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Abstract. We propose a new item-ranking method that is reliable and can eﬃciently identify high-quality items from among a set of items in a given category
using their review-scores which were rated and posted by users. Typical ranking
methods rely only on either the number of reviews or the average review score.
Some of them discount outdated ratings by using a temporal-decay function to
make a fair comparison between old and new items. The proposed method reflects trust levels by incorporating a trust discount factor into a temporal-decay
function. We first define the MTDF (Multinomial with Trust Discount Factor)
model for the review-score distribution of each item built from the observed review data. We then bring in the notion of z-score to accommodate the trust variance that comes from the number of reviews available, and propose a z-score
version of MTDF model. Finally we demonstrate the eﬀectiveness of the proposed method using the MovieLens dataset, showing that the proposed ranking
method can derive more reasonable and trustable rankings, compared to two naive
ranking methods and the pure z-score based ranking method.
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Introduction

The emergence of Social Media has provided us with the opportunity to collect a large
number of user reviews for various items, e.g., products and movies. Many social media
sites oﬀer the review score for an individual item which a user rated and posted. Reliable ranking is needed in order to eﬃciently identify high-quality items from among
a set of items in a given category. Typical item-ranking methods are very naive, i.e.,
ranking items according to either the number of reviews or the average review score. It
is often the case that these methods discount outdated ratings by using some temporaldecay function (see, e.g., [1, 9]) in order to fairly compare old and new items. In fact,
the idea of temporal-decay has already been exploited in several diﬀerent contexts
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of social media mining, aiming at better performance. For example, Koren [6] proposed several time-drifting user-preference models using temporal-decay functions in
the context of recommendation system (collaborative filtering). Temporal-decay eﬀects
of information diﬀusion processes have often been treated by introducing propagation
probabilities through links [3, 4, 10] in the context of modeling information diﬀusion in
social networks. We have enhanced the original voter model [11, 2] and proposed the
temporal-decay voter model [5] by incorporating a temporal-decay function in the context of modeling opinion formations in social networks on the ground that people may
decide their opinions by taking account not only of their neighbors’ latest opinions, but
also of their neighbors’ past opinions with some discount.
We believe that bringing in the notion of trust factors in temporal-decay is important
in the context of item-ranking. For example, consider predicting the future review-score
distribution of an item from its past observed trend. An item that has maintained a
stable review-score distribution over time will remain so in the near future and the past
information is trustable (high trust level) for making prediction. On the other hand,
an item that had gone through unstable fluctuating review-score distribution over time
is not easily predictable and the past information is not trustable (low trust level). In
this paper, we propose a novel item-ranking approach reflecting such trust levels by
incorporating a trust discount factor into a temporal-decay function, and evaluate its
eﬀectiveness using the MovieLens dataset. 1 Note that the trust we introduced here is
on items and is diﬀerent from the work in recommender systems such as [8, 7] where
the trust is on users.
We first define the MTDF (Multinomial with Trust Discount Factor) model, which is
a variant of extended voter model assuming a multinomial probability distribution, and
estimate the review-score distribution of each item from the observed review data with
trust discount. We then bring in the notion of z-score to accommodate the trust variance that comes from the number of reviews available, and propose a z-score version
of MTDF model, i.e. we cannot trust the score if the number of reviews is too small.
We finally demonstrate the eﬀectiveness of the proposed method using the MovieLens
dataset and show that the proposed ranking method can derive more reasonable and
trustable rankings by comparing our results with the results of two naive ranking methods and the pure z-score based ranking method.
The rest of the paper is organized as follows: We describe the proposed ranking
method in section 2 and report the results of our experiments using the MovieLens
dataset in section 3. In the experiments, we examine the exponential and the power-law
decay functions as two typical temporal-decay functions, and demonstrate the eﬀectiveness of the proposed method by comparing our results with the results of three other
simpler methods. We conclude the paper by summarizing the main results and needed
future work in section 4.

