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ABSTRACT
To deal with the huge amount of potentially interesting con-
tent on the web today, users seek the help of curators to rec-
ommend which content to consume. The two most common
forms of curation are expert-based (the editor of a newspa-
per decides which articles to place on the front page), and
algorithmic-based (a search algorithm determines the rank-
ing of websites for a given query). In recent years, content
aggregators which use explicit vote-based feedback to curate
content for future users have grown exponentially in popu-
larity. The goal of this paper is to provide a descriptive
analysis of these crowdsourced curation mechanisms.

In particular, we study crowd-curation mechanisms that rank
articles according to a score which is a function of user-
feedback. We precisely quantify the dynamics of which ar-
ticles become popular in such these systems. While crowd-
curation can be relatively effective for cardinal objectives
like discovering and promoting content of high quality, they
do not perform well for ordinal objectives such as finding
the best articles. Our analysis suggests that user prefer-
ences and behavior are a far greater determinant of curation
quality than the actual details of the curation mechanism.
Finally, we show that certain shifts in user voting behav-
ior can have positive impacts on these systems, suggesting
that active moderation of user behavior is important for high
quality curation in crowd-sourced systems.

1. INTRODUCTION
Today, the internet is flooded with vast quantities of con-
tent, both professionally created and user-generated. While
the amount of potentially relevant content constantly grows,
the time that people are able to devote towards consuming
content remains the same. Curation is the layer that sits
in between the universe of content and the limited atten-
tion of users. Informally, the goal of curation is to collect
content, assess the quality of each item, and promote a rel-
atively small set of content that the user should focus his
attention on. Traditionally, curation was performed by ex-

perts, such as a newspaper’s front page editor, while today
the most common form of curation is algorithmic, ranging
from ranking relevant webpages for a search query to pro-
duce recommendation systems on large e-commerce sites. In
recent years, a new form of curation - crowdsourced cura-
tion - has risen in popularity due to the success of content
aggregators such as Reddit or Digg.

The motivation behind crowdsourced curation is quite sim-
ple: solicit the opinions of users who are already reading
articles and use that feedback to help curate content for fu-
ture users. One common method of crowdsourced curation
mechanisms is to rank each article according to the number
of upvotes (approvals) and downvotes (disapporovals) that
each article has received. Such a simple approach can actu-
ally circumvent some drawbacks of expert-based and algo-
rithmic curation. Experts provide high quality curation but
it can be expensive to pay a full-time editor and their atten-
tion is generally not scalable to the rising volume of content.
Algorithmic curation can provide high quality curation and
scales well but implementing good algorithms requires some
degree of technological sophistication, even just to imple-
ment a machine learning algorithm from a standard library.
Furthermore, high quality algorithmic curation is generally
not flexible enough to handle changes in content type, e.g.
from articles to videos, or shifts in user preferences. By con-
trast, crowdsourced curation is cheap, can be implemented
by most web developers, and is flexible but it is not clear if
it can provide high quality curation. While previous work
addressed specific aspects of crowdsourced curation, there
is not a detailed understanding of the exact dynamics and
properties of such crowd curation mechanisms. Our objec-
tive in this paper is to provide a theoretical, descriptive anal-
ysis of these systems.

In recent years, the popularity of link-aggregating websites
which employ these crowd curation mechanisms have greatly
risen in popularity. Today, the website for the New York
Times receives 15 million page views per day, Google News
receives 11 million page views per day and Reddit receives
8.5 million page views per day1. Before Reddit reached this
sort of popularity, another crowd curator called Digg re-
ceived over 238 million unique visitors per year. As the
popularity of such curation websites starts to rival that of
traditional curators such as the New York Times, we believe
it is important to understand the dynamics in these mecha-
nisms that determine what content becomes popular.

1According to Alexa estimates taken during October 2012



In this work, we study a class of crowdsourced curation
mechanisms which closely model the design and dynamics
of the crowd curation mechanisms employed by the most
popular link-aggregating websites. These websites have two
defining characteristics. First, articles are ranked accord-
ing to a score based on the number of upvotes (approval
votes) and downvotes (disapproval votes) received. Second,
these sites use a very specific website design which we call
the front page model. When a user visits the site, they are
shown the top k articles in the ranking. To view the k+ 1st

ranked article, the user must click on a link to visit the next
page. In effect, this focuses almost all attention on the top k
articles while the articles lower in the ranking receive almost
zero attention. Member of the popular press as well as re-
searchers have observed that such a design introduces a“rich
get richer” effect because articles which are in the top k are
likely to receive more positive feedback and thus more likely
to appear on the front page in the future. Our analysis pro-
vides qualitative and quantitative consequences of this effect
on these mechanisms’ ability to curate effectively.

We emphasize that our goal is a descriptive analysis, in the
sense that we are attempting to answer the question“what is
currently happening in crowdsourced curation mechanisms”,
as opposed to the prescriptive question of what“should”hap-
pen in these systems. We adopt this focus in an effort to
bridge the gap between theory and the reality of existing
systems. There are many scenarios where the theoretically
optimal solution is not used in practice because that solution
may violate practical design constraints or not take into ac-
count a few important practical objectives. In the realm of
crowd curation systems, a prime example of the gap between
theory and practical systems is the role of randomization.
These systems present an obvious explore vs exploit prob-
lem, should we explore more articles to find out their quality
or just exploit the best ones that we have at the moment, for
which randomization is necessary for a good algorithm. In-
deed, in 2005 Pandey et al, [14], demonstrated that a small
amount of randomness can yield large gains in quality. De-
spite this theoretical understanding, popular user-generated
content and link aggregating sites, such as Reddit, Hack-
ernews, Slashdot and Stackoverflow, do not fundamentally
incorporate randomness into their rankings algorithms. In
light of this apparent gap, we feel asking the descriptive
question is interesting and well-motivated.

