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Abstract

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.
Though lists of ordered objects are widely used as repre-
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-
in missing objects in orders. We empirically show its effec-
tiveness by building-in this technique into our collaborative
filtering system.

1 Introduction

We propose a technique for filling-in missing objects in
orders. We empirically show its effectiveness by building-in
this technique into our collaborative filtering system.

An order is a sorted sequence of objects, and only the
determination which object precedes the others is meaning-
ful. Before discussing orders, we must draw attention to a
notion ofStevens’ Scales of Measurement[22], which is a
classification of scales into four levels: ratio, interval, ordi-
nal, and nominal. A ratio (ex. length) and an interval (ex.
time) indicate numerical scales with and without the origin,
respectively. Nominal scale represents categories. For these
three levels of scales, many analysis or processing meth-
ods have been developed. However, in terms of an ordinal
scale, a few attempts have been made. Lists of ordered ob-
jects are widely used as representational forms. For exam-
ple, Web search engines return page lists sorted according
to their relevance to queries. Further, best seller lists, which
are item-sequences sorted according to selling volume, are
used on many E-commerce sites. Processing methods for
orders are also useful for information retrieval [4, 7]. In
order to improve search results, users’ feedback is consid-
ered. To obtain feedback information, the systems request
users to specify which documents are more relevant than
others. In spite of their importance, the methods of process-

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

ing orders have received little attention. Filling-in missing
objects in orders is one of such processing tasks. This task
is important, since missing values are frequently observed
in real data. Specifically, given samples of orders, we pro-
pose a method to determine the rank of the object, which
is not appears in one sample orders, in the order based on
the summaries of samples. This is an analogy for filling-in
missing values in the other levels of scales by the modes or
the means of samples.

We were motivated to develop our filling-in technique
to perform better recommendation in collaborative filter-
ing. Collaborative filtering (CF for short) is a framework
for recommending the items anticipated to be preferred by
the users [21]. It is required for performing this CF task
to measure users’ preference. We first show that orders are
fit for measuring the quantity of sensation, such as, prefer-
ence, taste. To measure users’ preferences, almost all the
CF methods adopt the Semantic Differential (SD) method
[18]. In this method, the users’ preferences are rated using a
scale on which extremes are represented by antonyms. One
example is a five-point-scale on which1and5 indicatedon’t
preferandprefer, respectively. To treat the acquired ratings
as interval values, the two assumptions must be introduced;
“The total lengths of all the scales are equal” and “All the
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
satisfy these assumptions. To show this difficulty, we de-
pict the distributions of rating scores obtained by the SD
method in Figure 1. The black bars show the distribution of
our sushi preference survey, and the white bars show that of
scores rated by Amazon.com customers1. Under 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
often affected by psychological rater effects. One example
is a leniency effect, which is the phenomena that some re-
spondents tend to give more lenient (i.e., better or higher)
scores than the true sensation. Such shifts in ratings were
reported in [1].

One alternative is the ranking method. Users preference
patterns are measured by response orders, which are lists of
objects sorted according to the degrees of the users’ prefer-
ences. We previously called a CF framework adopting the
ranking method byNantonac Collaborative Filtering2 [8],
and more appropriate items were recommended by adopting
this ranking method. However, it was not as advantageous
when the length of response orders were short, because it
becomes difficult to evaluate the correlation between users’
preferences. Such short responses can be easily collect by
using a Joachims’ procedure [7], thus it is fruitful to im-
prove the quality of recommendation for short order re-
sponses. To achieve this improvement, we were motivated
to introduce the filling-in technique for orders and to test
their effectiveness.

In Section 2, we describe a filling-in technique for or-
ders. We show a task of nantonac CF in Section 3. Section 4
shows experimental results to test our filling-in technique.
Section 5 summarizes our conclusions.

1.1 Related Work

We here describe processing of orders except for filling-
in techniques. Cohen et al. [4] and Joachims [7] proposed
a method to sort attributed objects given in the form of
ordered pairs. Kamishima and Akaho [9] and Kazawa et
al. [11] studied a problem of learning from ordered item
sets. Sai et al. [20] proposed association rules between
order variables. Mannila and Meek [14] tried to establish
the structure expressed by partial orders among a set of or-
ders. Kamishima and Fujiki studied the clustering method
for incomplete orders [10]. Lebanon and Lafferty discussed
the combination method for orders using conditional prob-
ability models [13]. Dwork et al. developed a meta-search
engine to combine the ordered lists of Web pages provided

1from the invited talk “Analyzing Customer Behavior at Amazon.com”
by A. S. Weigend at KDD2003

2We would like to point out that the wordnantonacis originates from
a Japanese word,nantonaku

by sub engines [5]. Freund et al. developed the boosting for
orders [6].

