunction With FIGS. 3—5 may be stored on

storage media similar to media 22, 28, 34. Such computer
softWare may be retrieved from media 22, 28, 34 for
immediate execution by CPU 12 or by processors included

data for users of the ACF system 10 is entered into the user
information database 1. As can be appreciated by one skilled
in the art, the data can be provided and entered in many
Ways, such as by keyboard, voice or other means. The ACF
system 10 upon request of a ?rst user determines a similarity
value the ?rst user as compared With other users in the

data values generated using techniques to be described

computations related to ACF methods may be stored on

generate computer softWare to perform the processing
required of the particular apparatus. It should be noted that
many routine program elements, such as initialiZation of
loops and variables and the use of temporary variables are

(RAM) 14 for temporary storage of information, and a read
only memory (ROM) 16 for permanent storage of informa

memory management, networking, and I/O services, among
other things. Thus, an operating system resident in system
memory and executed by CPU 12 coordinates the operation

integrated circuit (ASIC). The How diagrams do not depict
the syntax of any particular programming language. Rather,

55

The ACF system of FIGS. 3 and 4 is described in further
detail beloW for an exemplary ?rst user. As an illustrative

a local area netWork (LAN) or a Wide area netWork (WAN),

example, the ACF system Will generate a movie recommen

schematically illustrated by bus 52 and netWork 54. Thus,

dation for a user referred to as Joe. The movies are rated

data and computer program softWare can be transferred to

according to a four star system in Which users rank movies
in one-half star increments from Zero stars to four stars. Thus
a movie Which a user does not like may receive a rating of
Zero stars While a movie Which a user does like may receive

and from computer system 11 via adapter 50, bus 20 and
netWork 52.
FIGS. 3—5 are a series of How diagrams shoWing the

processing performed by a processing apparatus Which may,
for example, be provided as part of ACF system 10 (FIG. 1)
to provide user recommendations. The rectangular elements

(typi?ed by element 60 in FIG. 3), herein denoted “process
ing blocks,” represent computer softWare instructions or

a rating of four stars.
65

Table I shoWs the distribution of exemplary ratings pro
vided by an entire population in a database for a given
movie.

5,884,282
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movie less than anyone else Who assigned this rating, and
that Martha enjoyed it more than anyone else Who assigned
the rating. Then the statistical distance betWeen Joe and

TABLE I
Stars

Martha could be approximated by the siZe of the rating (the

Probability p;

no stars

.03

1/2 star

.04

*

.10

“/z

.13

**

.15

“V2

.17

***1/z

.12

approximation groWs more accurate as the number of people

in the population increases).

10

In de?ning a distance measure betWeen the ratings pro
vided by the tWo users, a degree of closeness is assigned that
is consistent With the knoWledge at the time. Thus, if tWo
users assign the same rating, their statistical distance Will be
the siZe of the rating. In general, for a particular movie, the
statistical distance dj-k betWeen tWo users Who assigned

ratings j and k, for jék, is given by:
The Probability column shows the probability that a

randomly-chosen member of the population Would assign

15

Equation 1

i=1

the associated star rating. The probabilities are approxi
mated from a meaningful number of ratings for the movie,

in Which i=probability of the i”1 rating.

simply by calculating the proportion of the population that
assigned each rating. Thus, if the population consists of
one-hundred users, then a probability value of 0.2 indicates
that tWenty out of the one-hundred users assigned an item a

k
djk = _E_ Pi

When the system is ?rst put into active use, it Won’t have
any ratings. At this point, all ratings are assumed to be
20

equally likely. The system models the probability of each
rating being assigned across the entire population of movies,

particular rating. For example, Table I indicates that a rating

or group of items. Then that distribution can be used for

of three stars received a probability of 0.20 indicating that 20
percent of a population assigned the movie three stars. The
more ratings for a given movie, the more accurate the

those movies that, alone, do not yet have enough ratings to
provide an accurate model. Alternatively, Weighted averages
of the various models can be used Where the Weights depend

25

probabilities.

on the amount of data available.

To continue in the exemplary illustration, suppose, for
example, that Joe and Martha both assigned one star to the

movie, Whereas Henry and Ann both assigned the movie
three stars. Referring to Table 1, it can be seen that a

30

If relatively feW ratings for a given movie are knoWn, the
distribution can be modeled by taking the average of those
ratings, and using the distribution derived from all movies in
the database Which also have that average rating. When all

randomly-chosen third user Will share Joe and Martha’s

ratings are equally likely, calculations Will be exactly the

evaluation only 10% of the time, Whereas a randomly chosen
third user Will share Henry and Ann’s evaluation 20% of the

same as if everything Were based on star ratings alone and

time.
The ACE system determines Which users are unusually
similar in taste. Any information regarding Which users are
most likely to be unusually similar in taste is information
that is valuable. In the above example We have more
evidence for unusual similarity of taste in the case of Joe and
Martha than in the case of Henry and Ann.
Prior art techniques Which relied solely on the star ratings

ignoring the associated probabilities. As the system moves
aWay from the simple model, it is able to more and more
35

Suppose there are three movies that Joe and Martha have

each seen and provided ratings for. Further, suppose that
they assigned the same ratings in each case, so that their
statistical distances, in each case, are small. This provides
40

and ignored probability information, Would simply conclude

not provide certainty that they have generally similar tastes;
45

each assigned a rating of one star to the same movie. The

difference betWeen the ratings is Zero thus indicating that
Martha and Joe have similar taste. Like Wise, for Henry and
Ann the difference betWeen their star ratings for the movie
of this example is Zero thus indicating that they have similar

50

taste. In order to make maximal use of the data at hand more

than the star ratings alone must be used. The present
invention considers available probability information. The
probability value Pi in column tWo of Table I represents the
probability that a randomly chosen user Will assign the
corresponding rating to the movies. As used herein beloW
the probability values are also referred to as the “size” of the
rating. Thus referring to Table I a rating of three stars has a
siZe of 0.20.
NoW suppose that Joe and Martha assigned the same

55
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rating to the movie in question. This does not necessarily
mean that they each had exactly the same degree of enjoy

respect to randomly chosen movies in M. Let P( ) be the
probability function. Then
The nearer Zero S is, the more similar in taste the tWo users
may be said to be. So S Would be an excellent measure of

to the ?nite nature of the data in our database. Despite the
fact that S can’t be calculated, it can be considered to be the

thing by the ratings they assign, it is knoWn that Joe and
assigned loWer ratings, and less than those Who assigned
higher ratings. For instance, it’s possible that Joe liked the

it merely gives a certain amount of evidence.
NoW, suppose the distance could be measured betWeen
Joe and Martha for any movie they might have chosen to see
if they had the opportunity and might see in the future—this
population of movies includes even those movies that
haven’t been made yet. Call this movie population M. Then
there exists some number S such that, if a movie is randomly
chosen from M, it is as likely that the distance betWeen the
ratings Will be greater than S as it is that it Will be less than
or equal to S. In formal terms, letJOEMmha be a random
variable denoting the distances betWeen Joe and Martha With

similarity, except for the fact that it cannot be computed due

ment of the movie. To the extent that all users mean the same

Martha both enjoyed the movie more than those people Who

evidence that Joe and Martha are similar in taste, but there

is alWays the possibility that they Would disagree on the next
ten movies. In other Words, the sample of three movies does

that tWo users Who assigned an item, eg a movie, the same

star rating had a similar taste. For example, Joe and Martha

accurately incorporate the probability information.
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actual degree of similarity betWeen the users.
The system can make intelligent guesses about S; and, the
more movies Joe and Martha have in common, the more
con?dently We can make assertions about it.