Our Contributions We present a model which captures
fundamental features of the most popular crowd-curation
websites. Our model has three essential components: arti-
cle quality, user voting behavior, and user attention. Our
models for article quality and user behavior are general and
based on similar models from previous work in this area,
[7]. Our model for user attention is specifically tailored to
model the allocation of attention induced by the popular
Front Page design found in most content aggregators. This
specific front page model, which comes at the loss of some
generality, allows us to make more relevant theoretical pre-
dictions about the real-world curation mechanisms that we
care about.

We analyze the evolution of the article ranking through a
random walk and use a combination of markov chain tech-
niques and Bayesian statistics to precisely compute distribu-

tions over articles which appear in the top k. Using this dis-
tribution, we compute the performance of a curation mech-
anism with respect to two metrics, curation quality which
is the average fraction of the population that an article in
the top k satisfies, and discovery efficiency - the probabil-
ity that the best article is in the top k. For example, when
article qualities are drawn uniformly between [0, 1], a ran-
dom article in the top k will satisfy 81% percent of users
in expectation but there’s a relatively small chance of find-
ing the best article; the top k is only 3 times more likely
to contain the best article than a random set of k articles
is. We use this distributional characterization to compare
performance of curation mechanisms on two different distri-
butions F and G when they satisfy a stochastic dominance
relation and use this result to provide theoretical evidence
in support of active moderation of user behavior. Finally,
we extend our basic model to capture the nuances of Red-
dit’s curation mechanism and show that the top k attention
model explains the recent empirical observations of [8] which
shows that many popular articles on Reddit were ignored at
least once before they eventually became popular.

2. RELATED WORK
In the realm of user-generated content and ranking mecha-
nisms, there are two main bodies of work. The larger body
of work is concerned with analyzing and designing ranking
mechanisms that improve upon the basic pitfalls that sim-
ple voting mechanisms encounter, [19], [22], [21], [1]. Us-
ing a simulation-based analysis, Cho et al, [2], demonstrate
that the top-k ranking principle leads to the“rich-get-richer”
problem. One simple proposal to fight this problem is the
use of randomization, [20], [14], but as we argued in the in-
troduction, most curation mechanisms do not use random-
ization. Das Sarma et al [3], show impossibility results for
these curation mechanisms but with respect to a very strong
ordinal metric that might be appropriate for smaller environ-
ments but are not particularly relevant to large link aggrega-
tors. Hogg and Lerman, [9], use Markov chains to model the
submission, rating, and sharing of content on social curation
systems.

The more recent body of work examines the incentives in
user-generated content systems. There has been a large
work in modeling the ranking mechanisms in a game theo-
retic manner when users are rewarded by the attention their
contribution receives but incur increasing costs to produce
higher quality content. In a series of papers, [7], [4], [5],
Ghosh et al showed that ranking mechanisms need to be
designed carefully in how they distribute attention to each
submission in order to incentivize high quality submissions
in equilibrium. In a more recent paper, Ghosh and Hummel,
[6], examined similar incentive issues in UGC systems that
use machine learning approaches to discover good content.
Our work does not model any incentive issues and is thus
more similar in spirit to the first body of work.

Finally, there’s a number of papers from a social science
perspective which examine the roles that social behaviors
play in determining the dynamics of user-generated content
systems or news aggregators. [12] examines the function of
curation systems on Slashdot.org where certain only select
users have the ability to vote on and moderate comments.
[10] examines the deliberation surrounding the decisions of



which pages are promoted to the front page of Wikipedia.
Both of these papers focus largely on the complex social be-
haviors between a smaller number of agents while this paper
is focused more on the interplay of the mathematics of the
curation mechanism with the interactions of a large number
of users. Finally, [8] provides a detailed study of empiri-
cal phenomena on Reddit, observing that a large portion of
popular articles were actually submitted to Reddit multiple
times before the content became popular. The effects in this
paper give support for our theoretical model and in section 6,
we provide an explanation for their observed effects.

3. MODEL
Before we describe each component of the model formally,
we give a brief overview of the process.

1. Content is submitted to the curation website at the
beginning of the day.

2. A user visits the site and is shown the k articles with
the highest score, known as the top k. Scores are based
on the total number of upvotes and downvotes that
each article has accumulated before this user’s visit.

3. After reading each article in the top k, the user upvotes
or downvotes that article.

4. The website recomputes scores for each article based
on the new totals of upvotes and downvotes.

Our model is characterized by three important entities: the
articles, the users, and the ranking rule used by the mecha-
nism.

The Articles Each article has an unknown quality qi ∈
[0, 1] which is defined by the fraction of the entire user pop-
ulation that would upvote this article if they read it. Fur-
thermore, we assume the existence of a distribution F over
[0, 1], known as the quality distribution. At time t = 0, be-
fore any users visit, n articles are submitted to the website.
The quality of each article i submitted is realized according
to n independent draws from the quality distribution F , i.e.
qi ∼ F .

With this definition, article quality is endogenously defined
by the opinions of the user population for the site. For
example, an article about politics could have a high quality
on a site like Reddit but have a low quality on a site like
Hackernews, because the users of Hackernews do not value
political articles on their site. The quality distribution will
also be endogenously determined jointly by the set of articles
submitted to the site and the user populations opinions on
those articles.

User Attention At each time step t = 1, 2...T , a single user
visits the site. All n articles are displayed according to the
current rankings (determined by article score) but the user
only views the “front page”, the top k articles according to
the ranking. That is, we assume that users view and vote
on each article in the top k but then leave the site after that
point. This modeling choice is motivated by the prevalence
of the top k design of many webpages, particularly amongst
the sort of crowd curation sites that we seek to understand.