2 Filling-in Missing Objects in Orders

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

2.1 Basic Notations

We first give basic notations. An objectxj corresponds
to an object, entity, or substance to be sorted. The universal
object set,X∗, consists of all possible objects. The order
is denoted byO=x1Âx2Â · · ·Âx3. The meaning of the
order,x1Âx2, is “x1 precedesx2.” The object setXi is
composed of all the objects in the orderOi. Let |A| be the
size of the setA, then|Xi| is equal to the length of the or-
derOi. An order of all objects, i.e.,Oi s.t. Xi = X∗, is
called a complete order; otherwise, it is called an incom-
plete order. The rank,r(Oi, xj), is the cardinal number that
indicates the position of the objectxj in the orderOi. For
example,r(Oi, x2), Oi=x1Âx3Âx2 is 3. For two orders,
O1 andO2, consider an object pairxa and xb, such that
xa, xb∈X1∩X2, xa 6=xb. We say that the ordersO1 andO2

are concordant w.r.t.xa andxb, if two objects are placed in
the same order, i.e.,

(r(O1, xa)− r(O1, xb))(r(O2, xa)− r(O2, xb)) ≥ 0;

otherwise, these are discordant.O1 andO2 are concordant
if O1 andO2 are concordant w.r.t. all object pairs such that
xa, xb∈X1∩X2, xa 6=xb.

We then describe the distance,d(Oa, Ob), defined be-
tween two orders consisting of the same objects, i.e.,
Xa = Xb(≡ X). we use well-knownSpearman distance
dS(Oa, Ob) [12, 15]; this is defined as the sum of the
squared differences between ranks. The statistical property
of dS have been well studied and its computational com-
plexity, O(|X| log |X|), is relatively small. By normalizing
the distance range to be[−1, 1], theSpearman’s rank cor-
relationρ is derived.

ρ = 1− 6× dS

|X|3 − |X| . (1)

We below describe a task of filling-in missing objects
in orders. Suppose to calculate the distance between two
orders,

Oa = x1Âx3Âx6 andOb = x5Âx3Âx2Âx6. (2)

The distances is defined between two orders consisting of
the same objects, butXa andXb are not identical, that is
to say, the both orders include missing objects; The miss-
ing objects forOa (i.e., X̃a = {x|x/∈Oa ∧ x∈Ob}) are



{x2, x5}, and those forOb are{x1}. Hence, it is not pos-
sible to directly calculate the distance betweenOa andOb.
One way to overcome this difficulty is ignoring missing ob-
jects and the distance is calculated over common objects,
i.e., Xa ∩ Xb. For example, by ignoring missing objects,
both ofOa andOb are converted intox3Âx6, accordingly
the Spearman’s distancedS = 0. However, useful infor-
mation might be contained in these ignored objects, so it
would lessen the precision or the confidence in the calcu-
lation of distances. Moreover, ifXa ∩ Xb = ∅, all the
objects are deleted and the distance can not be derived. If
samples of orders were available, the ranks of such miss-
ing objects could be filled-in based on the summary statics
of the samples. Such techniques would be highly benefi-
cial to the derivation of more appropriate distances between
orders.

2.2 An Incomplete Order Set

In a psychological statistics literature, these missing val-
ues are commonly processed by considering a set of orders,
instead of a single order. We introduce the notion of anIn-
complete Order Set3 [15], which is defined as a set of orders
that are concordant with the given order. Formally, letO be
the order consisting of the object setX, andX̃ be a set of
missing objects. An IOS is defined as

ios(O, X̃) = {O′
i|O′

i is concordant withO, X ′
i = X ∪ X̃}.