5,884,282
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Generally, the system estimates S and tests the estimate
against the ratings data. For instance, suppose Joe and

contributing to their similarity S. When considering the

Martha have 5 movies in common, and the distances are 0.2,

of giving ratings, as both contributing to the experimental

action of choosing a particular movie, as Well as the action

15, 0.1, 0.1, 0.09, and 0.08. It appears that Joe and Martha

result of a particular measured distance, the distances are

have very similar tastes; it seems likely that S is less than
0.2. While it is not knoWn that S<0.2 from the evidence at
hand, it is a reasonable determination. The next question is
hoW certain is it that S<0.2?
To determine hoW certain it is that S<0.2 , the opposite

independent. In other Words, at the beginning of the
experiment, it is not knoWn What movie Will be chosen; the
aforementioned correlation only exists if We have already

proposition is tested. The possibility that S 20.2 is tested and
evaluated. To conduct the test, it is noted that if the evidence

10

out of 5 experiments, Where each experiment has a prob
ability 5 of success, to be b(4;5,0.5)=0.15625. This result is

says that the tWo users are so similar that it is very unlikely
that S=0.2, then it is even more unlikely that S is some

number greater than 0.2. Thus, only the case that S=0.2 is
tested.
The assumption that S=0.2 is referred to as a null

knoW the movie. The invention is not to be limited to a
binomial distribution, as other distributions can also be used.
The binomial distribution gives the chances of 4 successes

15

a small number, even compared to the con?dence level of
0.20. HoWever, any speci?c number of successes is rela
tively unlikely. One success is unlikely, tWo is unlikely, etc.
Even the most likely speci?c number of successes in 5

hypothesis, denoted by H0. The alternate hypothesis, HA,

experiments, Which is 3, only has a probability of 0.3125

says that S<0.2. If HO can con?dently be rejected, then it

Which is still considerably less than an even chance. Thus,

must be the case that HA is true.

not only is the probability of the speci?c case given by the

For instance, in the example, the assumption that S=0.2
implies that in all 5 cases, the distance Was less than or equal
to S. But the meaning of S is that the probability of this

20

data determined, but also the probability of the occurrence
of this case or one even more inconsistent With the null

hypothesis.

happening, in each case, is 0.5. Thus, the probability of all
distances being less than 0.2 is 0.5*0.5*0.5*0.5*0.5=

In the example, the only case even more inconsistent With
the null hypothesis is the case of 5 successes, Which We

0.03125 . It folloWs that, if H0 is true, then a very rare event 25 already computed to have a probability of 0.03125. The total

occurred—one that Would only be expected to happen With

probability of the tWo cases is thus 0.15625+0.03125=
0.1875. Thus, at con?dence level (X=0.2, We can still reject

a probability of 0.03125.
It is a statistical procedure to choose some probability,

usually denoted by 0t, and to reject HO if the calculated
probability is less than ot.(ot is also frequently referred to as
the con?dence level.) For instance, if a Was chosen to be
0.20, then the calculated probability of 0.03125 means that
HO Would be rejected and HA Would be assumed to be true;
in other Words, it can noW con?dently be said that the data
shoWs that S<0.2.
NoW another guess about S can be made. NoW it is knoWn

the null hypothesis.
30

The assertion that S=0.1 is then tested, Which is the next
largest distance. In this case, there are only 3 successes. As
noted above, the binomial probability for 3 successes out of

5 experiments is 0.3125. The total probability of 3, 4, or 5
successes is therefore 0.3125+0.15625+0.03125=0.5, Which

is considerably greater than the con?dence level of 0.20,
35

that it can con?dently be said that S<0.2, perhaps it can also

meaning that in this case, the null hypothesis can not be
rejected. Thus S0. is de?ned as the smallest hypothesiZed S
Which can be rejected With con?dence level 0t. If there is no

be con?dently said that S<0.15.(0.15 is chosen because it’s

hypothesiZed S that can be rejected With con?dence level 0t,

the next-largest distance associated With our 5 movies after
0.20.) It must be determined hoW con?dently the neW HO can
be rejected, Which says that S=0.15.

then S0. is 1.
It is noted that assumed S’s greater than 0.2 Would lead to
the same probability calculations as the assumption that

40

When the data is examined, it can be seen in one case that

the distance is greater than S and that in the remaining four
cases, it is less than or equal to S. Each of these cases can

be regarded as an experiment. Each of the experiments is
said to be successful if the distance is less than or equal to

45

S.

The probability of getting k successes out of n experi
ments is given by the binomial distribution, de?ned as
Equation 3

50

l

Where
55

It is noted that like many standard statistical calculations,
the applicability of the binomial distribution depends on the
independence of each of the experiments. In our case, if tWo

60

movies are very similar, then the distances are likely to be

correlated; if Joe and Martha both like movie A, and movie
B is very similar, it’s likely that they’ll both like movie B.
HoWever, if Joe and Martha didn’t have similar tastes, it’s
very unlikely that they Would have chosen to see tWo such
similar movies out of the hundreds released each year. Their
predilection for choosing similar movies is one of the factors

S=0.2; the assumption of S’s betWeen 0.2 and 0.15 Would
lead to the same probabilities as the assumption of S=0.15;
etc. So there is no need to test possible S’s other than those
that correspond to the actual distances that appear in the data
for Joe and Martha. In the example, 50., is therefore 0.15.
As a practical matter, it is not necessary to actually test
hypothesiZed S’s. Suppose there are n movies seen by both
Joe and Martha. Then there exists some positive integer, k,
Which is the smallest k such that

is less than 0t. The integer k can be stored in a table in RAM,
or other memory device, indexed by n. Thus, the process of
?nding SO. consists of tWo steps: doing a table lookup to ?nd
k, and then retrieving the kth distance from the list of n
distances betWeen ratings for movies seen by both Joe and
Martha. The table can be ordered from largest to smallest.
Actual S, if it could be calculated, Would be a perfect
measure of similarity betWeen tWo users. It can’t be, so a
calculated S0. is used. SO. has a strange characteristic for an

65

estimator of S: S0. is de?ned to be the least hypothesiZed S
that can be con?dently rejected. It Would seem counterin
tuitive to use a value rejected as an estimator. HoWever, SO.
can also be seen in a very different light.

