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Abstract 60%
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Filling-in techniques are important, since missing values
frequently appear in real data. For categorical or numeri-

cal values, such filling-in techniques have been established. 80%

Though lists of ordered objects are widely used as repre- 20%

sentational forms (ex., Web search results, best seller lists),
filling-in techniques for orders have received little attention.

Therefore, we propose simple but effective technique to fill- 0%

in missing objects in orders. We empirically show its effec-
tiveness by building-in this technique into our collaborative

filtering system.
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Figure 1. Distributions of rating scores ob-
tained by the SD method

1 Introduction
ing orders have received little attention. Filling-in missing

We propose a technique for filling-in missing objects in ©objects in orders is one of such processing tasks. This task
orders. We empirically show its effectiveness by building-in iS important, since missing values are frequently observed
this technique into our collaborative filtering system. in real data. Specifically, given samples of orders, we pro-

An order is a sorted sequence of object& and 0n|y the pPose a method to determine the rank of the object, which
determination which object precedes the others is meaningis not appears in one sample orders, in the order based on
ful. Before discussing orders, we must draw attention to a the summaries of samples. This is an analogy for filling-in
notion of Stevens’ Scales of Measurem§gR], which is a missing values in the other levels of scales by the modes or
classification of scales into four levels: ratio, interval, ordi- the means of samples.
nal, and nominal. A ratio (ex. length) and an interval (ex. = We were motivated to develop our filling-in technique
time) indicate numerical scales with and without the origin, to perform better recommendation in collaborative filter-
respectively. Nominal scale represents categories. For theseng. Collaborative filtering CF for short) is a framework
three levels of scales, many analysis or processing methfor recommending the items anticipated to be preferred by
ods have been developed. However, in terms of an ordinalthe users [21]. It is required for performing this CF task
scale, a few attempts have been made. Lists of ordered obto measure users’ preference. We first show that orders are
jects are widely used as representational forms. For examdit for measuring the quantity of sensation, such as, prefer-
ple, Web search engines return page lists sorted accordingnce, taste. To measure users’ preferences, almost all the
to their relevance to queries. Further, best seller lists, whichCF methods adopt the Semantic Differential (SD) method
are item-sequences sorted according to selling volume, ardg18]. In this method, the users’ preferences are rated using a
used on many E-commerce sites. Processing methods foscale on which extremes are represented by antonyms. One
orders are also useful for information retrieval [4, 7]. In example is a five-point-scale on whittand5 indicatedon’t
order to improve search results, users’ feedback is consid-preferandprefer, respectively. To treat the acquired ratings
ered. To obtain feedback information, the systems requestas interval values, the two assumptions must be introduced;
users to specify which documents are more relevant than‘The total lengths of all the scales are equal” and “All the
others. In spite of their importance, the methods of process-intervals of one scale are equal.” However, it is commonly
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difficult for users to quantify their own sensation so as to by sub engines [5]. Freund et al. developed the boosting for
satisfy these assumptions. To show this difficulty, we de- orders [6].

pict the distributions of rating scores obtained by the SD

method in Figure 1. The black bars show the distribution of 2 Filling-in Missing Objects in Orders

our sushi preference survey, and the white bars show that of

scores rated by Amazon.com custometgnder the above
assumptions, these distributions should ideally be unimodal
and symmetric, but the real distributions might be highly
skewed and non-unimodal. Additionally, the SD method is 21 Basic Notations
often affected by psychological rater effects. One example

is a leniency effect, which is the phenomena that some re- We first give basic notations. An objeet corresponds

spondents tend to give more lenient (i.e., better or higher)to an obi : .

) e : ject, entity, or substance to be sorted. The universal
scores th.an the true sensation. Such shifts in ratings Wereobject set,X*, consists of all possible objects. The order
reported in [1]. L . is denoted byO=x1>x5> - >x3. The meaning of the

One alternative is the ranking method. Users preference rder, z,>xs, is “z, precedess,” The object setX; is
patterns are measured by response orders, which are lists ogomp,osed of' all the obijects in the order. Let | A| bezthe
objects sorted according to the degrees of the users’ prefer-Size of the set4, then| X, | is equal to the length of the or-
ences. We previously called a CF framework adopting the derO.. An ordér of all ébjects ie0; st X, = X*. is
ranking method byNantonac Collaborative Filterirg[8], caIIedz a complete order; othe}wise Zit is callled an ’incom-
and more appropriate items were recommended by adOptin%lete order. The ranIr(O:, x;), is the 1cardina| number that
this ranking method. However, it was not as advantageous; i-oioc the position, ofLEhé (;bjef:; in the orderO.. For
when the length of response orders were short, because i&xample r(Oy, 3), Os—a1 >3 iS 3. FOr tWo érders
becomes difficult to evaluate the correlation between users’O1 and 0’2 c%nsiéerZ an object pair, andz;, such that’
preferences. Such short responses can be easily collect bx xbeXlr’WXg rat1y. We say that {lhe ordeél andO,
using a Joachims’ procedure [7], thus it is fruitful to im- %’ A