Unfortunately, this idea is originally designed assuming that
|X ′| is small, typically less than5. Therefore, this idea is
not fit for large scale data sets targeted by the data mining
or the information filtering techniques. Because the size
of ios(O, X̃) is |X ′|!/|X|!, which exponentially grows in
accordance with|X ′|. Furthermore, there are some diffi-
culties in calculation of distances. To calculate distance be-
tween two sets of orders,iosa = ios(Oa, X̃a) and iosb =
ios(Ob, X̃b), the definition of distance has to be extended.
One possible extension is adopting arithmetic average:

d(iosa, iosb) =
1

|iosa||iosb|
∑

Oi∈iosa

∑

Oj∈iosb

d(Oi, Oj).

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

2.3 A Default Rank

To avoided the above difficulties in IOS, we proposed
the idea ofdefault rank[8]. This idea is to rank missing

3in the cited book, this notion is referred by the term “incomplete rank-
ings”, but we adopt this term to insist to be a set

objects into the middle of the filled-in orders. In the case of
Equation (2), by inserting missing objects in the middle of
orders, filled orders,Oa andOb, are obtained:

O′
a = x1Âx3Âx2∼x5Âx6 andO′

i = x5Âx3Âx1Âx2Âx6,

where∼ denotes a tie in rank.
In [8], the efficiency of adopting default ranks was inves-

tigated. Unfortunately, default ranks were not found to be
effective. We had considered that the middle ranks in orders
represent the neutral values, but this might not be the case.
For example, suppose that there is an object ranked at the
lowest in almost all the sample orders. If this object was
ranked at the middle, the filled-in order would indicate that
the object is ranked relatively higher.

2.4 A Default Order

We finally propose our idea of default orders. In the case
of numerical or nominal variables, missing values can be
replaced with the summary statistics of samples, such as
the means or the modes. By analogy, we will fill the ranks
of missing objects by using the centers of orders in sample
set,S. This central order̄OS [15] is defined as

ŌS = arg min
O

∑

Oi∈S

d(Oi, O).

Note thatŌS is composed of objects̄XS = ∪Oi∈SXi. If
the Spearman’s distance is adopted and all the sample or-
ders are complete, i.e.,X∗ = Xi,

∀i, the central order can
be derived by sorting objects according to their mean ranks
in sample orders [15]. However, since sample orders tend
to be incomplete in a practical situation, deriving the true
central orders is not tractable. Hence, we employ the Thur-
stone’s paired comparison method. This method is based on
the model of the Thurstone’s low of comparative judgment
[23]. This model sorts objects,xj , according to their scores,
which follow the normal distributionN(µj , σ). By apply-
ing the least square method to this model [17], theµ′j , i.e.,
the linear transformation of theµj , is derived as

µ′j = 1
|X̄|

∑
x∈X̄ Φ−1

(
Pr[xjÂx]

)
, (3)

whereΦ(·) is the normal distribution function. The prob-
ability that the objectxj precedesx, Pr[xjÂx], can be es-
timated by simply counting the ordered pairs appeared in
the sample set. We approximate the central order by sorting
objects according to correspondingµ′j .

The default order is 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
order of samples isx1Âx5Âx2Âx3Âx4Âx6. The missing
objects forOa and forOb are{x2, x5} and{x1}, respec-
tively. Accordingly, the default order for theOa becomes
Õa = x5Âx2. Similarly, that for theOb is Õb = x1.



We propose to fill-in the missing objects in preference
orders by using the default orders. For this purpose, the
sample order and its default order have to be merged. By
definition, no objects are commonly included in both of two
orders. However, the existing methods utilize common ob-
jects as keys for merging. Thus, these methods cannot be
applied. We therefore propose the following method based
on order statistics.

Suppose the case that the preference orderO and its de-
fault orderÕ are merged into the filled orderO′. Note that,
by definition, no objects are shared betweenO andÕ. Ad-
ditionally, O′ is composed of objects inO or Õ, and there-
fore |O′|=|Õ|+|O|. Instead of directly modeling this merg-
ing process, we consider the division process. Suppose that
|O| of objects are randomly sampled from objects in theO′

without replacement, and these are sorted so as to be con-
cordant with theO′, so that theO is obtained. In this case,
for thei-th objectxi:O in theO, the expectation of ranks in
theO′ becomes