5,884,282
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Since the assumption that SotZSot is rejected, it may

that their conclusions are correct. There is a tradeoff

involved: if a con?dence level of 0.01 is chosen, the

appear that an estimator less than $0. should be used But
What number less than $0. should be chosen? S is not
assumed to be closer to Zero than the evidence supports. The
desire to be conservative implies that there is no justi?cation

for choosing any particular number less than 50., since there
Would alWays be real numbers betWeen the chosen number
and $0., and those real numbers Would be more conservative
choices. There is no evidence to support any particular
choice less than $0..
In one sense, the maximum value of the interval (0, S0.)

researchers can be very certain that their conclusions are

correct; but the resulting conclusions Will usually tend to be
Weaker. So a con?dence level of level of 0.05 or 0.1 is

usually chosen.
for example, suppose ot=0.01 in the original example.

10

level of 0.2 leads to S(X=0.15.
There is a Way of choosing the best a for the invention: it

is desirable. (The ( ) notation represents an “open”
interval—one that does not contain the end points.)

is simply the one that, When all has been said and done,

HoWever, since there is no maximum value on an open

interval, the upper limit of the interval is taken. But this
upper limit is SO. itself.

enables the invention to make the most accurate recommen
15

S0 S0. can be looked at “positively” as Well as “nega

tively.” It is not only the smallest hypothesiZed S Which is
rejected With con?dence level 0t, it is also the upper limit of
the hypothesiZed S that is acceptable. It is the boundary
betWeen the regions of acceptance and rejection.

20

ot=0.4 gives the best results; When there are many thousands
of users, ot=0.10 may be best because there Will be so many
more users to chose closest matches from so that the system

There are some other aspects of SO. that deserve discus

can afford to require a higher degree of certainty.

use in ACF systems:

As can be seen, as the number of movies seen by both Joe
25

and Martha increases, the amount of available evidence for
a particular degree of similarity increases. If Joe and Martha
have 3 movies in common and agreed on all of them, that
gives a certain amount of evidence that they have similar
tastes. On the other hand, if they have seen 20 movies in

30

common and agree on all of them, that gives far more
evidence. In the latter case, the system can be very con?dent
that the tWo users have very similar tastes; in the ?rst case,

users, as manifested in their ratings. This is re?ected in 50.;
lower values for the distances tend to lead to more signi?

cant (closer to 0) values for $0..
2) The number of items rated by the tWo users. This is n in
the calculations for the binomial distribution. Greater n’s
tend to result in Sot’s closer to 0 When the ratio of ratings
above and beloW each proposed S stays the same. For

dations. This can be easily tested for a range of possible
values for ot; the test procedure Will be discussed later on. It
is to be expected that this optimal value of 0t Will change

during the lifetime of a particular system; for instance, When
a system is just starting up and has feW users, it may be that

sion. There are three categories of information available for

1) The general tendency toWard agreement betWeen the tWo

Then the resulting SO. Would have been 1, since 5 movies
Wouldn’t have provided enough information to “con?
dently” reject any particular assumed distance. A con?dence
level of 0.1 Would have given S(ot=0.2; and, a con?dence

instance, in the example above, one distance Was above SO.
and four beloW it; When the summed probability of that case
and the case even more inconsistent With the null hypothesis, 35

their agreement on 3 movies has a much greater possibility
of being due to chance alone; it may Well be that they Would
disagree strongly on a fourth movie. Thus, the system uses

the associated probability Was 0.1875, Which alloWed rejec

n meaningfully. As n increases, SO. decreases as long as the

tion of the proposed S. But suppose that there Were tWo

general distribution of individual ratings remains the same.
The calculations by Which con?dence levels are generated

distances above SO. and eight beloW it; then, using the same
procedure, results in a probability of 0.0547. Thus, by
increasing n While keeping the ratio the same, the proposed
S is rejected With a much greater degree of certainty. Using

are statistically meaningful. Consider the folloWing
40

Suppose Joe and Martha have 5 movies that they’ve both

a con?dence level of a=0.15, the assumption that S=0.15 is
rejected in the latter case but not in the former. This

seen, and that they closely agree on every one of them. In

demonstrates the manner in Which greater n’s tend to lead to
Sot’s near 0.

45

3) The overall distribution of ratings, considering the popu
lation as a Whole, for the tWo users. Suppose Joe and Martha

have both seen and rated 5 movies, as in the example; but
these movies are all movies that Joe, Martha, and most other

people love. It may be that 30% of the population assigned
4 stars for the ?rst movie, 25% for the second, etc., and in

50

The overall distribution of ratings is another important
55

distribution data is processed. Since there is less evidence

signi?cant values for $0..
One interesting aspect of S0. is that different choices for
a Will result in different calculated values for $0.. HoW is the
value to use for 0t selected? This question exists in other
applications of statistics, as Well. In most cases, 0t is simply
chosen according to hoW certain the researchers Want to be

and is not possible to calculate directly. Despite the fact that
it can’t be calculated, it does exist for every pair of users.
recommendations.

Were involved. This demonstrates the manner in Which the

for unusual similarity of tastes in cases Where Joe and
Martha simply agree With most other people than in cases
Where they agree With each other but disagree With most
others, it is ?tting that the latter case tends to result in more

addition, assume that George and Mary have a very large
number of movies that they’ve both seen, but, on average,
only shoW a slight agreement on each one. The system puts
a bound on $0.. This bound, Which is approached asymp
totically from above as n increases, is S. As discussed earlier,
S connotes the actual degree of similarity betWeen the users,

Thus, the computed similarity value behaves as expected
and preferred in order to choose people to give meaningful

each case, both Joe and Martha assigned 4 stars. Assume the

speci?c distances are 0.3, 0.25, 0.22, 0.21, and 0.20. The
procedure used earlier to ?nd SO. Would result in Sot=0.25,
rather than the 0.15 found before Where more typical movies

example:

60

source of information. Suppose Joe and Martha have seen 5

movies in common, all of Which are extremely popular
movies that almost everyone loves. Suppose further that Joe
and Martha agree With each other (and most other people) on
each of those movies. NoW consider George and Mary, Who
have 5 movies in common that appeal to quirky, unusual
tastes. They agree With each other on each of those movies,
but feW other people agree With the tWo of them. It is
obvious that the second case provides more evidence that the
tWo users have unusually similar tastes than does the ?rst

65 case. And users With unusually similar tastes are the ones

Who should be providing recommendations for each other.
The present invention takes this information into account.

