










object Quality (Rank)
Naive Exact

mu1016864 0.97 (35) 1.09 (1)

reviewers eij Leniency (Rank)
Exact

cripper 1.0 -0.05 (97)
edmaidel 1.0 -0.88 (170)
george chabot 1.0 -0.19 (137)
icariusrex 1.0 -0.05 (95)
janesbit1 1.0 -0.11 (115)
matthewn 1.0 -0.10 (110)
munkus 1.0 -0.04 (94)
ninput 0.8 -0.61 (167)

Table 3: Profile of Object mu1016864

are given ranks ranging from 2 to 64 by Exact.
This shows that our model can differentiate the
quality of objects which are highly competitive,
e.g., selecting the best papers at conferences or
selecting the top proposals for funding.

• There are greater rank differences at higher ranks
than at lower ranks. For this dataset, there is a
lower density of objects at the lower end of the
quality spectrum, which makes it harder for a low
quality object to displace a higher- or lower-ranked
object even after adjustment for leniency.

5.1.2 Case Example The previous comparison has
focused on the overall difference in rankings. Here, with
the help of a specific example, we showcase how our
model is more intuitive than Naive.

Table 3 shows the profile of the object mu1016864.
It shows the quality (and rank) given by Naive and Ex-
act. To understand how the object is ranked, the table
lists the object’s reviewers, the scores they give (eij),
and for Exact also their leniency (and ranks). We claim
that intuitively the higher quality rank given by Exact
(rank 1) is more justified than the rank given by Naive
(rank 35). Exact shows that all the reviewers are neg-
atively lenient. Particularly, edmaidel (rank 170) and
ninput (rank 167) are among the least lenient (out of
172 reviewers). Naive does not take leniency into ac-
count, while Exact does. Exact adjusts these negatively
lenient reviewers’ scores upwards, which leads to the
higher quality (and rank) given to this object.

To summarize, these experiments have shown that
our model produces results that are different from and
more intuitive than Naive.

6 Conclusion

In this paper, we propose the Differential Model to ad-
dress the score summarization problem, for the scenario

where each object is evaluated by relatively few review-
ers. The main idea is to model the leniency of reviewers
to compensate for the under- or over-estimation of qual-
ity by reviewers. Through experiments with a real-life
dataset, we verify that this model is indeed more effec-
tive than the averaging approach (Naive).

Several avenues exist for future work. Since there
are no pre-determined quality and leniency, the “perfor-
mance” measurement in this paper mostly rely on intu-
ition. Conducting a user evaluation of the results might
further verify the effectiveness of the proposed model.
The problem addressed here also touches aspects be-
yond the scope of computer science. For instance, it
would be interesting to verify if the compensation mode
adopted in this paper is consistent with the psychology
of reviewers as studied in the social sciences.
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