It is quite clear that such a heavy concentration of user at-
tention on the top articles creates a “rich get richer” effect
for the articles which manage to reach the front page. Our
goal is to further this observation and exactly quantify the
effect on curation quality.

The mere use of a front page design does not necessarily
imply that there’s a large concentration of user attention on
the top articles. However, there’s a myriad of empirical and
anecdotal evidence, collected from popular websites, that
suggest that user attention tends to be heavily focused on
the front page. Figures 1a and 1b show the result of a sta-
tistical analysis performed by a Reddit employee of the set
of links submitted to Reddit over a three day period, [11].
Figure 1a is a histogram of the distribution of votes across
links. This histogram shows that not all attention is focused
on the most popular but that an exponentially large frac-
tion of the attention is devoted to the most popular articles
(the buckets on the x-axis are exponentially sized). Simi-
larly, figure 1b shows the evolution of score of some random
articles. Most articles are created and have a very low score
through the duration of the life of the link, except for the
article which reaches the top k, after which its score grows
at a very rapid rate. To a first-order approximation, there is
very little difference in the dynamics induced by assuming
that zero attention moves beyond the top k and assuming
that an exponentially small amount goes beyond the top k.
For certain types of curation mechanisms, including the one
used by Reddit and Hackernews, we can prove that perfor-
mance is almost exactly the same under the assumption of
no attention past the top k or a very small amount of atten-
tion past the top k. See appendix A for more detail. We can
also easily extend our model to the case where each article
gets a limited amount of feedback as it is submitted to the
system. The extension does not fundamentally change the
dynamics that we study. See appendix ?? for more detail.
Our model also easily extends to the case where users don’t
always vote upon every article in the top k, for example, if
the fraction of users who read the article in position i was a
decreasing function of i. .

User Voting Given that article quality is defined by the
fraction of users who would upvote that article, the user
voting model is fairly simple. After a user reads an article
with quality qj , that user upvotes j with probability qj and
downvotes with probability 1 − qj . We assume that how a
user at time t votes on article j is conditionally independent
(conditioned upon the quality qj) of all votes on article j
from previous users and independent of how user t voted on
all other articles i 6= j.

This model describes aggregate voting behavior, it doesn’t
directly describe how each specific user acts. That is, we
don’t assume that users necessarily vote according to this
stochastic process but we assume that voting behavior can
be explained in this manner in expectation. This allows
our analysis to extend to any specific voting behavior which
satisfies the above independence assumptions.

The Curation Mechanism

In this paper, we study a simple curation mechanism, the
difference rule, that is used quite often in practice. Let uti



(a) Vote Histogram (b) Score vs Time

Figure 1: Two plots from the Reddit blog showing the results of a statistical analysis of Reddit over a three day period . Figure
1a shows a histogram of the number of votes per link. The buckets on the x-axis are exponentially sized. This histogram
reveals that an exponentially large number of votes are focused on a very small set of articles. Figure 1b shows the evolution
of scores for random articles posted on Reddit. The steep line demonstrates the rapid increase in score when the associated
article was promoted to the front page. Source: [11]

and dti denote the number of upvotes and downvotes that
article i accumulated up to time t. Then at time t, the
difference mechanism ranks all articles in decreasing order
of uti−dti. For notational convenience, we will often omit the
superscript t where it is clear. In the case where there’s a
tie between two articles, we assume the mechanism ranks in
favor of the higher ranked article in the previous time step
(ties are broken randomly at t = 0).

Despite its simplicity, many popular curation websites use
this rule. For example, analysis of the source code of Reddit
reveals that they use this mechanism to rank articles, while
Hackernews uses this mechanism to rank comments on their
site ([18], [17]).

Performance Metrics We will measure the performance
of a curation mechanism by two metrics, curation quality
and discovery efficiency, which are metrics on the set of
articles displayed in the top k when the system reaches its
steady state. As we will show in the next section, these
systems reach a point where the set of articles which appear
in the top k will remain in the top k for all remaining time
steps. We will denote the steady state set of top k articles
by topk.

1. Curation quality, denoted QF (M), is the average qual-
ity of articles displayed in the final top k when curation
mechanism M is run on articles with qualities drawn
from quality distribution F . Formally,

QF (M) =
1

k
E[
∑
i∈topk

qi]

Where the expectation is taken over any randomness
in the draws from the quality distribution and the ran-
domness in user voting.

2. Discovery efficiency, denoted DF (M) is the probabil-
ity that the best article, the one with the highest qual-
ity, appears in the final top k when mechanism M is
run on articles with qualities drawn from quality dis-
tribution F . Formally

DF (M) = P (q∗ ∈ topk)

Where q∗ represents the article with the highest qual-
ity q and the probability is taken over any randomness
in the draws from the quality distribution and the ran-
domness in user voting.

We feel that studying both of these metrics add to our un-
derstanding of curation mechanisms. Curation quality es-
sentially measures the average user satisfaction with the set
of articles that appear on the front page. Alternatively, this
measures the extent to which the mechanism is responsive
to preferences of the user community. This is an important
metric to keep in mind for the continued growth and popu-
larity of a given curation mechanism. If the curation quality
is too low, it is likely that many users will stop coming to the
site. Indeed, many tech writers partially attribute the rapid
decline Digg’s popularity to a change in their mechanism
which allowed news publishers to promote their content to
the front page over the content which was voted up by the
community.