E[r(O′, xi:O)] =
i(|O′|+ 1)
|O|+ 1

,

according to [2]. Similarly, for thej-th object in the
Õ, the expectation isj(|O′| + 1)/(|Õ| + 1). We as-
signed these expectations of rank to the objects in theO
and theÕ, then theO′ are formed by sorting according
these expectations. In the case of Equation (2) exam-
ple, Oa=x1Âx3Âx6 and its default order̃Oa=x5Âx2 are
merged. To the second objectx3 in Oa, the expected rank
2(5+1)/(3+1)=3 is assigned. These expectations are as-
signed to all the remaining objects in a similar way. Con-
sequently, by sorting objects according to these expecta-
tions, we obtain the orderO′

a=x1Âx5Âx3Âx2Âx6. Sim-
ilarly, O′

b=x5Âx3Âx1Âx2Âx6. Note that this filling-in
technique is very simple, thus its computational complex-
ity is small, O(max(|X ′|, |X̃| log |X̃|)). Hence it can be
applied to process large scale data.

3 A Task of Nantonac Collaborative Filtering

We built-in the filling-in technique in the previous sec-
tion into our nantonac CF method. So, we describe this CF
task and the method using default orders.

3.1 Formalization of a Nantonac CF task

Before describing a nantonac CF framework, we will
first describe the CF task developed as a part of the
GroupLens project [19]. The aim of a CF task is to predict
the preferences of a particular user (an active user) based
on the preference data (a user DB) collected on other users.
Formally, the task is defined as follows. Letsij be the score

of the objectj by the useri. The score represents the pref-
erence of the user, and takes one of the values from, for ex-
ample,{1, 2, 3, 4, 5}. Xi = {x1, . . . , x|Xi|} denotes a set
of objects which the useri rated, andSi={sij |xj∈Xi}. The
user DB,DS = {S1, . . . , S|DS |}, is a set of allSi. Sample
users are people who provided ratings in the DB. LetSa be
the set of scores rated by the active user, andXa be the set
of objects the active user has already rated. Given theSa

and theDS , the CF task is to estimate which the objects the
active user is anticipated to rate high. Such objects are then
recommended.

A nantonac collaborative filteringtask is the same as
that of the GroupLens, except in terms of the representation
of the users’ preferences. Instead of using a set of scores
acquired by the SD method, we adopted the order acquired
by the ranking method. The system shows a set of objects,
Xi, to the useri, and the user sorts these objects according
to his/her preferences. The sorted sequences are denoted by
Oi=x1Âx2Â · · ·Âx|Xi|.

In a nantonac CF framework, the user DB is a set
of orders sorted by all the respective users,DS =
{O1, . . . , O|DS |}. The orders inDS are called sample or-
ders. LetXa be a set of objects sorted by the active user, and
Oa be the sorted order. Given theOa andDS , the goal of
nantonac CF is estimating which the objects are anticipated
to be preferred by the active user.

3.2 A Simple Correlation Method

A simple correlation method is a basic method for per-
forming a nantonac CF task [8]. In this method, objects are
recommended to active users through almost same process
as that used in the GroupLens. Rating scoressij are sim-
ply substituted by ranksr(Oi, xj), which are the ranks of
objectj in the sample order of the useri. The prediction
process of this simple correlation method is as follows.r̄i

denotes the mean ranks over objectsXai=Xa∩Xi in the
order of the useri; i.e.,(1/|Xai|)

∑
xj∈Xai

r(Oi, xj). r̄a is
the mean ranks in the active user’s order. The similarities
between the active and the sample useri are defined as

Rai=

∑
xj∈Xai

(
r(Oa, xj)− r̄a

)(
r(Oi, xj)− r̄i

)
√∑

xj∈Xai
(r(Oa, xj)−r̄a)

2
√∑

xj∈Xai
(r(Oi, xj)−r̄i)

2
.

