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Address theoretical gap 

The Problem 
Ranking algorithms systematically affect the information people access 

Theoretical Gap 
Interaction of ranking algorithms and what people access as a result 
still poorly understood 
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:
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if m 2 M
0
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if m 2 M
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.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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The Setting 
 



1.    Search query (e.g., “should I vaccinate my child…”) 
2.  Two classes of items (“yes, vaccinate”, “no, don’t vaccinate”)   
 
 



1.    Search query (e.g., “should I vaccinate my child…”) 
2.  Two classes of items (“yes, vaccinate”, “no, don’t vaccinate”)  
3.  Items are ranked based on their popularity (number of clicks) 
4.   Users search sequentially, they: 

•  have heterogeneous preferences for (visible) classes of items  
•  are more likely to click on higher-ranked items.  

 



A surprising consequence of popularity-based rankings: 
 
 

 
The fewer the items of a given class,  

 
the greater the share of the overall traffic  

 
they collectively attract. 
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:
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if m 2 M
0

1��n
M1

if m 2 M
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(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
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attention bias
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click propensity

Z =
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The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic
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:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Indifferent between  M0 and M1 (Agnostic) �n = 1/2
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�n = 1
<latexit sha1_base64="9L9Y6jxyozC35CKAyKk5Cjg5m/o=">AAAB8XicdVDLSsNAFJ34rPVVdelmsAiuQtIkNBuh4MZlBfvANpTJdNIOnZmEmYlQQv/CjQtF3Po37vwbpw9BRQ9cOJxzL/feE2eMKu04H9ba+sbm1nZpp7y7t39wWDk6bqs0l5i0cMpS2Y2RIowK0tJUM9LNJEE8ZqQTT67mfueeSEVTcaunGYk4GgmaUIy0ke76I8Q5GohLd1CpOnbNc4MggI7te3498AwJw9D3POjazgJVsEJzUHnvD1OccyI0ZkipnutkOiqQ1BQzMiv3c0UyhCdoRHqGCsSJiorFxTN4bpQhTFJpSmi4UL9PFIgrNeWx6eRIj9Vvby7+5fVynYRRQUWWayLwclGSM6hTOH8fDqkkWLOpIQhLam6FeIwkwtqEVDYhfH0K/yftmu06tnvjVxv+Ko4SOAVn4AK4oA4a4Bo0QQtgIMADeALPlrIerRfrddm6Zq1mTsAPWG+fdJGQuw==</latexit><latexit sha1_base64="9L9Y6jxyozC35CKAyKk5Cjg5m/o=">AAAB8XicdVDLSsNAFJ34rPVVdelmsAiuQtIkNBuh4MZlBfvANpTJdNIOnZmEmYlQQv/CjQtF3Po37vwbpw9BRQ9cOJxzL/feE2eMKu04H9ba+sbm1nZpp7y7t39wWDk6bqs0l5i0cMpS2Y2RIowK0tJUM9LNJEE8ZqQTT67mfueeSEVTcaunGYk4GgmaUIy0ke76I8Q5GohLd1CpOnbNc4MggI7te3498AwJw9D3POjazgJVsEJzUHnvD1OccyI0ZkipnutkOiqQ1BQzMiv3c0UyhCdoRHqGCsSJiorFxTN4bpQhTFJpSmi4UL9PFIgrNeWx6eRIj9Vvby7+5fVynYRRQUWWayLwclGSM6hTOH8fDqkkWLOpIQhLam6FeIwkwtqEVDYhfH0K/yftmu06tnvjVxv+Ko4SOAVn4AK4oA4a4Bo0QQtgIMADeALPlrIerRfrddm6Zq1mTsAPWG+fdJGQuw==</latexit><latexit sha1_base64="9L9Y6jxyozC35CKAyKk5Cjg5m/o=">AAAB8XicdVDLSsNAFJ34rPVVdelmsAiuQtIkNBuh4MZlBfvANpTJdNIOnZmEmYlQQv/CjQtF3Po37vwbpw9BRQ9cOJxzL/feE2eMKu04H9ba+sbm1nZpp7y7t39wWDk6bqs0l5i0cMpS2Y2RIowK0tJUM9LNJEE8ZqQTT67mfueeSEVTcaunGYk4GgmaUIy0ke76I8Q5GohLd1CpOnbNc4MggI7te3498AwJw9D3POjazgJVsEJzUHnvD1OccyI0ZkipnutkOiqQ1BQzMiv3c0UyhCdoRHqGCsSJiorFxTN4bpQhTFJpSmi4UL9PFIgrNeWx6eRIj9Vvby7+5fVynYRRQUWWayLwclGSM6hTOH8fDqkkWLOpIQhLam6FeIwkwtqEVDYhfH0K/yftmu06tnvjVxv+Ko4SOAVn4AK4oA4a4Bo0QQtgIMADeALPlrIerRfrddm6Zq1mTsAPWG+fdJGQuw==</latexit><latexit sha1_base64="9L9Y6jxyozC35CKAyKk5Cjg5m/o=">AAAB8XicdVDLSsNAFJ34rPVVdelmsAiuQtIkNBuh4MZlBfvANpTJdNIOnZmEmYlQQv/CjQtF3Po37vwbpw9BRQ9cOJxzL/feE2eMKu04H9ba+sbm1nZpp7y7t39wWDk6bqs0l5i0cMpS2Y2RIowK0tJUM9LNJEE8ZqQTT67mfueeSEVTcaunGYk4GgmaUIy0ke76I8Q5GohLd1CpOnbNc4MggI7te3498AwJw9D3POjazgJVsEJzUHnvD1OccyI0ZkipnutkOiqQ1BQzMiv3c0UyhCdoRHqGCsSJiorFxTN4bpQhTFJpSmi4UL9PFIgrNeWx6eRIj9Vvby7+5fVynYRRQUWWayLwclGSM6hTOH8fDqkkWLOpIQhLam6FeIwkwtqEVDYhfH0K/yftmu06tnvjVxv+Ko4SOAVn4AK4oA4a4Bo0QQtgIMADeALPlrIerRfrddm6Zq1mTsAPWG+fdJGQuw==</latexit>