. . are concordant w.r.tz, andxy, if two objects are placed in
prove the quality of recommendation for short order re- :
: T ) the same order, i.e.,

sponses. To achieve this improvement, we were motivated
to i_ntroduc_e the filling-in technique for orders and to test  (r(Oy,z,) — (01, 2))(r(Oa, 24) — (O3, 23)) > 0;
their effectiveness. _ .

In Section 2, we describe a filling-in technique for or- Otherwise, these are discordatt, andO, are concordant
ders. We show a task of nantonac CF in Section 3. Section 4f O1 andO, are concordant w.r.t. all object pairs such that

shows experimental results to test our filling-in technique. Za, 2s€X1N X3, Za# .

We describe basic notations and filling-in techniques re-
garding orders.

Section 5 summarizes our conclusions. We then describe the distanc&O,,0s), defined be-
tween two orders consisting of the same objects, i.e.,
11 Related Work X, = Xp(= X). we use well-knowrSpearman distance

ds(0g,0y) [12, 15]; this is defined as the sum of the
) . ~squared differences between ranks. The statistical property
~ We here describe processing of orders except for filling- of 7, have been well studied and its computational com-
in techniques. Cohen et al. [4] and Joachims [7] proposedmexity, O(|X|log | X]|), is relatively small. By normalizing

a method to sort attributed objects given in the form of {he gistance range to He1,1], the Spearman’s rank cor-
ordered pairs. Kamishima and Akaho [9] and Kazawa et yg|ation p is derived.

al. [11] studied a problem of learning from ordered item
sets. Sai et al. [20] proposed association rules between p—1- 6 x dg 1)
order variables. Mannila and Meek [14] tried to establish | X2 —|X|
the structure expressed by partial orders among a set of or- : S o :
ders. Kamishima and Fuijiki studied the clustering method . We below describe a task of f||||ng-_|n missing objects

; . in orders. Suppose to calculate the distance between two
for incomplete orders [10]. Lebanon and Lafferty discussed

Do . L orders,

the combination method for orders using conditional prob-
ability models [13]. Dwork et al. developed a meta-search Oy = 71=73-26 A0y = T5=73=T2>-76.  (2)
engine to combine the ordered lists of Web pages provided

— , _ The distances is defined between two orders consisting of
from the invited talk “Analyzing Customer Behavior at Amazon.com” the same objects but, and X, are not identical, that is
by A. S. Weigend at KDD2003 ’ e . . N .
2\\e would like to point out that the womiantonads originates from .to say, the both Orqers include missing objects; The miss-
a Japanese wordantonaku ing objects forO, (i.e., X, = {z|z¢0, A z€0,}) are



{z2, 25}, and those foO, are{x;}. Hence, it is not pos-  objects into the middle of the filled-in orders. In the case of
sible to directly calculate the distance betwé&znandO,. Equation (2), by inserting missing objects in the middle of
One way to overcome this difficulty is ignoring missing ob- orders, filled orders), andO,, are obtained:

jects and the distance is calculated over common objects, ,
i.e., X, N Xp. For example, by ignoring missing objects, 0
both of O, andO, are converted inta:;>x4, accordingly where~ denotes a tie in rank.

the Spearman’s distaneg = 0. However, useful infor- In [8], the efficiency of adopting default ranks was inves-
mation might be contained in these ignored objects, so ittigated. Unfortunately, default ranks were not found to be
would lessen the precision or the confidence in the calcu-effective. We had considered that the middle ranks in orders
lation of distances. Moreover, K, N X; = 0, all the represent the neutral values, but this might not be the case.
objects are deleted and the distance can not be derived. Ifor example, suppose that there is an object ranked at the
samples of orders were available, the ranks of such miss{owest in almost all the sample orders. If this object was

ing objects could be filled-in based on the summary staticsranked at the middle, the filled-in order would indicate that
of the samples. Such techniques would be highly benefi-the object is ranked relatively higher.
cial to the derivation of more appropriate distances between

orders. 2.4 A Default Order

X123 T2~TL5>L6 andO; = T5>T3>T1>T2>Tg,

~S

2.2 AnlIncomplete Order Set We finally propose our idea of default orders. In the case
of numerical or nominal variables, missing values can be