Discovery efficiency is arguably better suited to the general
notion of curation. Ideally, users don’t want good things,
they want to be shown the very best things. One could
also imagine employing these curation mechanisms to sift
through large quantities of content in order to find the best
articles and to archive them for use in the future. The dis-
covery efficiency of a curation mechanism gives a sense of
how well-suited it is to these sorts of tasks. This particular



definition of discovery efficiency focuses on finding best qual-
ity article but it can easily be extended to questions such as
”what percentage of the best 10 articles appear in top K” or
”what’s the probability that a specific article appears in the
top K”.

Additional Assumptions The final assumption that we
make in this paper is that the number of articles, n, is much
larger than k, the number of articles displayed on the front
page. This condition ensures that articles which are removed
from the front page are never promoted again because there’s
enough new content in the system. In particular, we assume
the following:

k

n
≤ 1

2

(
1− F (

2

3
)

)
Since F is the quality distribution, 1− F ( 2

3
) is the fraction

of articles which are liked by at least two thirds of the popu-
lation. For example, if we assume that the front page shows
10% of all articles ( k

n
= 1

10
) then we assume that at least

20% of articles are approved of by at least two thirds of the
population2. In practice, n is generally much larger than k
and this assumption is benign.

4. THE DIFFERENCE MECHANISM
In this section, we analyze the simple yet common curation
mechanism of ranking by difference of upvotes and down-
votes, M(ui, di) = ui − di. Our goal is to quantify the
performance of the difference scoring with respect to the
two metrics we introduced above: the expected quality of
an article in the final top k and the probability that the
highest quality article appears in the final top k. In order
to do this, we need to understand a few properties of these
systems such as the probability that an article with quality
q will remain in the top k if it ever gets to the front page,
the expected number of articles that receive any votes, the
probability that a random article will ever be promoted to
the front page, etc. The main idea is to frame this process
as a random walk over the scores of the articles and analyze
hitting times for scores that push articles out of the top k.
We then apply Bayes rule to derive the conditional distri-
bution of qualities of articles that appear in the final top
k. Using this conditional PDF, we can quantify the perfor-
mance of the difference mechanism on a general distribution
F .

We begin by noting that since the score for each article i
is si = ui − di, we can model the movement of an article’s
score as a random walk with probability qi of moving to
si + 1 and probability 1 − qi of moving to si − 1 whenever
article i receives a vote. However, only articles on the front
page receive votes when a user visits, so the score of articles
outside the top K will remain constant. At first glance, it
might seem that we need to consider the joint random walk
between all n articles but it turns out that we can actually
analyze each random walk independently. Since we are only
concerned with the set of articles in the final top k, the
relative positions of any two articles within the top k do
not matter. On the other hand, the relative scores between
an article in the top k and an article outside the top k do

2This condition is sufficient for our results to hold but it is
not necessary

matter. An article on the front page at time t will only leave
the front page at time t+ 1 if its score falls below the score
of the article in position k + 1. As we show in the next
lemma, the score of the article in position k + 1 will always
be 0, since that article will have received 0 upvotes and 0
downvotes3.

lemma 1. Let πt denote the ranking of articles at time t
and let sπt

i
denote the article in position i in the ranking.

Then sπt
k+1

= 0 for all t.

Proof. Assume for now that vF , the total number of
articles that are viewed during this process is less than n.
We show this is true in the proof of lemma 3. Then there
always exists an article that has 0 votes and thus has a
score of 0. Then when an article is removed from the top k,
its score is exactly -1 (if it has a score of 0, we break ties in
favor of it since it was ranked higher in previous time steps).
Then, for any article i that received a non-zero amount of
votes, si = −1. For any article j that received zero votes,
sj = 0 and thus the score of the article in position k+ 1 will
always be 0.

This suggests a simple dynamic. An article i in the top k
will only fall out of the top k when si = −1. When this
happens, article i will be placed at near the bottom of the
ranking and a new article will be promoted into the top k.
If an article never hits state −1, then it will remain in the
top k for the duration of time, hence becoming part of the
final top k articles.

Observation 1. An article i which enters the top k will
appear in the final top k articles if and only if the associated
random walk never hits state -1.

So what is the probability that an article with quality q never
leaves the front page? This is the probability that a simple
random walk never hits state −1 when it starts at state 0.
In the language of random walks, this can be computed via
hitting time analysis. The hitting time of a state s, denoted
Hs
i , is defined as the first time the random walk enters state

s if it starts from state i. Then the probability that a random
walk never enters a state is the probability that state has an
infinite hitting time. For simple random walks, hitting times
have nice closed form solutions.

Let p(topk|q) denote the probability that an article remains
in the top k permanently, given that its quality is q. This is
exactly the probability that H−1

0 = ∞. Then hitting time
analysis yields the following

p(topk|q) =

{
2− 1

q
q > 1

2

0 q ≤ 1
2

(1)

So if an article with quality q > 1
2

enters the top k, the
probability that it will remain in the top K after all users

3In reality, this analysis doesn’t require that the score is
exactly 0, so long as it some constant c. This might be
the case of the mechanism provides each article with some
small amount of initial feedback. See section ?? for more
discussion



have visited is 2 − 1
q
. Articles with quality below 1

2
have

probability zero of remaining in the top k.

When one article is kicked out of the top k, a brand new
article is promoted in it’s place. The quality of that article
is distributed according to f , the PDF of the quality distri-
bution (since the new article has no votes, we don’t need to
do any conditioning). Using this fact and Equation 1, we
can apply Bayes rule to actually compute the distribution
of qualities of articles in the final top k.

Let f(q|topk) be the PDF of the quality of an article that is
in the final top K. Then using Bayes rule

f(q|topk) =
p(topk|q)f(q)

p(topk)

The quantity p(topk|q) is exactly what we computed in equa-
tion 1, and we can compute p(topk) by marginalizing over
quality. This yields our first theorem.