(4)
Note that the objects missing in the other order are ig-
nored, but the ranks are not renumbered. For example, for
Oa=x1Âx2Âx3 andOi=x3Âx1, the objectx2 in theOa is
missing in theOi, so thex2 is ignored. However, the rank of
x3 remainsr(Oa, x3)=3, not 2. The system estimates the
active user’s preferences for the objectj by the function:

r̃a +

∑
i∈Ij

Rai

(
r(Oi, xj)− r̄i

)
∑

i∈Ij
|Rai| , (5)
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Figure 2. Means of ρ derived by the Grou-
pLens and the nantonac CF methods in Sec-
tion 3.2

wherer̃a is the mean ranks in the active user’s order over
all objects inXa; that is,(1/|Xa|)

∑
xj∈Xa

r(Oa, xj). Ij

is a set of indices of sample users who evaluated the object
j; i.e., {i|Oi∈DS s.t. xj∈Xi}. The objects are sorted in
ascending order of these estimated preferences, and highly
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 3.2 (SCR).
The experimental procedure and evaluation criteria are de-
scribed in Section 4. The figure shows the changes of
the meanρ according to the length of the response orders
(|XB |) when the sizes of the data sets (|D|) are fixed to
5000. If |XB | is larger than5, theSCR method was supe-
rior to theGRL, and the differences were statistically signif-
icant at the significance level of1% by pairedt-test. Note
that we will use this test condition throughout this paper.
However, if the length of response orders are short, recom-
mendations by theSCR were not so advantageous.

An improvement of recommendation for short response
orders, especially the length of two, is promising. One of
the obstacle to perform CF is that users tend to take the trou-
ble of representing their preferences. One way to overcome
this obstacle is to collect users’ responses implicitly ex-
posed in histories of users’ actions. Joachims proposed such
a method [7]. Suppose that an ordered list,x1Âx2Â . . .,
of retrieved or recommended objects is displayed to a user.

The user scan the list from the top to the bottom, and se-
lected the third object,x3. From this action, the system can
get the user’s implicit responses,x3Âx1 andx3Âx2. Be-
cause the user has already checkedx1 andx2, but chosex3,
so it can be concluded that the user prefersx3 to x1 or x2.
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 decrease of|Xi|
relative to|X∗|, the frequency of the eventXa∩Xi=∅ in-
creases. Because theRai are always0 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
Xa ∪Xi, notXa ∩Xi; 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-
lationρ (see Equation (1)).

To build-in our filling-in method in Section 2.4, theSCR
method is modified. The procedures are the same as the
originalSCRexcept for filling-in missing objects ofOa and
Oi before calculating the correlation Equation (4). The cen-
tral orderŌ over the user DB,DS , is derived in advance.
Before calculating the correlation of Equation (4), missing
objects in the response orders,Oa andOi, are filled-in. Re-
gardingOa, the missing objects̃Xa = {x|x/∈Oa ∧ x∈Oi}
are sorted so as to be concordant with the central order,Ō,
then the default order̃Oa is derived. The default order̃Oa

and the active user’s response orderOa are merged into the
filled-in orderO′a. The filled-in order for theOi is similarly
derived. The rank correlationsRai between filled orders,
O′a andO′i, are then calculated. Note that the expected pref-
erence is derived by Equation (5), using theseRai and the
original rankr(Oi, xj), not the filled-in rankr(O′i, xj).

4 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.

4.1 The Experimental Procedure

To test the efficiency of using default orders, the CF
methods were applied to preference data in sushi. This data
set was collected using the following procedure. 100 ob-
jects (i.e., types of sushi) were first selected, and composed



the setX∗. We generated two object sets, which were pre-
sented asXi to each user. The type A set (XA) was com-
mon for all users. We chose the following 10 popular types
of sushi:

Shrimp, Sea eel, Tuna, Squid, Sea urchin, Salmon roe,
Egg, Fatty tuna, Tuna roll, and Cucumber roll.

This set was used for testing. The type B sets (XB
i ) were

different for each user. 10 objects were randomly selected
from X∗ according to their probability distributions, which
were estimated from menu data of 25 sushi restaurants
found on the Web. We collected the responses via a com-
mercial Web survey service. We asked each useri to sort
objects in theXA andXB

i according to his/her preference.
The response orders were denoted byOA

i andOB
i , respec-

tively. Consequently, this data set was composed of tuples:
(OA

i , OB
i ). By eliminating the data obtained within a re-

sponse time that was either too short or too long, we ex-
tracted5000 data.