In a psychological statistics literature, these missing val- replaced with the summary statistics of samples, such as
ues are commonly processed by considering a set of ordersthe means or the modes. By analogy, we will fill the ranks
instead of a single order. We introduce the notion ofran ~ Of missing objects by using the centers of orders in sample
complete Order S&{15], which is defined as a set of orders S€t,S. This central ordeOs [15] is defined as
that are concordant with the given order. Formally(dbe ~ .
the order consisting of the object skt and X be a set of Os = arg N Z d(0;, 0).
missing objects. An I0S is defined as Qics

B ~ Note thatOs is composed of object¥ s = Up,csX;. If
ios(0, X) = {0;]O; is concordant withtD, X; = X U X }. the Spearman’s distance is adopted and all the sample or-

ders are complete, i.eX* = X;, ¥i, the central order can

Unfortunately, this idea is originally designed assuming that pe derived by sorting objects according to their mean ranks
| X7| is small, typically less thah. Therefore, this ideais iy sample orders [15]. However, since sample orders tend
not fit for large scale data sets targeted by the data miningyo pe incomplete in a practical situation, deriving the true
or the information filtering techniques. Because the size central orders is not tractable. Hence, we employ the Thur-
of ios(0, X) is | X'|!/|.X[!, which exponentially grows in  stone’s paired comparison method. This method is based on
accordance withX’|. Furthermore, there are some diffi- the model of the Thurstone’s low of comparative judgment
culties in calculation of distances. To calculate distance be—[23]_ This model sorts objects,, according to their scores,
tween two sets of ordersps, = ios(Oq, X,) andios, = which follow the normal distributionV (1, o). By apply-
ios(Oy, X3), the definition of distance has to be extended. ing the least square method to this model [17], fhei.e.,
One possible extension is adopting arithmetic average:  the linear transformation of the;, is derived as

1 r— L _p1 ;
d(ioscwiosb) = m Z Z d(Oz,OJ) 1 |1 X| ZCEEX @ (PI'[J:] >‘$])a (3)
Oi€iosa Oj€losy where®(-) is the normal distribution function. The prob-

ability that the object:; precedes:, Pr[z;>z], can be es-
timated by simply counting the ordered pairs appeared in
She sample set. We approximate the central order by sorting
objects according to correspondipg.

The default orderis the order that is concordant with
the central order and is composed of missing objects. For
example, suppose the case of Equation (2) and the central

To avoided the above difficulties in I0S, we proposed grder of samples i$1=x5>2o>-z3-24-2¢. The missing
the idea ofdefault rank[8]. This idea is to rank missing objects forO, and forO, are{z,, x5} and{z}, respec-

3in the cited book, this notion is referred by the term “incomplete rank- tively. Accordingly, the default order for th@, becomes
ings”, but we adopt this term to insist to be a set O, = x5>1x2. Similarly, that for theO, is O, = ;.

But, sinced(ios,,i0s,) may not be0, this is not distance.
There are some alternatives such as a Hausdorf distanc
but the ranges of values are changed by the extension.

2.3 A Default Rank




We propose to fill-in the missing objects in preference of the objectj by the user. The score represents the pref-
orders by using the default orders. For this purpose, theerence of the user, and takes one of the values from, for ex-
sample order and its default order have to be merged. Byample,{1,2,3,4,5}. X; = {z1,...,2x,} denotes a set
definition, no objects are commonly included in both of two of objects which the usérrated, ands;={s;;|z;€X;}. The
orders. However, the existing methods utilize common ob- user DB,Dg = {S1,..., 5 pg|}, is a set of allS;. Sample
jects as keys for merging. Thus, these methods cannot baisers are people who provided ratings in the DB. £ gbe
applied. We therefore propose the following method basedthe set of scores rated by the active user, Apde the set
on order statistics. of objects the active user has already rated. GivenSthe