Prefers M0 (i.e., chooses M0 with prob. 1) 

M1 

M0 



L

A

T

E

X TikZposter

The Few-Get-Richer: A Surprising Consequence of Popularity-Based Rankings [ID:1863]

Fabrizio Germano

1,2

, Vicenç Gómez
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.

Prob(user n clicks on item m) 



L

A

T

E

X TikZposter

The Few-Get-Richer: A Surprising Consequence of Popularity-Based Rankings [ID:1863]

Fabrizio Germano

1,2

, Vicenç Gómez
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Figure 2: Proportion of clicks on all M1 items of class 1 as a function of M1 for runs of N = 100, and assuming M = 20,
� = 1.1, � = {0.9, 0.1, 0.5},p0 = p1 = 0.4 and uniform initialization, as baseline, and varying � (left plot), p2 = 1 � p0 � p1 (middle
plot), and the log-ratio log p0

p1 (right plot). Error bars indicate con�dence intervals for 100 di�erent random realizations.

4.1 Dependence on �
We �rst consider the dependence on the ranking e�ect, parametrized
by � . Larger values of � correspond to a stronger relative ranking
e�ect compared to the propensities. Here, we consider a symmetric
case with p0 = p1 = p = 0.4.

Figure 2 (left) shows the CTR for di�erent values of � . The re-
sulting CTR is almost symmetric. We observe a monotonic decrease
as a function of M1 in all cases, showing, in particular, that the
minority class always receives more clicks than the majority one.

We can di�erentiate between three cases, corresponding to small,
intermediate and large values of � , respectively. In general, larger
values of � lead to a relatively larger CTR for the minority class, due
to relatively larger probability of clicking on top ranked items. For
small values of � , the CTR is the smallest, but even here the e�ect
as a function ofM1 is particularly pronounced for small (and large)
M1. For intermediate values of � , the �at region for intermediate
values ofM1 disappears and the CTR decreases monotonically with
constant slope, indicating a decrease independent of M1. Finally,
for larger values of � , the CTR is largest, and the e�ect as a function
of M1 is smallest for small (and large) M1. In this extreme case,
forM1 = 1, the single item at the bottom quickly reaches the top
and attracts almost all the tra�c, leaving almost no tra�c to the
remainingM � 1 items of the other class.

From these simulations, we can conclude that the few-get-richer
e�ect is robust to varying � .