5,884,282
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After computing similarity values for Joe With respect to

An inference about this population can be made. If it is

other users in the database, a subgroup G is chosen Which is
used to make recommendations to Joe. In one embodiment,
G is chosen based on a percentage of the total number of

certain that most of those Who are very near to Joe in taste

Would rate the movie at least 31/2 stars, for instance, then the
system can reasonably assume that Joe Will, as Well: after all,
he is just one more member of the population of people very
near Joe in taste. Let’s call this broad population of people
Who are very similar to Joe G. Suppose some rating R is
chosen and We assume that it is as likely his rating for the
movie in question Will be beloW R as it is that his rating Will
be equal to or above it. This assumption Will be the null

users, tWo percent for example. In other embodiments,
different percentages are used, and minimum and maXimum
numbers of other users can be required. Further, G can be

chosen by other techniques besides a percentage, and the
invention is not to be limited thereto.
Once the group G of users Who are close to Joe in taste is

chosen, the task of using G to make recommendations
remains. The goal is to assign ratings to movies in such a
Way that to be very con?dent that Joe Will actually enjoy the
most highly-rated movies. Thus, tWo factors are taken into

hypothesis. (These R’s are not necessarily numeric; most
ratings systems Will consist of numbers—the common
movie rating system is an eXample of this—but others may

account.

The ?rst is the general tendency of members of G toWard

15

RU. can noW be de?ned. R0. is the greatest hypothesiZed
R Which can be rejected With con?dence level 0t. If there is
no hypothesiZed R that can be rejected With con?dence level
0t, then R0. is 0.

rating the movie either positively or negatively. Obviously,
if the tendency is to rate the movie very highly, that is a

movie the system should consider recommending.
The second factor is the con?dence level. If for instance,
only tWo members of G have seen the movie, then, even if

Say there are m possible ratings (for the movie example,
m=9, since there are 9 possible ratings in the sequence 0, 1/2,

both of them assigned the highest possible rating, it may be
that there is still not enough reason to be con?dent that Joe
Will also love it.
In order to simultaneously handle both of those factors, a
technique similar to that used for computing S0. is used to
compute a measure of appropriateness for recommendation

be verbal; they do, of course, have to be orderable.)

1, . . . , 4). Let go be the number of members of G Who

assigned the loWest possible rating, g, the number of mem
25

be
berstheoftotal
G Who
number
assigned
of members
the neXt loWest
of G. rating, etc. Let
The steps are as folloWs. Compute

value, Rot. The calculations are based on a con?dence level,
0t, although a different value for otcan be chosen When

computing RU. than for computing 50..
FIG. 5 provides more detail for step 66 of FIG. 1,
recommending an item to the ?rst user based on subgroup

ratings. In step 77 m is set to the number of possible ratings
for an item and in step 78 recommendation value R and
indeX i are initialiZed to Zero. In step 79, i is set to the value
of gm, Where gm initially is the number of users in the group
G that has provided the highest rating in the group. A sum

If the results is less than or equal to 0t, then R0. is the mth

(greatest possible) rating. If not, compute
35

of the probabilities associated With the highest rating is
computed in step 80. The sum is then compared against
con?dence level 0t in step 84. If the sum is less than the
con?dence level, then a recommendation level is set to the

If the result is less than or equal to 0t, then R0. is the (m—1)th
rating. Continue in this manner until there is a sum less than
or equal to 0t or have done m—1 tests. Practically speaking,

m”1 rating in step 86, Which is the highest rating in the ?rst
cycle. If the sum is greater than or equal to the con?dence
level, and (m—1) tests have not been completed as tested in
step 88, then the neXt i value is computed and m is
decremented in step 90. The indeX i is computed so that for
each cycle, the number of users in group G giving the neXt

the system can stop before doing m—1 tests. If R0. is the

greatest possible rating, then it be very con?dent that Joe
Will enjoy the movie. If the second greatest possible rating,
45

highest rating is included. In other Words, for each cycle the
neXt highest rating is included in determining the probability

Why not restrict recommendations to the movies With con

?dence Joe Will like very much? So, after a certain, point, the
system can stop testing. Of course, the system need not

in step 80. In step 80, the neXt probability sum is computed

for the highest rating and the neXt highest rating together and

calculate cumulative binomial distributions over and over

so on until (m—1) tests have been completed or the sum is

less than the con?dence level. In step 84, When the sum has
been determined to be less than or equal to the con?dence
level, in step 86, the recommendation level is set to the
loWest rating for the item that has been included in the
computed sum of step 82.

again. They can be stored in lookup tables in RAM.
R0. is a recommendation level, or value. While, in a sense,
55

it could also be thought of as an estimate of the rating Joe
Will give When he sees the movie in question, it is not the
best possible such estimator. The reason for this is that R0.

is very demanding of a high degree of con?dence. RU. Will
only correspond to one of the top ratings if there is a great
deal of evidence (depending, of course, on the chosen 0t) that
members of G‘ tend to rate the movie highly. For instance,
say 210.15, and say (contains 9 ratings from users Who have
seen movie A: 0, 1.5, 2, 3, 4, 4, 4, 4, 4. Since

Determining a recommendation level or value as shoWn in

FIG. 5 is further described beloW in the continuing eXample.
As stated above, G is the group of people in the database
Who are very similar to Joe in taste. G can be a sample from

a much larger population: the population of people in the
universe, the vast majority of Whom are not in the database,
Who are very similar to Joe in taste. G might be generated
to contain the closest 2% of the people in the database, or
another percentage could be used (When the number of
people in the database is very small, it Will be preferable to
use a larger percentage for G, say, 30%).

it can be slightly less sure, etc. If R0. is the middle rating or

beloW, the system may not even consider recommending it;

65
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is greater than 0.15, RU. isn’t 4. Since

One Way of generating a projected rating is to compute a

Weighted average of the ratings supplied by the members of
G. Or a projected rating based on the median of the ratings
supplied by members of G can be more appropriate. Every
one Who vieWs a particular movie has a certain level of

enjoyment of that movie. These levels are captured by the
ratings, but in fact the possible levels of enjoyment are

RU. isn’t 3. But

in?nite and there are only a ?xed number of ratings. So users

Who assign the same rating don’t actually feel exactly the
10

seventh greatest user-supplied rating for users in G).