Suppose the case that the preference aftdend its de- and theDg, the CF task is to estimate which the objects the
fault orderO are merged into the filled ord€¥’. Note that, active user is anticipated to rate high. Such objects are then
by definition, no objects are shared betwézandO. Ad- recommended.
ditionally, O’ is composed of objects i@ or O, and there- A nantonac collaborative filteringask is the same as
fore|O’|=|O|+|0|. Instead of directly modeling this merg- that of the GroupLens, except in terms of the representation
ing process, we consider the division process. Suppose thaof the users’ preferences. Instead of using a set of scores
|O| of objects are randomly sampled from objects indfHe  acquired by the SD method, we adopted the order acquired
without replacement, and these are sorted so as to be conby the ranking method. The system shows a set of objects,
cordant with theD’, so that theD is obtained. In this case, X, to the uset, and the user sorts these objects according
for thei-th objectz;.c in the O, the expectation of ranks in  to his/her preferences. The sorted sequences are denoted by
the O’ becomes Oi=w1=T2= -+ =T|x,|-

10 4 1 In a nantonac CF framework, the user DB is a set
E[r(0, z:.0)] = o+ )7 of orders sorted by all the respective uselBg =
O] +1 {O1,...,01pg}. The orders inDs are called sample or-
ders. LetX, be a set of objects sorted by the active user, and
O, be the sorted order. Given tli¢, and Dg, the goal of
nantonac CF is estimating which the objects are anticipated
to be preferred by the active user.

according to [2]. Similarly, for thej-th object in the

O, the expectation igi(|0’| + 1)/(|0] + 1). We as-
signed these expectations of rank to the objects inQhe
and theO, then theO’ are formed by sorting according
these expectations. In the case of Equation (2) exam-
ple, O,=z1>x3>x¢ and its default orde®, =51, are
merged. To the sgcond_ objeet in O, the expepted rank A simple correlation method is a basic method for per-
2(5+1)/(3+1)=3 Is assigned. These expectations are as- forming a nantonac CF task [8]. In this method, objects are

signed to all the remaining objects in a similar way. Con- ;
: . . recommended to active users through almost same process
sequently, by sorting objects according to these expecta-

tions, we obtain the orded! =z >x5>-x3>-29>x6. Sim- as that u;ed in the GroupLens. Ratllng scaigsare sim-
. ) L ply substituted by ranks(O;, z;), which are the ranks of
larly, Op=ws>as-u1-z5-xg. Note that this filling-in —rt 5y the"sample order of the user The prediction
technique is very simple, thus its computational complex- ject) > Samp . e p _
o NS 5 . process of this simple correlation method is as follows.
ity is small, O(max(|X’|,|X|log |X])). Hence it can be . ;

. denotes the mean ranks over objesis;=X,NX; in the
applied to process large scale data. . .

order of the uset; i.e., (1/|Xail) >°, cx,, 7(Oi, x;). Ta iS

) o the mean ranks in the active user's order. The similarities
3 ATask of Nantonac Collaborative Filtering  between the active and the sample usare defined as

3.2 A Simple Correlation Method

We built-in the filling-in technique in the previous sec-  ._ Zw;eXai(r(Oa’wj) —7a) (r(Ois 25) —73) .
tion into our nantonac CF method. So, we describe this CF \/Zx  (rOa, mj)—fa)2\/zz e (10 z)—7)°
task and the method using default orders. e e (4)

Note that the objects missing in the other order are ig-
3.1 Formalization of a Nantonac CF task nored, but the ranks are not renumbered. For example, for

O,=x1>x9>1r3 andO;=x3>1x1, the objectr, inthe O, is

Before describing a nantonac CF framework, we will missing in the);, so thex, isignored. However, the rank of

first describe the CF task developed as a part of thexzs remainsr(O,,z3)=3, not2. The system estimates the
GroupLens project [19]. The aim of a CF task is to predict active user’s preferences for the objg¢dty the function:
the preferences of a particular user (an active user) based -
on the preference data (a user DB) collected on other users. i 2ier, Rai (r(Oy,x5) — 71)
Formally, the task is defined as follows. Lgf be the score * Zieli | Rl ’

®)
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Figure 2. Means of p derived by the Grou-

pLens and the nantonac CF methods in Sec-
tion 3.2

wherer, is the mean ranks in the active user’s order over
all objects inX,; that is, (1/|Xa|) 3=, cx, 7(Oa,z;). I;