4.2 Dependence on p2
We now analyze the CTR as a function of the proportion of indif-
ferent users p2 = 1 � p0 � p1. For this, we choose � = 1.1 and vary
the proportion of indi�erent users while keeping p0 = p1. To better
analyze this dependence, we consider extreme preferences, so that
only indi�erent users can really click on both items, that is, we
assume � = {1, 0, 0.5}.

Figure 2(middle) shows the results. We observe that, in this case,
the few-get-richer e�ect is more pronounced asp2 increases. Having
a larger proportion of indi�erent users results in relatively more
clicks per item, and hence a larger ampli�cation of ranking e�ect,
which is a key ingredient for the few-get-richer e�ect to emerge.

With less extreme preferences, e.g., � = {0.9, 0.1, 0.5}, the e�ect in
p2 is still present, but less pronounced (data not shown).

We conclude that the indi�erent users play a key role in am-
plifying the e�ect of the ranking, and that in general, having a
larger proportion of them contributes importantly towards the
few-get-richer e�ect.

4.3 Dependence on the ratio p0
p1

So far we have considered cases where the distribution of user types
was symmetric, p0 = p1 = p. In practice this need not be the case
since, e.g., the minority class might also be preferred by a minority
of users. We analyze the e�ect as a function of lr = log p0

p1 .
Figure 2(right) shows the results for di�erent values of lr . As

expected, the few-get-richer e�ect is more pronounced when there
is a larger relative proportion of users that prefer the minority item.
To see this, compare the blue line, where p1 = 0.6 > p0 = 0.2 (there
are three times more users who prefer the ‘minority’ item), and
the purple line, where p1 = 0.1 < p0 = 0.7. We see that the e�ect
is still present for this choice of parameters, even when there are
seven times more users who prefer the majority item. Here, the
proportion of indi�erent users is set to p2 = 0.2. Consistent with
the results of the previous subsection, if we increase p2 and keep
the same ratios, the e�ect becomes more pronounced. We conclude
that the e�ect is also robust to di�erent ratios of proportions lr .

4.4 Ranking evolution
Finally, we illustrate the typical behavior of the ranking evolution
for di�erent values ofM1, assuming our usual baseline parameter
values for � , �, and p and uniform initialization. Figure 3 shows the
results, which con�rm the idea that minority items tend to move
towards the top.

5 ONLINE EXPERIMENTWITH HUMAN
PARTICIPANTS

To test the predictions of the model, we executed an online ex-
periment in which participants clicked on one out of 20 possible
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Figure 2: Proportion of clicks on all M1 items of class 1 as a function of M1 for runs of N = 100, and assuming M = 20,
� = 1.1, � = {0.9, 0.1, 0.5},p0 = p1 = 0.4 and uniform initialization, as baseline, and varying � (left plot), p2 = 1 � p0 � p1 (middle
plot), and the log-ratio log p0

p1 (right plot). Error bars indicate con�dence intervals for 100 di�erent random realizations.

4.1 Dependence on �
We �rst consider the dependence on the ranking e�ect, parametrized
by � . Larger values of � correspond to a stronger relative ranking
e�ect compared to the propensities. Here, we consider a symmetric
case with p0 = p1 = p = 0.4.

Figure 2 (left) shows the CTR for di�erent values of � . The re-
sulting CTR is almost symmetric. We observe a monotonic decrease
as a function of M1 in all cases, showing, in particular, that the
minority class always receives more clicks than the majority one.

We can di�erentiate between three cases, corresponding to small,
intermediate and large values of � , respectively. In general, larger
values of � lead to a relatively larger CTR for the minority class, due
to relatively larger probability of clicking on top ranked items. For
small values of � , the CTR is the smallest, but even here the e�ect
as a function ofM1 is particularly pronounced for small (and large)
M1. For intermediate values of � , the �at region for intermediate
values ofM1 disappears and the CTR decreases monotonically with
constant slope, indicating a decrease independent of M1. Finally,
for larger values of � , the CTR is largest, and the e�ect as a function
of M1 is smallest for small (and large) M1. In this extreme case,
forM1 = 1, the single item at the bottom quickly reaches the top
and attracts almost all the tra�c, leaving almost no tra�c to the
remainingM � 1 items of the other class.

From these simulations, we can conclude that the few-get-richer
e�ect is robust to varying � .