enjoy the movies recommended by the system is desired, the
system Wouldn’t recommend that movie.
Let’s look at another example, movie B. In this example,

on the unit interval Would be far more able to capture the

reality than a discrete, 4-star ratings system is.
Suppose that the actual, real-valued level of enjoyment of
the movie in question for the members of G could be

therefore R0. is 2 (2 is the star rating associated With the
It is clear that 2 isn’t the best estimate for Joe’s star rating.
After all, the average rating is 2.94, Which is far closer to 3
stars. But R0. is nevertheless quite meaningful for making
recommendations. The movie in the example above is
probably a movie that Joe Would like; but there isn’t enough
data to be con?dent of that. So, if con?dence that Joe Would

same Way about the movie. Asystem involving real numbers

15

captured. Then those users can be ordered from loWest
enjoyment to highest. Since G is a group of people Who are

clustered around Joe, his most likely level of enjoyment
Would be close to that of the middle member of the group—

in other Words, the median.
20

Suppose, as in the earlier example, that We have collected
9 ratings from members of G 5 of Which are 4 stars. The

there is the exact same distribution of ratings, but tWice as

median real-valued rating Would be the ?fth from the top,
Which Would be in the top ninth. So it Would correspond to

many of each one: 0, 0, 1.5, 1.5, 2, 2, 3, 3, 4, 4, 4, 4, 4, 4,

4 stars, even though 4 other users ranked the movie beloW

4, 4, 4, 4. Since there are 10 4-star ratings, start be calcu

lating

25
1s

2 b(i, 1s, .5),

technique has the draWback of ignoring the magnitudes of

'-10

the ratings, and that using that information involves com
30

Which is 0.407; so RU. isn’t 4. But

account the fact that tWo of the ratings are quite loW. This is

very different from the projected rating of 4 Which results

E b(i, 1s, .5) = .119,
i=12

35

from the median-based method.
HoWever, it can be argued that it is really the average

based method that is “ignoring” the actual levels of enjoy
ment. According to the average method, everyone assigning

Which is less than 0t; thus We have Rot=3.

Note again that the distribution of ratings is the same for
movie B as for movie A; the only difference is that there’s
more evidence (in the form of more collected ratings) in the
second case. So even though both cases have the same 40

average rating, the con?dence level or value is higher that
Joe Would enjoy movie B than movie A; so it’s appropriate
that R0. is greater in the case of movie B. It’s also important

4 stars felt exactly the same Way. 4 stars usually has the
meaning, “excellent.” The fact is, that there are many
different levels of enjoyment that fall Within the Word

“excellent,” ranging from “slightly better than very good” to
a truly Wonderful, utterly life-changing experience. If the
system bases computations on the star-ratings themselves, as
When taking an average, the true situation is distorted by

to note that more evidence (ratings) doesn’t cause R0. to rise

inde?nitely; its upper limit is the least rating, supplied by a

puting an average rather than a median. For instance, the

average rating in the example is 2.94, since it takes into

18

member of G, that is equal to or above the median of the

4 stars. Thus, 4 stars Would be the projected rating.
But the system does not need these real-valued ratings.
Using the median of the discrete ratings from a usual rating
system gives the same effect. It may be argued that this

45

pretending that such different levels of enjoyment don’t
exist. One Way to avoid this distortion is to rely on the
median rather than the average.
The members of G are ordered in increasing value of the

ratings in G.
It may be desirable that users of the system never see the

R0. that is associated With a given movie. It Would be

misleading With respect to the actual expected goodness of

ratings they supplied for the movie in question. Further,

With an average rating (in G) of 2.94 Was assigned Rot=2.
Instead, R0. is ideally used solely in determining the order of
suggestions. The movie With the highest RU. Will be the most
highly-recommended movie the movie With the next highest
RU. Will be the next most highly-recommended movie; etc.

those Weights depend on that user’s distance from Joe. Let
Wi be the Weight associated With the ith movie in this
ordering. Let j be the nearest integer to ZIWi/HGH; then j is our

the movie—as in the case mentioned above Where a movie 50 suppose a computed Weight for each member of G, Where

55

Often, these recommendations Will take the form of a list
With the most highly-recommended movies appearing at the

be determined by means of genetic algorithms discussed

top.
It is quite possible to build a functioning ACF system

Without displaying speci?c projections about What rating Joe
is most likely to give. Indeed, displaying such projected

60

beloW.
It may be desired, in a particular implementation of the
invention, to make recommendations in an order determined

by the projected ratings (RP) rather than in an order deter
mined by Rot. In fact, if the system does display RP, it could

ratings may be confusing, because levels of con?dence
(manifested in the preferred embodiment in the form of R0.)
may lead to a movie With a loWer “most likely rating” than
another movie to be more highly recommended than that

“Weighted median”, and the rating associated With the jth
member of G (again using the ordering de?ned above) is the
projected rating. Optimal Weights Wi, for each distance can

be confusing to order them in any other manner. If
65

is
even, then RP may not be betWeen tWo valid ratings rather
than a valid rating itself; in that case, it Would still order the

other movie. HoWever, in a particular ACF system, it may

movies by RP, but it might display the ?rst valid rating above

nevertheless be desired that projected ratings be displayed.

the invalid rating. Another reason to order the movies by RP

5,884,282
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is to make more interesting, but more risky, recommenda

that the invention focuses on movies should in no Way be
construed to limit the scope of the invention to movies.

tions than Would be made using Ra.

If the system is ordering the ratings by RP, there are other
Ways to integrate the information represented by Ra. One

Of course, many rating systems could be used; the 4-star
system frequently referred to herein is merely an eXample.
Some considerations: the more possible ratings there are, the

Way Would be to annotate the list of recommendations such
that the Words “high con?dence” appear neXt to each movie

more information the algorithm has to Work With. In this
sense, a 10-star rating system Would be better than a 4-star

Where Rp=Ra. Other, similar techniques can be easily envi
sioned.
One modi?cation is to compute both the “Weighted

median” and the Weighted average of the ratings supplied by
members of G, and then calculating a Weighted average of

system. On the other hand, the more possible ratings there
are, the more confusing the system is for the user. It becomes
10

possible ratings that Will mean the same thing to all users.
Thus, Ra and RP and Sa are computed. Sa is an appro
priate measure for ?nding people Who are similar in taste for

those tWo ratings. It is possible that in some or most

real-World situations, this Would produce the most reliable

projected ratings. (As in the other cases, the Weights for this
?nal step could be determined empirically.) Parameters can
be tested to improve the system. There are three numbers

15

movie from each user, and pretending that the user hasn’t
seen it yet. Then Ra is generated for that movie. So, the
system calculates one recommendation level for each user in
the database; it Will be associated With a -randomly-chosen
movie.
One goal is to make sure that the most highly
recommended movies are reliably going to be movies that
the user Will enjoy. Anumeric measure is desirable that tells
hoW Well this goal has been met by a particular set of

parameters. A good measure is to compute Weighted average
of the actual ratings for the selected movies, using Ra as the
Weights. Call this number RWA. Let the actual rating for the

20

2 Rain

E

t-

qua ion

4

2) The ratings supplied by Joe and Martha for each movie
they’ve both seen.