The user scan the list from the top to the bottom, and se-
lected the third object;3. From this action, the system can
get the user’s implicit responses; >z, andzz>z,. Be-
cause the user has already checkedndz, but chosers,
so it can be concluded that the user prefey$o x, or x-.
This technique will make it easier to collect preference data.
To perform better recommendations for a few responses
in the case of the SD-based CF, Breese et al. proposed to
fill-in missing scores before calculating the correlation be-
tween users’ responses [3]. We introduce this idea into the
nantonac CF case. In accordance with the decrealSg;pf
relative to| X *|, the frequency of the everdt,NX;=0 in-
creases. Because tliey; are alway9®) in cases in which no
commonly evaluated objects exist, the similarities between
users can no longer be precisely measured. By filling-in
the missing objects, the similarities can be calculated over
X, UX;, notX, N X;; thus, more appropriate similarities
will be derived. Note that filling-in the missing objects inci-
dentally brings a theoretical merit. The similarity of Equa-
tion (4) is heuristically defined, if no filling technique is
used and ranks are not renumbered. Therefore, the meaning
of this similarity is mathematically unclear. By filling-in,
this similarity can be interpreted as Spearman'’s rank corre-

is a set of indices of sample users who evaluated the objectation p (see Equation (1)).

J, 1., {i|O;€Dg s.t. z;€X;}. The objects are sorted in

To build-in our filling-in method in Section 2.4, tI®&CR

ascending order of these estimated preferences, and highlynethod is modified. The procedures are the same as the

ranked objects are recommended.

3.3 Nantonac Collaborative Filtering Using Our
Filling-in Technique

We first describe the reason why filling-in technique is
beneficial to the performance of a nantonac CF task. Fig-
ure 2 shows the results derived by the GroupLens’ method
(GRL) and the nantonac CF method in Section ZR).
The experimental procedure and evaluation criteria are de
scribed in Section 4. The figure shows the changes of
the meary according to the length of the response orders
(|XB|) when the sizes of the data set®|) are fixed to
5000. If | X B| is larger tharb, the SCR method was supe-
rior to theGRL, and the differences were statistically signif-
icant at the significance level af% by pairedi-test. Note
that we will use this test condition throughout this paper.

However, if the length of response orders are short, recom-

mendations by th&CR were not so advantageous.
An improvement of recommendation for short response
orders, especially the length of two, is promising. One of

original SCRexcept for filling-in missing objects @, and

O, before calculating the correlation Equation (4). The cen-
tral orderO over the user DBDg, is derived in advance.
Before calculating the correlation of Equation (4), missing
objects in the response orde€s, andO;, are filled-in. Re-
gardingO,, the missing object&, = {z| x¢0, N z€0;}

are sorted so as to be concordant with the central oer,
then the default ordeD,, is derived. The default orded,
and the active user’s response or@grare merged into the
filled-in orderO’,. The filled-in order for th&); is similarly

derived. The rank correlationg,; between filled orders,
0!, andO;, are then calculated. Note that the expected pref-
erence is derived by Equation (5), using thégg and the
original rankr(O;, x;), not the filled-in rank-(O;, z;).

Experiments

To test the efficiency of using default orders, we com-
pared the original simple correlation method in Section 3.2
and the method using default orders in Section 3.3.

the obstacle to perform CF is that users tend to take the trou4.1  The Experimental Procedure
ble of representing their preferences. One way to overcome

this obstacle is to collect users’ responses implicitly ex-

To test the efficiency of using default orders, the CF

posed in histories of users’ actions. Joachims proposed suclmethods were applied to preference data in sushi. This data

a method [7]. Suppose that an ordered list;-z2>- . . .,

set was collected using the following procedure. 100 ob-

of retrieved or recommended objects is displayed to a userjects (i.e., types of sushi) were first selected, and composed



the setX*. We generated two object sets, which were pre- plement. This criterion represents the accuracy of the pre-
sented asX; to each user. The type A seX (') was com- diction, whether positive or negative. Formally,

mon for all users. We chose the following 10 popular types N N

of sushi: Acc = (I(T(OA;“,:C)S@) A (r(Of 2) < B |+

where|cond| is the number of objects € X that satisfy
This set was used for testing. The type B se{$’] were the conditioncond.

different for each user. 10 objects were randomly selectedPr3: Precision at Top 3
from X* according to their probability distributions, which Because users tend to consider highly ranked objects to
were estimated from menu data of 25 sushi restaurantshe more preferable, it is important to precisely predict the
found on the Web. We collected the responses via a com-preferences of these objects. This criterion is defined as the
mercial Web survey service. We asked each ugersort ratio of the true positive objects to the objects ranked higher
objects in theX* and X2 according to his/her preference. than the top 3 in the predicted order. Formally,
The response orders were denoted’ljy andOZ, respec- ) "
tively. Consequently, this data set was composed of tuples: Pr3= 1|(r(Of,2)<3) A (r(O#, x) < B,
(04, 0F). By eliminating the data obtained within a re-
sponse time that was either too short or too long, we ex-4.3 Comparison of Methods with and without De-
tracted5000 data. fault Orders