4.2 Dependence on p2
We now analyze the CTR as a function of the proportion of indif-
ferent users p2 = 1 � p0 � p1. For this, we choose � = 1.1 and vary
the proportion of indi�erent users while keeping p0 = p1. To better
analyze this dependence, we consider extreme preferences, so that
only indi�erent users can really click on both items, that is, we
assume � = {1, 0, 0.5}.

Figure 2(middle) shows the results. We observe that, in this case,
the few-get-richer e�ect is more pronounced asp2 increases. Having
a larger proportion of indi�erent users results in relatively more
clicks per item, and hence a larger ampli�cation of ranking e�ect,
which is a key ingredient for the few-get-richer e�ect to emerge.

With less extreme preferences, e.g., � = {0.9, 0.1, 0.5}, the e�ect in
p2 is still present, but less pronounced (data not shown).

We conclude that the indi�erent users play a key role in am-
plifying the e�ect of the ranking, and that in general, having a
larger proportion of them contributes importantly towards the
few-get-richer e�ect.

4.3 Dependence on the ratio p0
p1

So far we have considered cases where the distribution of user types
was symmetric, p0 = p1 = p. In practice this need not be the case
since, e.g., the minority class might also be preferred by a minority
of users. We analyze the e�ect as a function of lr = log p0

p1 .
Figure 2(right) shows the results for di�erent values of lr . As

expected, the few-get-richer e�ect is more pronounced when there
is a larger relative proportion of users that prefer the minority item.
To see this, compare the blue line, where p1 = 0.6 > p0 = 0.2 (there
are three times more users who prefer the ‘minority’ item), and
the purple line, where p1 = 0.1 < p0 = 0.7. We see that the e�ect
is still present for this choice of parameters, even when there are
seven times more users who prefer the majority item. Here, the
proportion of indi�erent users is set to p2 = 0.2. Consistent with
the results of the previous subsection, if we increase p2 and keep
the same ratios, the e�ect becomes more pronounced. We conclude
that the e�ect is also robust to di�erent ratios of proportions lr .

4.4 Ranking evolution
Finally, we illustrate the typical behavior of the ranking evolution
for di�erent values ofM1, assuming our usual baseline parameter
values for � , �, and p and uniform initialization. Figure 3 shows the
results, which con�rm the idea that minority items tend to move
towards the top.

5 ONLINE EXPERIMENTWITH HUMAN
PARTICIPANTS

To test the predictions of the model, we executed an online ex-
periment in which participants clicked on one out of 20 possible

M1 (=2)  
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.
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Figure 2: Proportion of clicks on all M1 items of class 1 as a function of M1 for runs of N = 100, and assuming M = 20,
� = 1.1, � = {0.9, 0.1, 0.5},p0 = p1 = 0.4 and uniform initialization, as baseline, and varying � (left plot), p2 = 1 � p0 � p1 (middle
plot), and the log-ratio log p0

p1 (right plot). Error bars indicate con�dence intervals for 100 di�erent random realizations.

4.1 Dependence on �
We �rst consider the dependence on the ranking e�ect, parametrized
by � . Larger values of � correspond to a stronger relative ranking
e�ect compared to the propensities. Here, we consider a symmetric
case with p0 = p1 = p = 0.4.

Figure 2 (left) shows the CTR for di�erent values of � . The re-
sulting CTR is almost symmetric. We observe a monotonic decrease
as a function of M1 in all cases, showing, in particular, that the
minority class always receives more clicks than the majority one.

We can di�erentiate between three cases, corresponding to small,
intermediate and large values of � , respectively. In general, larger
values of � lead to a relatively larger CTR for the minority class, due
to relatively larger probability of clicking on top ranked items. For
small values of � , the CTR is the smallest, but even here the e�ect
as a function ofM1 is particularly pronounced for small (and large)
M1. For intermediate values of � , the �at region for intermediate
values ofM1 disappears and the CTR decreases monotonically with
constant slope, indicating a decrease independent of M1. Finally,
for larger values of � , the CTR is largest, and the e�ect as a function
of M1 is smallest for small (and large) M1. In this extreme case,
forM1 = 1, the single item at the bottom quickly reaches the top
and attracts almost all the tra�c, leaving almost no tra�c to the
remainingM � 1 items of the other class.

From these simulations, we can conclude that the few-get-richer
e�ect is robust to varying � .

