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Abstract
Now a day’s interactive computational system are helping people 
to leverage social information; in technical these systems are called 
social navigation systems. These help individuals in behavior 
guiding and decision making over selecting the data. Based on 
the individual feedback the ranking and suggesting of popular 
items were done. The individual feedback can be obtained by 
displaying group of suggested items, where the selection of items 
is based on the preference of the individual or from the suggested 
items. The objective is to suggest true popular items by quickly 
studying the true popularity ranking of items. The complexity 
in suggesting to the users can emphasize reputation for some 
items but may disfigure the resulting item ranking for other 
items. So the problem of ranking and suggesting items affected 
many applications including tag suggestions and search query 
suggestions for social tagging systems. In this paper we propose 
and study algorithms like naive, PROP, M2S, FM2S algorithms 
for ranking and suggesting popular items.
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I. Introduction
 The goal is to quickly learn the true popularity ranking of items 
and suggest true popular items. Items are suggested to users 
to facilitate tasks such as browsing or tagging of the content. 
A specific application is that of tagging of the content where 
items are “tags” applied by users to content such as photos (e.g., 
Flickr), videos (e.g., YouTube), or Web pages (e.g., del.icio.us) 
for their later retrieval or personal information management. The 
basic premise of social tagging is that the user can choose any 
set of tags for an information object according to her preference. 
In most existing social tagging applications, users are presented 
with tag suggestions that are made based on the history of tag 
selections. Fig. 1 shows an example user interface to enter tags 
for a Web page. 
In this paper, our goal is to propose algorithms and analyze their 
performance for suggesting popular items to users in a way that 
enables learning of the users’ true preference over items. The 
true preference refers to the preference over items that would be 
observed from the users’ selections over items without exposure 
to any suggestions. A simple scheme for ranking and suggesting 
popular items (that appears in common use in practice)  presents 
a fixed number of the most popular items as observed from the 
past item selections. We show analysis that suggests such a simple 
scheme can lock down to a set of items that are not the true 
most popular items if the popularity bias is sufficiently large, 
and may obscure learning the true preference over items. In this 
paper, we propose alternative algorithms designed to avoid such 
reinforcements and provide formal performance analysis of the 
ranking limit points and popularity of the suggested items. While 
convergence speed of the algorithms is of interest, its formal 
analysis is out of the scope of this paper.

Fig. 1: Tag Popularity Boost Due to Suggestions. Frequency of 
Selection for the Tag ”Apollo” when this Tag is Suggested and 
not Suggested

The difficulty that arises in the above problem is that suggesting 
items to users can reinforce the popularity of items, and possibly 
distort the resulting ranking. This will happen if users are likely to 
choose items from the suggestion set. This behavior can be seen 
as a ”bandwagon problem”, i.e. user’s choice is swayed toward 
items from the suggestion sets due to a tendency to conform to the 
choice of users that already made their selections, or just because 
it takes less (cognitive) effort to choose from the presented set 
of items. That the bandwagon problem indeed arises in social 
tagging scenarios is suggested by the work of Sen et al; for 
additional evidence from a user study that we conducted. In our 
analysis, we show that ”bandwagoning” can indeed be a problem 
by considering an algorithm for suggesting items (that appears 
to be in common use in practise) which presents to users a fixed 
number of the top most popular items as observed from the past 
user selections. We show that if the bandwagoning is sufficiently 
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large, then this scheme can lock down to a set of items that does 
not correspond to the set of the most popular items. 

II. Related Work
Motivated by the above observation, we then consider several 
algorithms for ranking and suggesting of popular items with 
the goal to (a) learn the true popularity ranking of items, (b) 
suggest popular items, and (c) identify the popular items quickly. 
In particular, we propose and study the performance of three 
randomized update rules for making item suggestions based on 
the history of the item selections. 
Two of our proposed algorithms are lightweight in their 
computational and storage requirements. The algorithms are 
self-tuning in that they do not require any special configuration 
parameters. Our proposed schemes enable displaying a larger 
set of popular items over time than can be accommodated into 
a single suggestion set, which may be of interest in application 
scenarios where the size of the suggestion size is limited and is 
desired to display a larger set of popular items than can fit into a 
single suggestion set.

A. User Model
Part of our analysis is based on a user model that is summarized 
as. Each user selects an item according to her true preference over 
items either from the entire set of items or from the suggestion set 
of items. We call the probability with which the latter case happens, 
the ”imitation probability” and evaluate the robustness in learning 
the true popularity of items with respect to this parameter.