3) The number of movies they’ve both seen.
Similarly, Ra and RP are meaningful values for the recom

mendation level, and projected rating, respectively.
25

Genetic algorithms (GA) can be used to generate Weights.
GAs are based on evolutionary theory Which alloWs a

maXimal solution to a problem to be achieved by ?nding the
best values for the relevant parameters. GAs are in common

use today in solving practical problems. GA’s require a
30

chosen movie for user i be ri, and let the associated Ra be
Rai. Then
n

purposes of predicting each individual’s future likes and
dislikes, since it meaningfully incorporates a great deal of
the relevant information into one number. This information
includes:
1) The distribution of ratings across all users in our
database for the movies seen by both Joe and Martha.

Which have to be chosen; tWo these are the a’s related to Sa
and Ra, as and aR. The other is the siZe of G. In order to

optimiZe these parameters the system tests the goodness of
each set of choices. This is done by randomly choosing one

very dif?cult to give distinct meanings to the different

“?tness function” to eXist Which can provide the “goodness”
of a particular set of parameters. The goodness is the average
of the absolute values of the differences.
Modeled after biology, a set of parameters is called a
chromosome and is encoded as a string of bits. We start With

35

a population of, say, 100 chromosomes. Each chromosome
is tested using the ?tness function. TWo of the best
performing chromosomes are then chosen to be “parents”;
the information in each of them is combined into an

Different values for as, aR, and the siZe of G could be tested,
using the actual data collected from users, and the combi
nation giving the greatest value for RWA Would be the one
used. It is quite possible that, as a system is in use for a
period of time, the best values for as, aR, and the siZe of G
Will change as the siZe of the database groWs.
The system could choose to only test values for as and aR
that are multiples of 0.1; this Would mean there Would be
feW values to test, and a solution could be found relatively

offspring, Which is then put into the population. Poorly
40

so that the population siZe remains constant. Mutation can

occur during reproduction. Over time, the chromosomes in
the population become better and better; evolution is taking

place.
45

be found by means of such optimiZation strategies as simu

lated annealing and genetic algorithms, but such searches

As Well as ?nding optimal values for as, aR, and the siZe
of G, GA’s could be used to create a RAM-based table

quickly. Alternatively, former gradations of as and aR could
Would be likely to be more CPU-intensive.
Another possibility Would be to not search for the best
values for as, aR, and the siZe of G at all, but to instead
simply use “reasonable” values. For instance, up to a popu
lation of 10 users, as and aR, could each be 0.4; up to 100
users, as and aR could each be 0.3; up to 1000, 0.2; up to

performing chromosomes are pulled out of the population,

50

Which could translate various values of Ra into Weights to
be used in generating recommendations. To do so, a method
for encoding such a table into a bit string is required.
Suppose We Would like a table With 50 entries. For instance,
the ?rst element of the table might represent so that Ra

values in the interval (0.0, 0.01], the second (0.01, 0.02], etc.
up to (0.49, 0.50]. The table entries Would be the Weights.
55

One approach Would be to simply encode the table as 50
?oating point numbers. But this Would be an extremely

inef?cient encoding scheme, requiring thousands of bits.

10,000, 0.15; and above 10,000,.1. (The idea is that When

The more bits there are, the more dif?cult a problem is for

there is less data, it is much more dif?cult to achieve high

the GA to optimiZe. Thousands of bits is out of the range of

con?dence levels; by choosing relatively high numbers for
as and alR, the system takes that fact into account.)
Similarly, the siZe of G could be 30% of the database up to
100 users, 20% up to 1000 users, and 10% after that.
The invention is described in the conteXt of recommend

reasonable possibility. Also, such an encoding Would ignore
60

the fact that We can con?dently eXpect that the best table Will

have Weights that decrease as Ra increases. By using this
knoWledge in the encoding scheme, We can greatly increase
the ef?ciency of the evolutionary process.

ing movies. Of course, nearly any subject matter Where
In an exemplary embodiment, 49 bits are allocated. We
individual tastes are involved is a possible target for the 65 assume that the ?rst Weight, corresponding to the interval
present invention. Recommendations can be made in the
(0.01, 0.01], Will be 0.1, and the last Weight, corresponding
?elds of music, books, restaurants and other areas. The fact
to the interval (0.49, 0.50] Will be 0. The 49 intervening bits

5,884,282
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represent the other 48 array entries. Any bit can be either 1
or 0. If the th bit is 1, then the k th array entry Will be the
same as the (k—1)th. If the th bit is 0, then the k th array entry
Will be one step loWer than the (k—11)th. The siZe of the
steps Will be determined by the total number of bits that are

rTj, as de?ned above, is not the only Way to transform

ratings so that they incorporate information about the overall
distribution. The de?nition involves a
‘Ii
2

set to 1. If the number of bits set to 1 is m , then the step siZe

Will be 1/m. There can be any number of steps (up to, of
course, 49). This encoding Will give a Way to ef?ciently use

term in each case; alternative transformed ratings could set

GA’s to evolve a table of Weights.

that term alWays to 0 or q; or even a random number

The algorithms for computing $0., Rot, and RP should not

10

also possible.

be construed as limiting the scope of the invention to that
described. One skilled in the art Will realiZe other embodi
ments Within the scope of the invention. For instance, based
on a probability of 0.5; the de?nition of S says that it’s as

likely that the distance associated With a randomly chosen

15

movie Will be above S as equal to or beloW it. Another ratio
could be used instead; for instance one could say the

used With a recommendation service on the World Wide

or equal to S. In fact, one probability could be used in

the normal approximation to the binomial.
One aspect of the invention is that the category of
information represented by the number of movies seen by
the tWo users can be properly handled by choosing a level of
con?dence, and then ?nding a degree of closeness Which the

20

Web, for instance, input Will usually be through a computer
keyboard and output Will be through a video display screen
or liquid crystal screen. Kiosks could also be used, Where the
input Would be by means of a computer touch screen. Such
kiosks could communicate With a central database through

25

the Internet; indeed, their interfaces could be Written, for
instance, in HTML or Java. In another embodiment, the

invention is available through televisions. Avery convenient
input device for ratings in a home television vieWing conteXt

system can be certain of up to that level of con?dence. In the

preferred embodiment, the level of con?dence is given by 0t
and the degree of closeness if given by S and R. But other
degrees of closeness could be used as Well. Indeed, any

There are many other possible Ways to incorporate this
type of data. But the process is to compute the distribution
of ratings, and then use that distribution in further calcula
tions; any methodology that combines these tWo steps falls
under the scope of the present invention.