4.2 Dependence on p2
We now analyze the CTR as a function of the proportion of indif-
ferent users p2 = 1 � p0 � p1. For this, we choose � = 1.1 and vary
the proportion of indi�erent users while keeping p0 = p1. To better
analyze this dependence, we consider extreme preferences, so that
only indi�erent users can really click on both items, that is, we
assume � = {1, 0, 0.5}.

Figure 2(middle) shows the results. We observe that, in this case,
the few-get-richer e�ect is more pronounced asp2 increases. Having
a larger proportion of indi�erent users results in relatively more
clicks per item, and hence a larger ampli�cation of ranking e�ect,
which is a key ingredient for the few-get-richer e�ect to emerge.

With less extreme preferences, e.g., � = {0.9, 0.1, 0.5}, the e�ect in
p2 is still present, but less pronounced (data not shown).

We conclude that the indi�erent users play a key role in am-
plifying the e�ect of the ranking, and that in general, having a
larger proportion of them contributes importantly towards the
few-get-richer e�ect.

4.3 Dependence on the ratio p0
p1

So far we have considered cases where the distribution of user types
was symmetric, p0 = p1 = p. In practice this need not be the case
since, e.g., the minority class might also be preferred by a minority
of users. We analyze the e�ect as a function of lr = log p0

p1 .
Figure 2(right) shows the results for di�erent values of lr . As

expected, the few-get-richer e�ect is more pronounced when there
is a larger relative proportion of users that prefer the minority item.
To see this, compare the blue line, where p1 = 0.6 > p0 = 0.2 (there
are three times more users who prefer the ‘minority’ item), and
the purple line, where p1 = 0.1 < p0 = 0.7. We see that the e�ect
is still present for this choice of parameters, even when there are
seven times more users who prefer the majority item. Here, the
proportion of indi�erent users is set to p2 = 0.2. Consistent with
the results of the previous subsection, if we increase p2 and keep
the same ratios, the e�ect becomes more pronounced. We conclude
that the e�ect is also robust to di�erent ratios of proportions lr .

4.4 Ranking evolution
Finally, we illustrate the typical behavior of the ranking evolution
for di�erent values ofM1, assuming our usual baseline parameter
values for � , �, and p and uniform initialization. Figure 3 shows the
results, which con�rm the idea that minority items tend to move
towards the top.

5 ONLINE EXPERIMENTWITH HUMAN
PARTICIPANTS

To test the predictions of the model, we executed an online ex-
periment in which participants clicked on one out of 20 possible

M1 (=9)  
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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M0(=2) 

WWW ’19, May 13–17, 2019, San Francisco, CA, USA Fabrizio Germano, Vicenç Gómez, and Gaël Le Mens

1 2 3 6 9 12 15 1819
M1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Pr
op

or
tio

n 
of

 c
lic

ks
 o

n 
M

1

=1.1
=1.25
=1.5

1 2 3 6 9 12 15 1819
M1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Pr
op

or
tio

n 
of

 c
lic

ks
 o

n 
M

1

p2=0.9
p2=0.6
p2=0.2

1 2 3 6 9 12 15 1819
M1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Pr
op

or
tio

n 
of

 c
lic

ks
 o

n 
M

1

lr=-1.1
lr=0
lr=1.1
lr=1.9

Figure 2: Proportion of clicks on all M1 items of class 1 as a function of M1 for runs of N = 100, and assuming M = 20,
� = 1.1, � = {0.9, 0.1, 0.5},p0 = p1 = 0.4 and uniform initialization, as baseline, and varying � (left plot), p2 = 1 � p0 � p1 (middle
plot), and the log-ratio log p0

p1 (right plot). Error bars indicate con�dence intervals for 100 di�erent random realizations.

4.1 Dependence on �
We �rst consider the dependence on the ranking e�ect, parametrized
by � . Larger values of � correspond to a stronger relative ranking
e�ect compared to the propensities. Here, we consider a symmetric
case with p0 = p1 = p = 0.4.

Figure 2 (left) shows the CTR for di�erent values of � . The re-
sulting CTR is almost symmetric. We observe a monotonic decrease
as a function of M1 in all cases, showing, in particular, that the
minority class always receives more clicks than the majority one.