B. Summary of Results
In our analysis, we first show that the simple TOP algorithm can 
fail to learn the true popularity ranking of items. We find that 
there exists a threshold on the imitation probability below which 
TOP guarantees to learn the true popularity ranking of items. If 
the imitation probability is larger than this threshold, then TOP 
may result in a skewed ranking. We characterize this threshold in 
terms of the suggestion set size and the true popularity ranks of 
items. This result enables us to estimate the threshold imitation 
probability for given true popularity ranks of items. We have done 
this using the inferred popularity rank scores of the tags from our 
dataset where we find that the median imitation probability over 
the bookmarks in the dataset is around 0.1 for the suggestion 
set sizes ranging from 1 to 10 tags. This result suggests that in 
real-world scenarios using the simple scheme TOP may result 
in failing to learn the true popularity of items already at a small 
level of imitation. 
We next discuss the three randomized algorithms that we consider 
in this paper. We first consider a randomized algorithm that suggests 
to each user a random set of items S sampled with the probability 
proportional to the sum of the current item popularity rank scores. 
We call this algorithm PROP (frequency proportional sampling). 
Sampling the suggestion set of items proportional to the sum of 
the item popularity rank scores appears a natural randomization 
strategy that one would consider to avoid the popularity ranking 
skew, letting each item appearing recurrently in the suggestion 
set. We show, however, that this is guaranteed only if the 
imitation probability is smaller than a threshold and fully specify 
this threshold. Another issue with PROP is that the frequency 
proportional sampling can be computationally demanding.
In the sequel, we present two algorithms that are computationally 
lightweight. We second consider a randomized, recursive update 
rule for the suggestion set of items described as follows. Whenever 

a user selects an item that is in the suggestion set presented to this 
user, nothing happens. Otherwise, the item replaces a randomly 
evicted item from the suggestion set. We call this algorithm M2S, 
alluding to the apparent ”move to set” feature of the algorithm. 
The reader may note that the algorithm biases to showing recently 
used items; for the special case of the suggestion set size equal to 
1 item, the algorithm corresponds to showing the last used item. It 
is worth noting that the M2S does not require using the counters 
for the number of per-item selections. We will see that this rule 
tends to sampling the suggestion set of items proportional to the 
product of the item true popularity rank scores. We show that 
M2S combined with ranking the popularity of items with respect 
to the number of per-item selections guarantees to learn the true 
popularity ranking, for any imitation probability < 1. This is a very 
interesting property suggesting robustness of the M2S update rule 
to the users’ imitation. Note that under algorithm M2S, any item 
selected by a user that was not suggested to this user, replaces 
an item in the suggestion set. Hence, any item that is recurrently 
selected by users (no matter how small the frequency of selection 
is) appears recurrently in the suggestion set. We next consider an 
algorithm that tends to displaying only sufficiently popular items, 
which may be preferred in some applications.
We third consider the randomized algorithm FM2S (”frequency 
move-to-set”) described as follows. At a high level, FM2S replaces 
an item in the suggestion set with a new item only if this new 
item is (likely to be) more popular than at least one item already 
in the suggestion set. The algorithm can be seen as TOP but with 
the rank scores redefined to the number of per-item selections 
updated only when an item is selected and was not suggested. 
This is done to mitigate the positive reinforcement of the item 
popularity due to exposure in the suggestion set. We show that 
FM2S tends to displaying a subset of sufficiently popular items 
with respect to the true popularity and fully determine this set in 
terms of the suggestion set size and the true popularity rank scores 
of items. The ranking of these items can be inferred from their 
frequency of appearance in the suggestion set. This algorithm 
proposal can be seen as a relaxation of TOP that avoids locking 
down to suggesting a set of items that are not the true most popular. 
It enables displaying a larger set of true most popular items than 
it can be accommodated into a single suggestion set, which may 
be of interest in practise. Finally, we present numerical results 
obtained by evaluating our analytical results using the popularity 
rank scores of tags for bookmarks inferred from a month-long 
crawl of the social bookmarking application del.icio.us.

Fig. 2: User’s Choice Model: the User Selects an Item Over a Set 
of 8 Items and is Suggested the Set of Items S = {2, 4, 5, 7}. With 
Probability 1 − pS, the User Selects an Item by Sampling from 
the Distribution r Over the Entire set of Items, Else, the Same But 
Confined to the Items in the Set S
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In this section let us consider how the user select’s items. User 
selects an item from the entire set of items by sampling, using 
the true item popularity distribution r. Where 

be Users’ true preference over the set of items C and r called true 
popularity rank scores. Otherwise, user does the same but confines 
his choice to items in the suggest set.