Different applications of the ACF technology described
involve different types of input and output devices. When

probability is 0.4 of being above S and 0.6 of being beloW

generating S and another in generating R. Also, other
distributions than the binomial could be used; for instance,

betWeen 0 and qi. Any number of other modi?cations are

Would be a set of buttons, a slider, or some other input means
30

integrated into a television remote control. This Would

methodology that uses a statistical argument to determine a

enable a vieWer to enter a rating for a movie or TV shoW

degree of closeness betWeen tWo users that is associated
With a ?xed con?dence level comes under the scope of this
invention.

Without leaving his seat and While the experience is still
fresh in his mind. In most cases, such ratings Will be
uploaded to a central database for regular ACF processing,

Another aspect of the invention is computing the propor
tion of users Who provided each rating for a given movie.

35

although they might be stored locally temporarily.

40

As a means for more efficient processing, cluster analysis
can be used. Standard cluster-analysis techniques such as the
K-means algorithm can group users together so that a large
database could be reduced to a small number of clusters—
say, 100 or 1000. The task then essentially becomes to

This alloWs us to estimate the overall distribution; an

estimate of this distribution is very useful in calculating
meaningful estimates of distances betWeen users.
Let qi be the estimated probability of a randomly chosen

determine Which cluster (or clusters) Joe is closest to. This

member of the population assigning the ith rating for the
movie in question, as estimated by calculating the propor
tions of users Who actually assigned each rating. Then let
ql

Equation 5

i=1

speci?c measure to be used as a distance: 50.. This measure
45

forj = 1

T
rT/-=

could involve far feWer comparisons then is the case When
dealing With the population as a Whole. This presents a
could be used as the distance betWeen clusters. Euclidean
distances or other distance measures could be used instead.

After determining Which cluster(s) Joe is closest to, We
could simply say that his projected rating for a movie is the

I

_2 111,4? , forj>1

average Weighing for people in those cluster(s). If it is

]_

be the transformed rating.
In the eXample, the j’s range from 1 to 9:

50 chosen to use more than one cluster, a Weighted average

could be computed Where the Weights depend on the clus
ters. Any number of methods eXist for computing the

Weights.
TABLE II
Star rating Percentage of Population
no stars

1/2 star
*

A projected rating could be computed based on RP, or a
Transformed Rating (rTj)

55

look at the individual ratings of all the people in the chosen
cluster(s). These people Would comprise G as described

3

4
10

"V2
96 96
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continuous.

above.
FIG. 6 is a high level How diagram shoWing the process
ing steps in a further embodiment of an ACF system in

accordance With the present invention. More particularly,

96 961/2

rTj- is continuously-valued, so differences in rTj’s Will also be

recommendation level based on Rot. To do this, We Would

FIG. 6 shoWs processing steps associated With an alternative
technique for determining a similarity value as shoWn in step
62 of FIG. 3.
In step 200, the user database is searched to determine if
the ?rst user has provided any ratings for an item in the
database. If the ?rst user has not yet provided any ratings

5,884,282
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then a similarity value for the ?rst user can not be deter
mined sine there is no basis to compare the ?rst user With
any other user in the database. Once an item that the ?rst

rating to the movie as approximated by the percentage of the

population that actually assigned that rating. The jth trans
formed rating may be denoted rTj. Thus, taking values from

user has provided ratings for is located in step 202, the
system determines if a second user has also rated this

Table II, indeX i=1 corresponds to a rating of no stars and
ri=3% or 0.03. The transform rating for the j [,1 index may be

particular item in step 204. If the second user has not rated

represented as Rn. The transformed rating RT]- is computed

the item, then in steps 206, 208 another item is located that
the ?rst user has provided ratings for. Alternatively, if the
second user did not provide ratings for the particular item,

as:

the system could attempt to locate another user that has rated

the item, instead of locating another item.

Equation 6
i 1

10

in Which

If the second user has rated the item, in step 210 a median

j=a selected rating; and
rTj=a transformed rating for the jth rating;

transformed rating (MTR) is computed for the current item.
Then in step 212, a test statistic is computed based on the
?rst user’s MTR and a range of possible randomiZed trans
formed ratings (RTR) for the second user. The current value
for the test statistic is then added to the value in test statistic

accumulator in step 214. Processing then ?oWs back to step
206 Where it is determined if the ?rst user has provided
ratings for another item. If not, then in step 216, the
similarity value is computed from the value in the test

qi=the probability that a randomly chosen member of the
15

20

statistic accumulator. Thus, there is a test statistic for each
common item With respect to the ?rst user and the second
user. The similarity value for the ?rst user With respect to a
given second user is determined from the test statistics for
the common items.

population Will assign the it,1 rating.
In this particular eXample, the i’s range from 1 to 9 since
there are nine possible ratings for the movie. For eXample,
to compute the transformed rating for the ninth rating (i.e.,
four stars), j=9 and the summation in Equation 6 goes from
1 to 9. Table III beloW shoWs the transformed rating values
RT]- for each of the ratings for the movie in question.
TABLE III

25

Percentage of

Rating r (star system)

Population (‘70)

Transformed Rating (rTj)

The ACE system of FIG. 6 is described in further detail
beloW for an exemplary ?rst user Joe. As in the previous

110 Stars

3

-O3

users
eXample,
and the
provide
system
a recommendation
Will determine a to
subgroup
Joe based
of similar
on the

fstar
*1/2

13

:30

ratings provided by the users in the subgroup.
30 **
To calculate hoW similar Joe’s taste in selecting items is

15
17

.45
52

to some other user, the system considers those items for

NW2

3

‘Si

Which Joe and the other user have both provided ratings. Joe

We».

6

:0

must have at least one item in common With the other user.

If Joe and the other user rate most movies similarly, then the 35
tWo users can be judged to have high resemblance as
.

.

.

.

.

adding a uniformly distributed random number to each

indicated by the computed s1m1lar1ty value.
.

Th t
f
d
t,
th
b
d
_ d b
.6 ransprme ra.mg.s can
en 6 ran OmlZe
y
.

. .

.