We can di�erentiate between three cases, corresponding to small,
intermediate and large values of � , respectively. In general, larger
values of � lead to a relatively larger CTR for the minority class, due
to relatively larger probability of clicking on top ranked items. For
small values of � , the CTR is the smallest, but even here the e�ect
as a function ofM1 is particularly pronounced for small (and large)
M1. For intermediate values of � , the �at region for intermediate
values ofM1 disappears and the CTR decreases monotonically with
constant slope, indicating a decrease independent of M1. Finally,
for larger values of � , the CTR is largest, and the e�ect as a function
of M1 is smallest for small (and large) M1. In this extreme case,
forM1 = 1, the single item at the bottom quickly reaches the top
and attracts almost all the tra�c, leaving almost no tra�c to the
remainingM � 1 items of the other class.

From these simulations, we can conclude that the few-get-richer
e�ect is robust to varying � .

4.2 Dependence on p2
We now analyze the CTR as a function of the proportion of indif-
ferent users p2 = 1 � p0 � p1. For this, we choose � = 1.1 and vary
the proportion of indi�erent users while keeping p0 = p1. To better
analyze this dependence, we consider extreme preferences, so that
only indi�erent users can really click on both items, that is, we
assume � = {1, 0, 0.5}.

Figure 2(middle) shows the results. We observe that, in this case,
the few-get-richer e�ect is more pronounced asp2 increases. Having
a larger proportion of indi�erent users results in relatively more
clicks per item, and hence a larger ampli�cation of ranking e�ect,
which is a key ingredient for the few-get-richer e�ect to emerge.

With less extreme preferences, e.g., � = {0.9, 0.1, 0.5}, the e�ect in
p2 is still present, but less pronounced (data not shown).

We conclude that the indi�erent users play a key role in am-
plifying the e�ect of the ranking, and that in general, having a
larger proportion of them contributes importantly towards the
few-get-richer e�ect.

4.3 Dependence on the ratio p0
p1

So far we have considered cases where the distribution of user types
was symmetric, p0 = p1 = p. In practice this need not be the case
since, e.g., the minority class might also be preferred by a minority
of users. We analyze the e�ect as a function of lr = log p0

p1 .
Figure 2(right) shows the results for di�erent values of lr . As

expected, the few-get-richer e�ect is more pronounced when there
is a larger relative proportion of users that prefer the minority item.
To see this, compare the blue line, where p1 = 0.6 > p0 = 0.2 (there
are three times more users who prefer the ‘minority’ item), and
the purple line, where p1 = 0.1 < p0 = 0.7. We see that the e�ect
is still present for this choice of parameters, even when there are
seven times more users who prefer the majority item. Here, the
proportion of indi�erent users is set to p2 = 0.2. Consistent with
the results of the previous subsection, if we increase p2 and keep
the same ratios, the e�ect becomes more pronounced. We conclude
that the e�ect is also robust to di�erent ratios of proportions lr .

4.4 Ranking evolution
Finally, we illustrate the typical behavior of the ranking evolution
for di�erent values ofM1, assuming our usual baseline parameter
values for � , �, and p and uniform initialization. Figure 3 shows the
results, which con�rm the idea that minority items tend to move
towards the top.

5 ONLINE EXPERIMENTWITH HUMAN
PARTICIPANTS

To test the predictions of the model, we executed an online ex-
periment in which participants clicked on one out of 20 possible

M1 (=18)  
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1 Introduction

1.1 The Few-Get-Richer E↵ect

The following result shows how few items of a given class can attract more tra�c
than many more items of the same class taken together. In particular, it implies
that if there is just one item of a given class, then it will attract more tra�c
by itself than M � 1 such items taken together in a corresponding environment
where there are M � 1 such items.

Fix two popularity-based search environments E and E 0 that di↵er only in
the number of items of class 1 (M1 and M 0

1 respectively). Suppose M1 < M
1+� <

�M
1+� < M 0

1, then there exists N such that, for any N � N , the total clicking

probability (⇢N,M1) by individual N on an item in M1 in environment E is
strictly greater than the total clicking probability (⇢N,M 0

1
) by individual N on

an item in M 0
1 in environment E 0, provided p > 0 is su�ciently small.

The proof is in three steps. First, we characterize a limit ranking (r1) of
the process ⇢n defined by Eq. (??) and show it constitutes a (stable) limit.
Second, we show it is the unique such limit ranking. Finally, we compute total
tra�c on all items in M1 at the limit and show it is over half of total tra�c
when M1 < M

1+� , and hence greater than total tra�c on all items in M 0
1 for

M 0
1 > �M

1+� .