Theorem 1. Assume that k and n satisfy the sufficient
articles assumption. Then for any curation mechanism M
that satisfies the assumption in Section 3, the conditional
distribution of article qualities in the final top k is given by

f(q|topk) =
(2− 1

q
)f(q)∫ 1

.5
(2− 1

x
)f(x)δx

(2)

Proof. Standard application of Bayes rule. The limits
of integration in the denominator are take from 1

2
to 1 since

equation 1 shows that articles with quality below 1
2

have 0
probability of remaining in the top k.

4.1 Curation Quality
Given the distribution of top k article qualities, it is now
straightforward to calculate the expected quality of an arti-
cle that appears in the final top k.

lemma 2. The curation quality for a mechanism M on
distribution F is given by

QF (M) =
1∫ 1

.5
(2− 1

x
)f(x)δx

∫ 1

.5

q(2− 1

q
)f(q)δq

Proof. Follows from the definition of expectation and
Theorem 1.

For example, when article qualities are distributed uniformly
over [0, 1], i.e. f(q) = 1, we get

E[q|top k] =
1∫ 1

.5
(2− 1

x
)δx

∫ 1

.5

q(2− 1

q
)δq ≈ .814

4.2 Discovery efficiency
Recall that the discovery efficiency of a mechanismM on dis-
tribution F is the probability that the best article, the one
with the highest quality, appears in the final top k. When
F has full support over [0, 1] and n is sufficiently large, the
quality of the best article is essentially 1. For the sake of
simplicity, we’ll assume this is the case but it is straightfor-

ward to extend this analysis when the expected maximum
quality is less than 1.

lemma 3. The discovery efficiency of a mechanism M
with quality distribution F , DF (M), is the probability that
the best article appears in the final top k. This is given by

DF (M) =
k

n
× 1∫ 1

.5
(2− 1

q
)f(q)δq

Proof. If an article has quality 1, then it will appear in
the final top k if it is ever promoted to the top k. Thus
we need to figure out the probability that the best article
is promoted to the top k at some point. Let VF denote the
expected number of articles that are promoted to the top
k at some point in this process (even if the article is later
voted out). Articles have no feedback before they enter into
the top k, so all qualities are promoted into the top k with
equal probability. Thus if VF articles are promoted in total,
and there are n articles, the probability that any particular
article is promoted is equal to VF

n
.

It remains to calculate VF . For each randomly promoted
article, there’s a p(topk) probability that it remains in the
top K permanently. If we had a single slot in the top k, we
would need to view in expectation 1

p(topk)
articles in order to

find one that would remain in the top k permanently. Since
we have k slots, VF = k × 1

p(topk)
. Plugging in the equation

for p(topk) yields the result.

We finally show that VF < n under the assumption that
k
n
< 1

2
(1−F ( 2

3
)) as we assumed in Section 3. We have that

VF =
k∫ 1

.5
(2− 1

q
)f(q)

≤ 1
1
2
(1− F ( 2

3
))
≤ n

Since 2− 1
q

at q = 2
3

is equal to 1
2
, so the integral over .5 to

1 is at least 1
2

times 1 − F ( 2
3
). The last inequality follows

from the assumption.

For example, if the quality distribution is the uniform dis-
tribution, the discovery efficiency is k

n
× 3.25.

4.3 Discussion
Lemmas 2 and 3 demonstrate that these curation mecha-
nisms have the potential to deliver a high curation quality,
but do very poor in terms of finding the best articles. This is
evident based on the fact that curation quality has no depen-
dence on n or k, it only depends on the quality distribution
F . On the other hand, discovery efficiency decreases quickly
as the number of articles submitted to the mechanism grows.
On a site like Reddit, where the number of active articles
can be in the thousands, this result predicts that any par-
ticular article stands a very small chance of reaching the
front page, and thus will get essentially no attention from
the community.

The assumptions which drive the above results can be in-
tuitively summarized as a “no competition between articles”
assumption. The key condition was an article would be re-
moved from the top k if and only if it fell below the k+1 high-
est score, but because no article past the first page receives
any attention, that score was fixed at 0. Then our techniques



were modeling the appropriate random walk, identifying the
states where the score of an article in that state would fall
below that threshold, and then conditioning on the event
that a random walk never enters those states. This structure
allows us to extend the analysis in a few ways. First, there
are more curation mechanisms which are easily analyzed in
the same manner. In fact, the analysis for the proportional
mechanism, where articles are ranked by u+1

u+d+2
(constants

added to deal with the no feedback case) is exactly the same
as the difference mechanism.

The second way we can extend this analysis is to allow for
each article to receive a small amount of initial feedback
upon submission to the system. For example, we could imag-
ine that each article is voted on twice before it is entered into
the ranking. In that case, the score of the article in posi-
tion k + 1 would be 2 instead of 0, and each random walk
would start from 2 instead of 0, yielding an identical ran-
dom walk. The analysis would change slightly as we now
need to condition the the prior over article quality on the
article having 2 upvotes and 0 downvotes but the dynamics
remain fundamentally the same.

One more extension is to allow for a small amount of user
attention on articles past the top k. While its true that
most attention is focused on the front page, there’s a com-
paratively small amount of users who view past the front
page to look articles further down in the ranking. However,
so long as the attention on the top k is much larger than the
attention on other articles, the score of an article on the front
page will be much larger than the score of any article not on
the front page. This condition essentially induces a lack of
competition between articles and the previous analysis holds
almost exactly (see Appendix A for more details).