.

transformed rating to form randomized transformed ratings

For slmphclty’ assume that Joe and another user (Say’

(RTRs) The random number is uniformly distributed

Martha) have just one movie in
_ common. That is ’ While the

betWeen' Zero and the percentage of the population
that

database ha_s a number of fatmgs Stored for each of these 40 assigned a particular rating. As is discussed at later time,
users> there 15 only one tnovle they have both Seen and rated'
only the range of possible RTRs need be ascertained. It is not

For thls example, J0? 15 th_6 ?rst user for Whoth the_A_CF

necessary to compute the actual RTRs but it is helpful in

system of the present invention ?nds other users With s1m1lar
understanding the invention The RTR can be a random
preferences. Second user Martha is a candidate for similar
Variable de?ned as follows;
preferences. In this eXample as before, the item to be 45
recommended is a movie, but the invention is not limited
U_
in: 1
Equation 7
thereto. In an illustrative rating system, the movies are
R]:
I
assigned ratings betWeen 0 and 4 stars in increments of 1/2
W61) + U1‘ If] > 1

Star—a total of hlhe Phsslhle rat1hg5_> a dlscrete hatlhg

in Which U]- is a uniformly distributed random variable

systeth- The ratlhgs P_r0‘_’1dedhY the ehtlrf’ Populatloh m the 50 betWeen Zero and the percentage of the population that
database for the movie in question are distributed as shoWn
in Table II

assigned rating j_
TABLE IV

TABLE II
55

Ratings (star system)
no stars

1/2 star
*

*1/2

Percentage of Population %

Percentage of

Star Rating

3

no stars

4

1/2 star

10

13

*

60 *1/2

Transformed Random Number Typical

Population

Rating

Upper Limit

RTR

3

.03

.03

.0257

4

.07

.04

.0412

10

.17

.10

.1532

13

.30

.13

.2597

**

15

**

15

.45

.15

.4368

**1/2

17

**1/2

17

.62

.17

.4721

***

20

***

20

.82

.20

.7055

***1/2

12

***1/2

12

.94

.12

.8743

MW

6

****

6

6

.9871

1.0
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The percentage of population represents the probability
that a randomly selected user Would assign a particular

The eXact upper limits of the range of possible RTRs
themselves are eXcluded.
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Median transformed ratings (MTR’s) are then computed

If, on the other hand, jil/z, then P is in the interval [0.1,

to locate a rating given by the ?rst user in the median of the
group associated With a particular rating. The MTRs are

oz] if and only is Q is in the interval [1—ot1, 1-0.2]. Either
Way, the probability of P being in A is a.

2) ACC

de?ned as follows:

In order for P to take on a value on the interval A When

ACC, Q must take on a value in either one of the folloWing
tWo intervals:

Equation 8

A MTR column is then added as shoWn in Table IV:
10

TABLE IV

Percentage
of

Transformed

Random
Number

Typical

Population

Rating

Upper Limit

RTR

Star

Rating

15
no stars

1/2 star
*

3

.0257

4

.0412

and there is no other Way P can take on a value in A. NoW,

10

.1532
.2597

due to the fact that Q is uniformly distributed on the unit
interval, the probability of Q being in one or the other of
these tWo intervals is ot/2+ot/2=ot.

"1/2
9696

.4368
.4721

96961/2
969696

20

.7055

3) AQCAZJ and AHEAD.
In other Words, A is partly in one interval and partly in the
other.

.8743
.9871

In that case, We can divide A into tWo subintervals and

consider them separately as above. Let AC=[otC1, otcz] be

It Will thus noW be appreciated that if users and movies
are selected at random from the database, the randomiZed 25 AUC, and let AF=[otF1, an] be AQF.
Then the probability of P falling in A is Prob (PeAC)+
transformed ratings (RTR’s) as de?ned above have a uni
(PeAF).
NoW, the argument for (2) above shoWs that
form distribution on an interval [0,1], at least to the eXtent

that the assumptions about the overall distribution of dis
crete ratings for the given movie are accurate. Performance
improves as the number of entries in the database increases.
NoW de?ning p as the probability, With respect to a
particular movie, that a randomly-chosen third user’s RTR

acr

aCZ

2

30

Will be at least as close to Joe’s MTR as Martha’s RTR is,

let j represent Joe’s MTR for this movie and let m represent
Martha’s RTR. Then p the probability can be computed as
folloWs:
Case 1
P=

m,

ifj < m, and not Case 1

Case 2

1 — m,

if not Case 1 or Case 2

Case 3

35

Similarly the argument for (1) above shoWs that Prob

(peAF) =O'F2_O'F1

Equation 9
40

Let Q be a random variable Which takes on Martha’s
possible RTR’s; let P be a random variable that takes on the

values of the corresponding p’s. For any ?Xed j, P takes on
a uniform distribution on the closed unit interval if Q is 45

uniformly distributed on that interval. And, under the null
hypothesis, any RTR is uniformly distributed, so Q is. It is

Because the probability p is uniformly distributed on the
unit interval, the probability p can be interpreted to be a
p-value. Let (I) be the standard normal cumulative distribu
tion function; in other Words, if Z is a Z-score, then (I>(Z) is
a p-value. The inverse of this function can also be used. That
is, if q is a p-value, then (I>_1(q) is a Z-score.
An eXpected Z-score can then be calculated. Let S=[s1,s2]
be a closed subinterval of the unit interval. Let each point
seS be a p-value. To every point s there corresponds a

Z-score, given by (I>_1(s).

shoWn beloW that P takes on a uniform distribution on the

closed unit interval.
In order to prove that a random variable is uniformly

Let Z denote a random variable representing the Z-scores
50

generated by points on S.

As is knoWn to one of ordinary skill in the art, the
distributed on a certain interval, it is suf?cient to shoW that
eXpected
(mean) value of such Z-scores is given by
it is just as likely to assume a value in one subinterval as it
is to assume a value in any other subinterval of equal siZe.
1 yl 2
1 yz 2
,_
,_
Equation 10
We Will shoW that the probability of assuming a value in a
E
Z
=%
_
subinterval of length a is 0t; of course, this Will prove the 55
( )
J 2712 (52-51)
proposition that P takes on a uniform distribution on the
closed unit interval.
The previously calculated p’s occur on a subinterval of

Assume A=[(X1,(X2] is a subinterval of the unit interval
such that (x2—ot1=ot, Let C be the set of points on the unit
interval that are “close” to j. By close, We mean that

the unit interval. This subinterval is determined by the

ratings provided by Joe and Martha. For instance, using the
60

C={ce[0, 1]||j—c|§min (j, 1—j)}.

earlier eXample and the values from Tables II—V, if Joe rated
the current move 1 star and Martha assigned it 4 stars then
Joe’s MTR is 0.12 and Martha’s RTR is on the interval

Let F be the set of points on the unit interval that are “far”

from j. In other Words, F={fe[0,1]|f ¢C}.

[0.94,1). It should be noted that the upper limit, here 1, is not

There are tWo subcases to this case.

included in the interval. Thus, the probability that a ran
domly chosen third users RTR Will be at least as close to
MTR as Martha’s RTR de?ned as p is also on the interval

Ifj<1/z, then P is in A if and only if Q is in A.

[0.94,1).

There are three cases to consider.

1) ACF.
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