Step 1. Consider M items and a ranking r1 2 {1, . . . ,M} defined by r1,k =
k, for k = 1, . . . ,M . Then, by popularity ranking, r1 is a (stable) limit ranking
of the process ⇢n if and only if at r1:

⇢n,1(r1) > ⇢n,2(r1) > . . . > ⇢n,M (r1) (1)

holds for the expected individual n. Suppose r1 is such that the M items are
ranked in two blocks of items of the same class where, if M1 < M

1+� , the first

ranked M1 items are all in M1 and the remaining ones (bottom ranked) are all
in M0; and symmetrically if M1 > �M

1+� , the bottom ranked M1 items are all

in M1 and the remaining ones (top ranked) are all in M0. To see that these
constitute limit rankings, suppose M1 < M

1+� , and consider the ranking r1,
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:

1 3 5 7 9 11 13 15 17 19
M1

0  

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1  

Pr
op

or
tio

n 
of

 c
lic

ks
 in

 M
1

=1.5
=1.25
=1.1

1 2 3 6 9 12 15 1819
M1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Pr
op

or
tio

n 
of

 c
lic

ks
 o

n 
M

1

=1.1
=1.25
=1.5

Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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1 Introduction

1.1 The Few-Get-Richer E↵ect

The following result shows how few items of a given class can attract more tra�c
than many more items of the same class taken together. In particular, it implies
that if there is just one item of a given class, then it will attract more tra�c
by itself than M � 1 such items taken together in a corresponding environment
where there are M � 1 such items.

Fix two popularity-based search environments E and E 0 that di↵er only in
the number of items of class 1 (M1 and M 0

1 respectively). Suppose M1 < M
1+� <

�M
1+� < M 0

1, then there exists N such that, for any N � N , the total clicking

probability (⇢N,M1) by individual N on an item in M1 in environment E is
strictly greater than the total clicking probability (⇢N,M 0

1
) by individual N on

an item in M 0
1 in environment E 0, provided p > 0 is su�ciently small.

The proof is in three steps. First, we characterize a limit ranking (r1) of
the process ⇢n defined by Eq. (??) and show it constitutes a (stable) limit.
Second, we show it is the unique such limit ranking. Finally, we compute total
tra�c on all items in M1 at the limit and show it is over half of total tra�c
when M1 < M

1+� , and hence greater than total tra�c on all items in M 0
1 for

M 0
1 > �M

1+� .

Step 1. Consider M items and a ranking r1 2 {1, . . . ,M} defined by r1,k =
k, for k = 1, . . . ,M . Then, by popularity ranking, r1 is a (stable) limit ranking
of the process ⇢n if and only if at r1:

⇢n,1(r1) > ⇢n,2(r1) > . . . > ⇢n,M (r1) (1)

holds for the expected individual n. Suppose r1 is such that the M items are
ranked in two blocks of items of the same class where, if M1 < M

1+� , the first

ranked M1 items are all in M1 and the remaining ones (bottom ranked) are all
in M0; and symmetrically if M1 > �M

1+� , the bottom ranked M1 items are all

in M1 and the remaining ones (top ranked) are all in M0. To see that these
constitute limit rankings, suppose M1 < M

1+� , and consider the ranking r1,
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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1 Introduction

1.1 The Few-Get-Richer E↵ect

The following result shows how few items of a given class can attract more tra�c
than many more items of the same class taken together. In particular, it implies
that if there is just one item of a given class, then it will attract more tra�c
by itself than M � 1 such items taken together in a corresponding environment
where there are M � 1 such items.

Fix two popularity-based search environments E and E 0 that di↵er only in
the number of items of class 1 (M1 and M 0

1 respectively). Suppose M1 < M
1+� <

�M
1+� < M 0

1, then there exists N such that, for any N � N , the total clicking

probability (⇢N,M1) by individual N on an item in M1 in environment E is
strictly greater than the total clicking probability (⇢N,M 0

1
) by individual N on

an item in M 0
1 in environment E 0, provided p > 0 is su�ciently small.

The proof is in three steps. First, we characterize a limit ranking (r1) of
the process ⇢n defined by Eq. (??) and show it constitutes a (stable) limit.
Second, we show it is the unique such limit ranking. Finally, we compute total
tra�c on all items in M1 at the limit and show it is over half of total tra�c
when M1 < M

1+� , and hence greater than total tra�c on all items in M 0
1 for

M 0
1 > �M

1+� .