5. QUALITY DISTRIBUTION
In this section, we examine the role of the quality distribu-
tion in determining curation quality and discovery efficiency.
Figures 2a and 2b each show both the PDF for the original
quality distribution, uniform and normal respectively, and
the PDF for the top k quality distribution. As these graphs
show, the shape of the original distribution has a large influ-
ence on the resulting distributions of quality within the top
k. Our goal in this section is to establish some relationship
between two distributions F and G where we can conclude
that discovery efficiency or curation quality improves if we
changed the quality distribution from F to G.

These comparative static results are practically relevant. As
we noted in Section 3, the quality distribution is determined
by both the set of articles which are being submitted to the
system and the preferences and behavior of the user popu-
lation. Thus a change in user behavior can induce a shift in
the quality distribution. For user behavior and preferences,
we show that a little more downvoting can improve discov-
ery efficiency and curation quality. These results suggest
that active moderation of user behavior can positively affect
curation mechanisms.

User Preferences and Behavior

Loosely speaking, more downvotes in curation mechanisms
can help curation quality and discovery efficiency. There’s a

0.0 0.2 0.4 0.6 0.8 1.0

(a) Uniform

0.0 0.2 0.4 0.6 0.8 1.0

(b) Normal

Figure 2: Both plots show the PDF of the quality distribu-
tion f(q) as the thick line and the PDF of the top k quality
distribution, f(q|topk) as the dashed line. Figure 2a shows
the uniform distribution and figure 2b shows the normal
distribution with mean .6 and variance .2. The input distri-
bution has a strong effect on the shape of f(q|topk)

simple intuition behind this reasoning: downvotes promote
more exploration while upvotes serve to preserve the sta-
tus quo. If a community’s standards for upvoting are raised
uniformly across all articles, this increased exploration will
result in a set of final front page articles which are higher
quality on average. We consider a shift in the quality distri-
bution to one where there are comparatively less good qual-
ity articles. It is beyond the scope of this paper to consider
how to introduce these changes to user behavior.

We say that a distribution F first order stochastically domi-
nates a distribution G if F places more probability mass on
higher quality content than G does. Formally,

Definition [FOSD] 1. A distribution F is said to First
Order Stochastically Dominate (FOSD) a distribution G if
F (x) ≤ G(x) for all x ∈ [0, 1] with at least one point where
the inequality is strict.

Under this definition, we have the following interpretation:
fix some quality level q ∈ [0, 1], and take a random draw
from qF from F and random draw qG from G. Then if
F FOSD G, the probability that qF ≥ q is greater than the
probability that qG ≥ q. Under this condition, we prove that
the discovery efficiency of F , DF (M) is lower than DG(M),
the discovery efficiency on G.

lemma 4. Let F first order stochastically dominate G.
Then for a curation mechanism M , DF (M) < DG(M), i.e.

k

n
× 1∫ 1

.5
(2− 1

q
)f(q)δq

<
k

n
× 1∫ 1

.5
(2− 1

q
)g(q)δq

Proof. We can define a new function h(q) where h(q) =

0 if q ≤ 1
2

and h(q) = 2 − 1
q

if q > 1
2
. Then

∫ 1

.5
(2 − 1

q
)f(q)

is equal to EF [h(q)]. An equivalent definition of FOSD is
that EF [h(q)] > EG[h(q)] for all increasing functions ([16]),
which h() is. The result follows.

This result is actually fairly intuitive; if there is a greater
frequency of higher quality articles (implied by F FOSD G),
then a random article is more likely to remain in the top
k once it enters, which in turn reduces the total number of
articles explored by the mechanism.

Definition [SOSD] 1. Let F andG have support over [a, b].



F second order stochastically dominates G (F SOSD G) if
and only ∫ x

a

G(q)− F (q) δq ≥ 0

for all x ∈ [a, b], with strict inequality at (at least) one point.

In this work, F and G are defined over [0, 1], however all
of our applications only care about F and G over the range
[ 1
2
, 1], so we can truncate the distributions to fit in those

ranges. It may be possible that F does not dominate G over
[0, 1] but does dominate it over [ 1

2
, 1] and for our purposes

we could consider that F stochastically dominates G.

lemma 5. For two distributions F and G, if F second
order stochastically dominates G over [ 1

2
, 1] and EF [q|q ≥

1
2
] = EG[q|q ≥ 1

2
] then QF (M) < QG(M).

This lemma provides some mathematical justification that
amongst all distributions with the same mean, distributions
which are more “spread out” provide a better curation qual-
ity. At this stage, we do not have a solid interpretation for
what changes in behavior in would induce a second-order
stochastic dominance shift but we feel this result may have
more relevance for later work in considering strategic behav-
ior during article submissions.

6. A CASE STUDY: REDDIT
Recently, Gilbert ([8]) published an interesting empirical
study of Reddit which demonstrates that over 50% of pop-
ular articles on Reddit were submitted previously but had
received practically no attention the first time they were
submitted. In some cases, a link was actually submitted 5
times before it finally received a significant amount of atten-
tion. This empirical finding corroborates the implications of
lemma 3, which predicts that these curation mechanisms
will do a poor job of discovering any specific article when
the amount of submitted content is much higher than k. [8]
suggests this low discovery efficiency is due to not enough
users viewing newly submitted content and suggest these
problems could be mitigated by incentivizing users to visit
the new page. In this section, we expand our basic model
to more accurately capture Reddit’s curation system and
show that the low discovery efficiency is actually driven by
the top k attention model and not the lack of attention on
newly submitted articles.

In the following, we give an overview of the journey which
a newly submitted article on Reddit goes through. Then
we expand the model to allow for the arrival of articles over
time and the ranking rule to the one that Reddit uses for
their default ranking of articles.