2

Ranking Method

Let V be a set of items evaluated by users with one of integer scores K = {1, · · · , K}
during time interval T . Then, we can describe a set of review results by D = {(v, k, t) | v ∈
1
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V, k ∈ K, t ∈ T }. For any v ∈ V and t ∈ T , we consider the set M(v, t) consisting of
the time τ at which an item v was reviewed before time t, i.e., M(v, t) = {τ | (v, k, τ) ∈
D, τ < t}. Let g(v, t) ∈ K be the score of item v at time t. Then, for k ∈ K, we also
consider a subset of M(v, t), Mk (v, t) = {τ ∈ M(v, t) | g(v, τ) = k}, where Mk (v, t) is the
set of item v’s evaluated time instances before time t at which v was evaluated to be the
score k. Now, we can define a multinomial model which takes all the past scores into
consideration. Namely, we consider the following model for predicting the review-score
distribution of item v at time t from its observed data.
1 + |Mk (v, t)|
P(g(v, t) = k) =
, (k = 1, · · · , K),
(1)
K + |M(v, t)|
where we employed a Bayesian prior known as the Laplace smoothing. Here we note
that the Laplace smoothing of Eq. (1) corresponds to the assumption that each item
is initially evaluated by one of the K scores with equal probability. Note also that the
Laplace smoothing corresponds to a special case of Dirichlet distributions that are very
often used as prior distributions in Bayesian statistics, and in fact the Dirichlet distribution is the conjugate prior of the categorical distribution and multinomial distribution.
We refer to this model as the base multinomial model.
Thus far, we assumed that all the past reviews are equally weighted. However, it
is naturally conceivable that some of the quite old reviews are almost out-of-date and
their trust levels might be low. In order to reflect this kind of eﬀects into the model,
we consider introducing some trust discount factors. The simplest one is an exponential
discount factor defined by ρ(∆t; λ) = exp(−λ∆t), where λ ≥ 0 is a parameter and ∆t =
t − τ stands for the time diﬀerence between t and τ. Another natural one would be a
power-law discount factor defined by ρ(∆t; λ) = (∆t)−λ = exp(−λ log ∆t), where λ ≥ 0
is a parameter. Now, we construct a more general discount factor as described in [5].
For a given positive integer J, we consider a J-dimensional vector consisting of linearly
independent features, F J (∆t) = ( f1 (∆t), · · · , f J (∆t))T , and a parameter vector with nonnegative elements for these features, λJ = (λ1 , · · · , λ J )T . Then, we define a general
discount factor by ρ(∆t; λJ ) = exp −λJ T F J (∆t) . Using this general discount factor
ρ(∆t; λJ ), we define the MTDF (Multinomial with Trust Discount Factor) model in the
following way. In this model, Eq. (1) is replaced with
P
1 + τ∈Mk (v,t) ρ(t − τ; λJ )
P
P(g(v, t) = k) =
, (k = 1, · · · , K).
(2)
K + τ∈M(v,t) ρ(t − τ; λJ )
Note that Eq. (2) is reduced to Eq. (1) when λJ is the J-dimensional zero-vector 0 J , that
is, the MTDF model of λJ = 0 J coincides with the base multinomial model. Here, we
can estimate the trust discount parameter values λ̂J of the MTDF model by maximizing
the likelihood function based on Eq. (2) for a given observed review results D. Note
that the MTDF model of λ̂J ≈ 0 J for some item v means that this item does not need to
introduce a trust discount factor, which maintains a high trust level.
Below, we propose a method of ranking items based on the MTDF model using
the observed review results. Here note that the average score and itspstandard deviation
P
P
2
during time interval T are calculated by µ = k∈K kp(k) and σ =
k∈K (k − µ) p(k),
P
P
respectively, where p(k) = v∈V |Mk (v, T )|/ v∈V |M(v, T )| and T is the final observation time defined by T = max{t ∈ T }. Note that under the assumption that each review
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score is independently given according to the distribution defined by p(k), the expected
deviation of the average score after Q reviews S = {k1 , · · · , kQ } becomes
v
u
u

2 Q
t
Q
X
X 
σ
1 X  Y

µ −
···
kq 
p(kq ) = √ .
Q q=1
Q
q=1
k ∈K
k ∈K
1

Q

Then, we can consider the z-score z(v, t) of the average score for item v at time t by
z(v, t) =

X |Mk (v, t)|
µ(v, t) − µ
, µ(v, t) =
.
k
√
|M(v, t)|
σ/ |M(v, t)|
k∈K

(3)