The naive algorithm which suggests a fixed number of the topmost 
popular items and show that this algorithm can fail to learn the 
true popularity ranking of items if the imitation probability in the 
user’s choice model is sufficiently large can be explained in the 
pseudo code of fig 3.

Fig. 3: Pseudo Code of Navie Algorithm Implementing TOP

Here ranking rule is used to keep the item’s rank score which 
is equal to the number of selections of this item in the past. 
We initialize Vi = 0 for each item i, for this algorithm and the 
algorithms introduced later. The implicit assumption is that we 
assume no earlier information about the popularity of items, and 
hence, initially assume that all items are equally popular. The 
suggestion rule sets the suggestion set to a set of the top 5 most 
popular items with respect to the current popularity rank scores.

III. Proposed Algorithms 
In this section we propose the ranking rules and different suggestion 
rules like 

Frequency Proportional • 
Move to Set • 
Frequency Move to Set • 

A. Ranking Rules
We define two ranking rules called rank rule 1 and rank rule 2. 

Rank rule 1: 
A simple ranking rule is the one that we already encountered in the 
algorithm TOP, where the rank score for an item i is incremented 
by 1 whenever a user selects this item. Its Pseudo code is proposed 
in fig. 4.

Fig. 4: Pseudo Code for Ranking Rule 1

Rank rule 2: 
We noted that rank rule 1 may fail to discover the ranking order 
of the true popularity if used with suggestion rules such as TOP. 
Here, rank score updated only for an item that was not suggested. 
Slow rate of convergence. Its Pseudo code is proposed in fig. 5.

Fig. 5: Pseudo Code for Ranking Rule 2

1. Frequency Proportional
PROP is a randomized algorithm that for each user presents a 
suggestion set of items, sampled with probability proportional to 
the sum of the current rank scores of items. We will later show 
analysis that this suggestion rule combined with rank rule 1 is 
more robust to imitation than TOP, but there still may exist cases 
when it fails to learn the true popularity of items. Note: also that 
the algorithm is computationally demanding when the number of 
items and suggestion set size s are non small; it requires sampling 
on a set of elements as pseudo code proposed in fig. 6.

Fig. 6: Pseudo Code for PROP

2. Move to Set
M2S is a random iterative update rule of the suggestion set of 
items. The suggestion set is updated only when a user selects an 
item that is not in the suggestion set presented to the user. Note 
that for the suggestion set size of one item, M2S suggests the last 
used item, a recommendation rule used by many user interface 
designs. For the suggestion set size greater than one item, M2S 
is different from suggesting the last distinct used items due to 
the random eviction of items from the suggestion set, but note 
that the rule does bias to presenting recently used items. We will 
show how exactly this update rule tends to bias the sampling of 
the suggestion set with respect to true popularity rank scores of 
items. As an aside, note that M2S relates to the self-organized 
sorting of items known as move-to-front heuristic as proposed 
in pseudo code in fig. 7.

Fig. 7: Pseudo Code for M2S

3. Frequency Move to Set
For each item, the algorithm keeps a counter of how many users 
selected this item over users that were not suggested this item. 
The rationale is not to update the counter for items that were 
suggested and selected by users in order to mitigate the positive 
reinforcement due to exposure in the suggestion set. Furthermore, 
a selected item that was not suggested does not immediately 
qualify for entry in the suggestion set (as with M2S), but only if 
its counter exceeds that of an item that is already in the suggestion 
set as in fig. 8. In addition, specific to FM2S is that the eviction 
of an item from the suggestion set is over a subset of items with 
smallest counter.
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Fig. 8: Pseudo Code for FM2S

M2S and FM2S learn true popularity ranking that are lightweight. 
Self-tuning in that they do not require any special configuration 
parameters.FM2S confines to displaying only sufficiently popular 
items as the suggestion set can displayed as shown in the fig. 9.

Fig. 9: The Proposed Suggestion Set to the user

IV. Conclusion 
In this paper we proposed randomized algorithms like naive, 
PROP, M2S, FM2S to suggest the popular items based on ranking 
and popularity of items. We identified the limit ranking of the 
items which are provided by the algorithms and how they are 
related to the true popularity ranking and assessed the quality 
of suggestions as measured by the true popularity of suggested 
items. The proposed objective is of suggesting true popular items 
by quickly studying the true popularity ranking of items can be 
achieved by proposed algorithms.
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