6.1 Anatomy of Reddit
Reddit, at its heart, is a site which aggregates links sub-
mitted by users, and then allows the community to view,
vote, and comment on the submitted articles. One key fea-
ture of Reddit is the use of subreddits, which are topic spe-
cific subpages. For example, reddit.com/r/pics is devoted
to pictures, reddit.com/r/boston is devoted to any content
related to the city of Boston, etc. Importantly, when a link
is submitted to the site, it must be submitted to a particu-
lar subreddit. For each subreddit, there are two important

ranking mechanisms: the “hot” ranking which ranks articles
according to the difference of upvotes and downvotes and the
age of the article (more details in the next section) and the
“new” ranking, which ranks articles according to the time
they were submitted, with the newest articles being at the
top of the ranking.

The “new” queue serves an important role within Reddit as
it is where newly submitted links can receive a small amount
of votes (typically between 2 and 20 depending on the size of
the subreddit) before it is ranked in the“hot”ranking. While
the primary purpose of these initial votes is to filter the very
low quality, border-line spam content that is submitted to
Reddit, these initial votes also help to rank higher quality
content over mediocre quality content. In the context of our
model, we’ll assume that all content receives exactly b initial
votes when they’re submitted to the system.

We also need to expand our model to allow for articles to
be born over time, rather than all articles being born at
t = 0. We model article birth as a poison process with mean
λ representing the average number of articles submitted per
second. For a sense of scale, the top 30 subreddits range
from 200 to 3000 articles submitted per day.

6.2 The Hot Ranking
Reddit’s default ranking algorithm, known as the “hot rank-
ing”, ranks articles according the difference between upvotes
and downvotes with an additional time component. At time
t, an article i that was submitted at time ti, measured as the
number of seconds from an arbitrary date in 2005, and has u
upvotes and d downvotes, the hot algorithm ranks according
to the following score

h(u, d, ti) = log10(u− d)− t− ti
45000

This is assuming that u− d > 0, when u− d < 0, the score
is computed as

h(u, d, ti) = log10(|u− d|)− t+ ti
45000

In the hot ranking, the age of an article is weighted expo-
nentially more than the difference of upvotes and downvotes,
but there’s a small constant factored into the age term which
allows articles to remain on the front page for quite a long
time.

6.3 Time Dynamics
We now address how the hot ranking mechanism interacts
with the dynamic arrival of articles and how this interac-
tion affects the mechanism’s efficacy in finding the best ar-
ticles. Exact analysis of the combination of the hot ranking
rule, along with the arrival of new articles over time and
computing the top k scores becomes becomes quite complex
and lies outside the scope of this paper. Instead, we simu-
late this process to examine how the number of initial votes
that each article receives affects the amount of good content
which goes ignored by the Reddit community. Contrary to
the suggestions of [8], we find that increased attention to
the new queue will not significantly help in mitigating this
problem.



Our simulations operate according to the process we de-
scribed in section 3, with a few modifications to model the
time dynamics. One difference is we assume one voter ar-
rives every δ seconds, allowing us to simulate a realistic re-
lationship between the age of an article and the number of
votes it could have received in its lifetime. The second differ-
ence is that we allow for articles to be born over time

At time t = 0, n articles are submitted to the system. Each
article’s quality is realized according to an independent draw
from the quality distribution F . Upon submission, each ar-
ticle is voted on b times. At time t = δ, 2δ...T δ, we rank
articles according to the hot ranking algorithm and a user
votes on each article in the top k of the ranking. At each
time t, Y new articles are added to the system where Y is a
Poisson random variable with mean λ. Similar to the initial
articles, the quality of these Y articles are realized accord-
ing to the quality distribution F and each of these articles
receives b votes upon creation.

For a given run of this simulation, we define the best set
of articles as the top 20% of articles with the highest qual-
ity. The metric we study is the average fraction of the best
set which receive more than 100 votes. This metric is a
simple variant of discovery efficiency, and simply measures
what fraction of the best set of articles receive a reasonable
amount of attention from the community. Our interest is
examining how raising the number of initial votes that each
article receives affects the attention that the best set of ar-
ticles received. For these experiments, we set parameters to
match the range observed on the “worldnews” subreddit. 4

We set the average articles submitted per second to λ = .003
and set the seconds between each users to δ = 30. Results
were averaged over 500 runs of the simulation.

Initial votes % of best set
0 11.5
5 21.7
10 23.2
20 23.3
30 23.35

While increasing the number of initial votes that each article
receives helps when b = 0, the gains quickly level off at
higher amounts of initial feedback. While we don’t have a
complete theoretical analysis to explain this result, we feel
the explanation is intuitive from a simple analysis. In the
basic time-independent model, articles in the top k faced
no competition from articles outside the top k because the
scores of those articles never grew larger their initial score
due to the lack of attention past the front page. In the time-
dependent model, scores decrease with age, so new articles
will have a chance to replace articles in the top k but only
when an article in top k in sufficiently old. However, this
process does not actually help the discovery efficiency of
these mechanisms. Since the number of votes on articles
outside the top k remains fixed (because no users direct their
attention past the front page), the score of an article will
decrease due to age as time goes on. As new articles arrive,
they will be ranked ahead of the older articles outside the
top k. This implies that if an article doesn’t enter into the

4Data found on www.stattit.com, a website dedicated to
scraping Reddit and summarizing activity statistics

top k near the time it is born, it will never be promoted
to the top k. The expected amount of time that an article
spends on the front page is comparatively large (due to the
small constant factor for the age term), so many submitted
articles will never have a chance to be viewed because no
article in the top k is old enough to be kicked out when
they are born. Thus those articles will not enter the top
k when they’re created and will eventually be buried in the
ranking in the future due to their age. Increased initial votes
does provide a small amount of help because it increases the
chance that when a new article is promoted to the top k, it
is the highest quality article of all recently born articles but
this benefit is limited.