Clearly, we can regard an item with a larger z-score z(v, t) of Eq. (3) as the one having
significantly higher scores. We refer to this ranking method as base ranking method.
Now, we extend the z-score of Eq. (3) by introducing the idea of the MTDF model as
follows:
X Pτ∈M (v,t) ρ(t − τ; λ̂J )
µρ (v, t) − µ
zρ (v, t) =
, µρ (v, t) =
, (4)
kP k
q
P
τ∈M(v,t) ρ(t − τ; λ̂J )
k∈K
σ/
ρ(t
−
τ;
λ̂
)
J
τ∈M(v,t)
where recall that λ̂J stands for the trust discount parameter values estimated from a
given observed review results D. Evidently, we can regard an item with a larger z-score
zρ (v, t) of Eq. (4) as the one having significantly better review scores as well as having
a high trust level. We refer to this ranking method as proposed ranking method.

3

Experiments

To evaluate the proposed ranking method, we applied it to the real world dataset, and
show its usefulness by comparing the resulting rankings with those by the naive and
base ranking methods.
3.1

Dataset

We employed the MovieLens 10M/100k dataset to experimentally evaluate our ranking
methods. MovieLnes is one of the online movie recommender services, and the dataset
consists of 10,000,054 ratings with time stamps that are made on a 5-star scale with halfstar increments for 10,681 movies by 71,567 users2 . We, henceforth, simply refer to this
dataset as the MovieLens dataset. Figure 1 shows the frequency of each review score.
Assuming that it is drawn from a multinomial distribution with K = 10, the average
score over all movies is 3.51 and the standard deviation is 1.06. Interestingly, the user
is more likely to evaluate movies without using a half-star. Next, we plot the movies in
Fig. 2, using the number of their reviews and the average score over them. In this figure,
we can observe that many of the movies having over 10,000 reviews get relatively high
scores greater than the overall average 3.51. The top-5 titles in descending order of
2
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Fig. 2. Scatter plot of movies based on the
number of reviews and the average score.

the number of posts are summarized in Table 1, which is one of naive ranking results.
These movies appear in the rightmost area in Fig. 2, and attract much attention from
many users during the whole period, but seem to be a little bit old. This is because old
movies stay in the system for a longer period of time than recent ones, and thus they are
likely to get many reviews.
Another naive way of ranking movies is to use their average scores, and the top-5
movies in that ranking are shown in Table 2. They appear around the top-left corner
of Fig. 2. Notice that their average scores are all 5.00, but all are derived only from
at most 2 review scores. Since these average scores are meaningless from a statistical
viewpoint, we should exclude such movies that have only a few reviews from rankings
by specifying a certain threshold, say 10. Table 3 shows the revised top-5 titles after
removing such movies that have less than 10 reviews. This threshold is reasonable in
a sense that the distribution of the movies with less than 10 reviews is quite diﬀerent
from the rest in Fig. 2. In this case, one can see that the average scores of the 5 movies
are derived from a suﬃcient amount of reviews, which makes them statistically reliable.
Still these movies seem to be a little bit old, too, due to the same reason as the above.
3.2

Results

First, we applied the base ranking method to this dataset by setting the ranking evaluation time t in Eq. (3) at the latest available review time. The resulting top-5 titles are
shown in Table 4. It is noted that the top-4 movies are identical to those in Table 3
except that the second and third titles are swapped. This is attributed to the fact that zscores of such items that have only a few reviews become close to 0 as shown in Fig. 3,
where the resulting z-scores for all the movies are plotted in two dimensional space in
which the horizontal axis is the number of reviews and the vertical axis is z-score. On
the other hand, we can observe in Fig. 3 that z-scores spread more widely as the number
of reviews becomes larger. From these results, we can say that the z-score defined by
Eq. (3) implicitly takes into account both the review frequencies and the average scores
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Table 1. Top 5 movies in the number of review posts.

1
2
3
4
5

Title (year of release)
Average score
Pulp Fiction (1994)
4.16
Forrest Gump (1994)
4.01
The Silence of the Lambs (1991)
4.20
Jurassic Park (1993)
3.66
The Shawshank Redemption (1994)
4.46

# of posts
34,864
34,457
33,668
32,631
31,126

Table 2. Top 5 movies in the average review score.