To evaluate each method, we applied the 10-fold cross
validation test. The training and the test sets are denoted by To test the method in Section 3.3, we compared it
D’ andD’, respectively. The set, which consisted of all the With two baseline methods. One is the simple correlation

Shrimp, Sea eel, Tuna, Squid, Sea urchin, Salmon roe, |(r(OA, x)>@) A (r(O2, z)>@)
Egg, Fatty tuna, Tuna roll, and Cucumber roll.

OzB in the D/, was treated as a user [IBS_ EachOF in methOd, without USing default OrderS, described in Sec-
the D’ was sequentially picked up, and the picked order was tion 3.2. The other is non-personalized recommendation;
considered as the active user's respwge Given theDS for all active users, the ObjeCtS in test §éfl were sorted

and theO, the system predicted the order of objects in the SO as to be concordant with the central orders of the user
object setX“ sorted according to the active user's prefer- DB. That is to say, the central orders were treated as a best-
ence. LetO;‘ be the predicted order. Tr@f is compared seller list, and popular objects were recommended. Com-
with the true response ordér!! in the D’. The measuring  Parison results are shown in Figure &DO, SCR, and
criteria will be describe in the next section. BAS denote a method using default orders, a simple corre-
In order to investigate the changes in user DB sizes, welation method, and a non-personalized method, respectively.
generated six sets, the sizes (denoteffbly of which were The first, second, and third rows show the means of criteria
5000, 3000, 1000, 500, and 300, respectively. Similarly, by 2 AcC, and Pr3, respectively. The left column (a) of the
randomly eliminating objects from th@2 and renumber- figure shows the changes according to the lengths of the re-

ing the ranks of these objects, we changed the lengths ofSPOnse orders¥ | when fixing| D|=5000. On all criteria,
response ordelis 2| to 10, 7, 5, 3, and 2. the SDO method was clearly superior to ti<CR, and the

differences were statistically significant,|iK?| < 7. As
mentioned above, the shorter the response orders were, the
less objects were commonly ranked between an active user
and a sample user. Therefore, our filling-in technique was,
To measure the quality of the recommendation, we com-jn, gpjte of its simplicity, remarkably effective for the shorter
pared the true orded?* and the predicted ord&y;* on the response orders.
three criteria used in [16]. In all the criteria, a larger value  The right column (b) of the figure shows the changes
indicates better quality. X according to the sizes of the data s¢f¥ when fixing
p: the Spearman’sp between theO;' and the O;! | X 2|=10. On all criteria, theSDO is superior to thésCR
Rank correlation is suited for evaluating the overall qual- if |D| < 500. The differences between criteria are statisti-
ity of orders. We adopted the Spearmap'setweenO;! cally significant orp of | D|=300, 500 and Pr3 of D|=500.
and theO;" in Equation (1). The difference became greater whigh|=100, but was
Acc: Positive/Negative Accuracy not statistically significant because the sample size was too
This measures the quality of the basic determination of small to confirm significance. Though the default orders
whether the recommended object is really preferred. Thewere introduced to improve the recommendation when re-
term positiveindicates the objects ranked higher than the sponse orders were short, t8®0 method is secondarily
middle of the order, and the temegativeindicates its com-  effective when sample sizes are small.

4.2 The Evaluation Criteria
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Figure 3. Comparing the SDO method with two base-line methods



We then observe results for the other baseline BAS
method. If all users had a shared preference in sushi, the
central order itself would have provided better recommen-
dations. However, this non-personalized method was appar-
ently worse than th&DO method. This indicates that the (9]
advantage of th8DO was not due to the specific character-
istics of the users’ sharing common preferences, but arosey; g
from the ability of theSDO method to provide well person-
alized recommendations.

(8]

[11]
5 Conclusions

In this paper, we have proposed the notion of default or- [12]
ders to fill-in missing objects in orders. These default or-
ders were used for collaborative filtering. We empirically
showed that the prediction performance could be improved
by using default orders.

The current framework cannot handle a large universal [14)
object setX*, because it is difficult for users to sort items
if |X;| is larger than about0. To overcome this limitation,
we will collect multiple response orders for different object [15]
sets and develop methods to deal with this type of multi-

response data.
[16]
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