This experiment suggests that the driving force behind the
low discovery efficiency of these mechanisms is the alloca-
tion of almost all attention towards the top k articles of
the hot ranking, not due to a lack of attention focused on
the articles in the new queue. Incentivizing more users to
view the new queue would have benefits for other metrics of
curation mechanisms but would not address low discovery
efficiency.

7. CONCLUSIONS AND FUTURE WORK
In this paper we introduced a robust and simple model
that accurately represents the curation mechanisms used by
many popular link aggregators. With this model, we ana-
lyze the dynamics of these curation mechanisms and make
precise predictions about the articles which appear in the
top k articles. With this analysis, we showed that the “front
page” website design is an extremely important design deci-
sion as it is determines many of the resulting dynamics and
properties of the curation mechanism. Finally, we demon-
strated that the combination of this front-page design and
Reddit’s use of time in their ranking rule create an environ-
ment where lots of high quality content will go overlooked
and we use this analysis to provide an explanation for recent
empirical results about Reddit.

For future work, we believe systems like Reddit, Hackernews,
Stackoverflow, etc provide a great set of examples for ex-
amining the interplay of incentives, reputation mechanisms,
and the goals of the mechanisms. For example, on Reddit
each user has a reputation score, known as karma, equal
to the sum of the score of all comments and articles they
submitted to the system. There’s evidence of karma-seeking
behavior which interfere with Reddit’s ability to curate ef-
fectively, such as users patrolling the new pages in order to
be the first user to comment an article and gain lots of karma
from that comment. On the positive side, this encourages
users to patrol the new queue but on the negative side it
provides an incentive for users to upvote everything in the
new queue in order to get that article, and thus their com-
ment, more exposure. Similar effects have been observed on
other sites such as Stackoverflow.

More generally, we believe this work represents a first step
into a promising topic for future research in economics and
computer science. Curation systems, both algorithmic and
crowdsourced, are increasingly important in determining the
content we consume as individuals (personalized recommen-
dations), setting topics of national conversations (trending
topics on Twitter), and controlling which nascent projects



receive funding (crowd funding sites such as Kickstarter.com).
While these developments offers exciting possibilities, it is
important that we understand the properties, limitations,
and problematic issues of these inherently algorithmic and
economic systems. While these issues have received a fair
amount of attention in the popular press ([15], [13]), we be-
lieve cs/econ researchers can offer important insights into
these debates.
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APPENDIX
A. ATTENTION PAST THE FRONT PAGE
One of the main assumptions of our model and analysis was
that the attention of all users is exclusively focused on the
main page. We relax this assumption here to a more realistic
one, and show that our analysis is still exactly right with
probability O(e−n). The assumption that we are making
in this section is that the amount of attention that the k
articles of the front page receive is exponentially larger than
the attention that the (k+1)st article receives. This is a well
justified assumption by all empirical data.

Let’s call ak+1, qk+1 and sk+1 the article in the (k + 1)st
spot, it’s quality and it’s score. Similarly define ak, qk and
sk. The event that we need to avoid is when sk+1 > sk ≥ 0,
because in this case ak+1 should enter the front page but it
can’t because ak is not evicted from the front page. After
n steps the maximum score that ak+1 can possibly have is
logn. This is in the case that quality of ak+1 is 1 (and hence
every vote it receives is an upvote) and because we assume
that the attention that ak+1 is receiving is exponentially
smaller than the attention that ak is receiving.

Now we need to bound the probability that sk < logn. We
apply Hoeffding’s Inequality.

Theorem [Hoeffding’s inequality] 1. Let X1, X2, . . . , Xn
be independent random variables such that Xi ∈ [ai, bi] and
let X = X1+X2+...+Xn

n
be their empirical mean. Then

Pr[|X − E[X]| ≥ t] ≤ 2exp{− 2t2n2∑n
i=1(bi−ai)

2 }.



In our case the Xi’s can take value +1 or −1 and they repre-
sent the upvotes or downvotes that a fixed article a receives
during the n time steps of the mechanism. So (bi−ai) = 2 for

all 1 ≤ i ≤ n. Moreover E[X] =
∑n

i=1 E[Xi]

n
=

∑n
i=1 2q−1

n
=

2q − 1, where q is the quality of the fixed article a.

The event that we want to avoid is that of X < logn
n

. Ap-
plying Hoeffding’s inequality above get that
Pr[X < logn

n
] = Pr[|E[X]−X| ≥ 2q − 1− logn

n
] ≤

2exp
{
−

2
(n(2q−1)−log n)2

n2 n2∑n
i=1 22

}
= 2exp

{
−n

2(2q−1)2+log2 n−2n logn
2n

}
∈

O(e−n).

B. MISSING PROOFS
Here, we present the proof for Lemma 5 from Section 5.

Proof. Let h(q) = 2 − 1
q
. Over the range q ∈ [.5, 1], h

is a concave function. An equivalent definition of SOSD is
that F SOSD G if EF [h(q)] > EG[h(q)] for all concave and
increasing functions. Then we wish the following to be true∫ 1

.5
q(2− 1

q
)g(q)∫ 1

.5
(2− 1

q
)g(q)

>

∫ 1

.5
q(2− 1

q
)f(q)∫ 1

.5
(2− 1

q
)f(q)

↔ EF [h(q)](EG[q|q > .5]− (1−G(.5)))

> EG[h(q)](EF [q|q > .5]− (1− F (.5)))

By assumption EG[q|q > .5] = EF [q|q > .5] and G(.5) >
F (.5) by SOSD over [.5, 1], implying that −(1 − G(.5)) >
−(1−F (.5)). EF [h(q)] > EG[h(q)] by SOSD. Thus all terms
on the left hand side of the above inequality are greater than
the right hand side of the inequality.