To evaluate each method, we applied the 10-fold cross
validation test. The training and the test sets are denoted by
D̄′ andD′, respectively. The set, which consisted of all the
OB

i in the D̄′, was treated as a user DBDS . EachOB
i in

theD′ was sequentially picked up, and the picked order was
considered as the active user’s responseOB

a . Given theDS

and theOB
a , the system predicted the order of objects in the

object setXA sorted according to the active user’s prefer-
ence. LetÔA

i be the predicted order. ThêOA
i is compared

with the true response orderOA
i in theD′. The measuring

criteria will be describe in the next section.
In order to investigate the changes in user DB sizes, we

generated six sets, the sizes (denoted by|D|) of which were
5000, 3000, 1000, 500, and 300, respectively. Similarly, by
randomly eliminating objects from theOB

i and renumber-
ing the ranks of these objects, we changed the lengths of
response orders|XB

i | to 10, 7, 5, 3, and 2.

4.2 The Evaluation Criteria

To measure the quality of the recommendation, we com-
pared the true orderOA

i and the predicted order̂OA
i on the

three criteria used in [16]. In all the criteria, a larger value
indicates better quality.
ρ: the Spearman’sρ between theÔA

i and theOA
i

Rank correlation is suited for evaluating the overall qual-
ity of orders. We adopted the Spearman’sρ betweenÔA

i

and theOA
i in Equation (1).

Acc: Positive/Negative Accuracy
This measures the quality of the basic determination of

whether the recommended object is really preferred. The
term positive indicates the objects ranked higher than the
middle of the order, and the termnegativeindicates its com-

plement. This criterion represents the accuracy of the pre-
diction, whether positive or negative. Formally,

Acc = 1
|XA|

(∣∣(r(ÔA
i , x)≤ |XA|

2 ) ∧ (r(OA
i , x)≤ |XA|

2 )
∣∣+

∣∣(r(ÔA
i , x)> |XA|

2 ) ∧ (r(OA
i , x)> |XA|

2 )
∣∣
)
,

where|cond | is the number of objectsx ∈ XA that satisfy
the conditioncond .
Pr3: Precision at Top 3

Because users tend to consider highly ranked objects to
be more preferable, it is important to precisely predict the
preferences of these objects. This criterion is defined as the
ratio of the true positive objects to the objects ranked higher
than the top 3 in the predicted order. Formally,

Pr3= 1
3

∣∣(r(ÔA
i , x)≤3) ∧ (r(OA

i , x)≤ |XA|
2 )

∣∣.

4.3 Comparison of Methods with and without De-
fault Orders

To test the method in Section 3.3, we compared it
with two baseline methods. One is the simple correlation
method, without using default orders, described in Sec-
tion 3.2. The other is non-personalized recommendation;
for all active users, the objects in test setXA were sorted
so as to be concordant with the central orders of the user
DB. That is to say, the central orders were treated as a best-
seller list, and popular objects were recommended. Com-
parison results are shown in Figure 3.SDO, SCR, and
BAS denote a method using default orders, a simple corre-
lation method, and a non-personalized method, respectively.
The first, second, and third rows show the means of criteria
ρ, Acc, and Pr3, respectively. The left column (a) of the
figure shows the changes according to the lengths of the re-
sponse orders|XB | when fixing|D|=5000. On all criteria,
theSDO method was clearly superior to theSCR, and the
differences were statistically significant, if|XB | ≤ 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,
in spite of its simplicity, remarkably effective for the shorter
response orders.

The right column (b) of the figure shows the changes
according to the sizes of the data sets|D| when fixing
|XB |=10. On all criteria, theSDO is superior to theSCR
if |D| ≤ 500. The differences between criteria are statisti-
cally significant onρ of |D|=300, 500 and Pr3 of|D|=500.
The difference became greater when|D|=100, but was
not statistically significant because the sample size was too
small to confirm significance. Though the default orders
were introduced to improve the recommendation when re-
sponse orders were short, theSDO method is secondarily
effective when sample sizes are small.
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Figure 3. Comparing the SDO method with two base-line methods



We then observe results for the other baseline, theBAS
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 theSDO method. This indicates that the
advantage of theSDO was not due to the specific character-
istics of the users’ sharing common preferences, but arose
from the ability of theSDO method to provide well person-
alized recommendations.

5 Conclusions

In this paper, we have proposed the notion of default or-
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
object setX∗, because it is difficult for users to sort items
if |Xi| is larger than about10. To overcome this limitation,
we will collect multiple response orders for different object
sets and develop methods to deal with this type of multi-
response data.
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