1
2
3
4
5

Title (year of release)
Average score # of posts
Satan’s Tango (1994)
5.00
2
Shadows of Forgotten Ancestors (1964)
5.00
1
Fighting Elegy (1966)
5.00
1
Sun Alley (1999)
5.00
1
The Blue Light (1932)
5.00
1

Table 3. Top 5 movies in the average review score over at least 10 posts.

1
2
3
4
5

Title (year of release)
Average score
The Shawshank Redemption (1994)
4.46
The Godfather (1972)
4.42
The Usual Suspects (1995)
4.37
Schindler’s List (1993)
4.36
Sunset Blvd. (1950)
4.32

# of posts
31,126
19,814
24,037
25,777
3,255

of items, and prevents rarely-reviewed items from being ranked high without the need
of any threshold for the number of reviews.
Next, we applied the proposed ranking method to the MovieLens dataset. First, we
tested the MTDF models with the exponential and power-low discount factors, and evaluated which model is better for this dataset. To do this, we computed the log-likelihood
ratio statistic of each model against the basic multinomial model for each movie in the
same way as described in [5]. Figure 4 illustrates the relationship between the statistics,
where movies are plotted based on those statistics. From this figure, we can observe a
positive correlation, but cannot see a big diﬀerence between them, meaning that both
decays are equally good and acceptable. Thus, due to the page limitation, we present
only the rankings derived from the MTDF model with the exponential discount factor
in Table 5. Compared to Tables 3 and 4, it is remarkable that the relatively new movies
rank in the top-5 thanks to the trust discount factor of the MTDF model that degrades
the eﬀects of old reviews, while keeping their average scores comparable with those
in Tables 3. In deed, the ranking of the first-ranked movie is thought reasonable as it
is such an acclaimed movie that it won the Academy Awards. On the other hand, the
second-ranked movie in Table 5 is common to both Table 3 and 4 and it is relatively
old. This implies that this movie maintains high ratings even in the recent period, and
thus it has a high trust level. In summary, the proposed ranking method is useful and
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Table 4. Top 5 movies in the z-score.
Title (year of release)
The Shawshank Redemption (1994)
Schindler’s List (1993)
The Usual Suspects (1995)
The Godfather (1972)
The Silence of the Lambs (1991)
Log−likelihood ration for power law decay model

Ranking
1
2
3
4
5
200
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z-score Average score
157.19
4.46
128.85
4.36
124.96
4.37
119.82
4.42
119.70
4.20

# of posts
31,126
25,777
24,037
19,814
33,668
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Fig. 3. Relationship between the number of Fig. 4. Comparison between the exponential
posts and the z-score of movies
decay and power-low decay models in loglikelihood ratio of movies.

derive more reasonable and trustable rankings by placing more weight on recent stable
ratings. It is statistically reliable without a need of any threshold.

4

Conclusion

In this paper, we presented the MTDF (Multinomial with Trust Discount Factor) model
for the review-score distribution of each item built from its observed data. We further
introduced the z-score to account for the trust level variation due to the variation of
the number of reviews. The final model combines these two that takes both the eﬀect
of 1) the time that a review was posted for an item (trust discount) and 2) the number
of reviews users posted for that item (trust variation). In our experiments using the
MovieLens dataset, we demonstrated that the proposed ranking method can derive more
reasonable and trustable rankings, compared to the two naive ranking methods and the
pure z-score based ranking method. We believe that our MTDF model will play an
important role not only for ranking tasks as shown in this paper, but also for other tasks
such as predicting evolution of social networks. However, in order to support our claim,
we need to evaluate our model on a wide variety of problems. To this end, we plan to
elaborate functional forms of trust discount factor as our future study.
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Table 5. Top 5 movies in the z-score with exponential decay.
Ranking
1
2
3
4
5

Title (year of release)
The Departed (2006)
The Shawshank Redemption (1994)
The Lives of Others (2006)
The Prestige (2006)
Fight Club (1999)

z-score Average score # of posts
35.48
4.10
4,145
27.74
4.46
31,126
25.95
4.30
1,230
23.06
4.00
2,808
22.55
4.19
16,334
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