Step 1. Consider M items and a ranking r1 2 {1, . . . ,M} defined by r1,k =
k, for k = 1, . . . ,M . Then, by popularity ranking, r1 is a (stable) limit ranking
of the process ⇢n if and only if at r1:

⇢n,1(r1) > ⇢n,2(r1) > . . . > ⇢n,M (r1) (1)

holds for the expected individual n. Suppose r1 is such that the M items are
ranked in two blocks of items of the same class where, if M1 < M

1+� , the first

ranked M1 items are all in M1 and the remaining ones (bottom ranked) are all
in M0; and symmetrically if M1 > �M

1+� , the bottom ranked M1 items are all

in M1 and the remaining ones (top ranked) are all in M0. To see that these
constitute limit rankings, suppose M1 < M

1+� , and consider the ranking r1,

1
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Figure 1: Total tra�c on allM1 items of class 1 as a function
of M1 for the limit distribution of the process �n of Eq. (2)
for di�erent values of � , with M = 20, � = {0.8, 0.2, 0.5} and
p = p0 = p1 = 0.4.

show it is over half of total tra�c when M1 <
M
1+� , and hence

greater than total tra�c on all items inM 0
1 forM

0
1 >

�M
1+� .

Step 1. ConsiderM items and a ranking r1 2 {1, . . . ,M} de�ned
by r1,k = k , for k = 1, . . . ,M . Then, by popularity ranking, r1 is a
(stable) limit ranking of the process �n if and only if at r1:

�n,1(r1) > �n,2(r1) > . . . > �n,M (r1) (3)

holds for the expected individual n. Suppose r1 is such that theM
items are ranked in two blocks of items of the same class where, if
M1 <

M
1+� , the �rst rankedM1 items are all inM1 and the remaining

ones (bottom ranked) are all inM0; and symmetrically ifM1 >
�M
1+� ,

the bottom rankedM1 items are all inM1 and the remaining ones
(top ranked) are all inM0. To see that these constitute limit rankings,
suppose M1 <

M
1+� , and consider the ranking r1, where the �rst

M1 items are ranked on top. In this case, the corresponding clicking
probabilities for k 2 M1 (i.e., k 2 {1, . . . ,M1}) are given by:

�n,k (r1) = � (M�k )(1 � �n )/M1ÕM1
k=1 �

(M�k )(1 � �n )/M1 +
ÕM
k=M1+1

� (M�k )�n/M0
,

and for k 2 M0 (i.e., k 2 {M1 + 1, . . . ,M}) satisfy:

�n,k (r1) = � (M�k )�n/M0ÕM1
k=1 �

(M�k )(1 � �n )/M1 +
ÕM
k=M1+1

� (M�k )�n/M0
.

Clearly, �n,k (r1) > �n,k+1(r1) holds within the classes M1 and
M0, that is, for k = 1, . . . ,M1 � 1 and for k = M1 + 1, . . . ,M � 1
Hence it su�ces to show that �n,k=M1 (r1) > �n,k=M1+1(r1). This
is easily checked for the expected individual n (whose value of �n is
drawn from � = {1, 0, 12 } according to the probabilities, respectively,
p0 = p,p1 = p <

1
2 and p2 = 1 � 2p > 0).

Step 2: To see that the above ranking constitutes a unique limit,
we show that no other ranking satis�es Eq. (3) and that, for any
other ranking, whenever an item is in the less numerous class (say
M1 when M1 <

M
1+� ), it will always get strictly more clicks in

expectation than the item of the other more numerous class ranked
just above. AssumeM1 <

M
1+� , then it can be checked that the two

strongest constraints to be satis�ed are the ones comparing the
clicking probability on the lowest-ranked item of classM1 when (i)
it is ranked in theMth position while all remainingM1 � 1 items
are ranked in the �rstM1 � 1 positions, and when (ii) it is ranked
in position M1 + 2 while all remaining M1 � 1 items are ranked
in the �rst M1 � 1 positions. Both are easily seen to be satis�ed
whenever p = 0 and M1 <

M
1+� . By continuity they continue to

hold for su�ciently small p > 0. The caseM1 >
�M
1+� , which implies

M0 <
M
1+� and which has the M0 items ranked on top holds by

symmetry.
Step 3. It su�ces to show that whenever M1 <

M
1+� , then the

�rst ranked items inM1 always get strictly more that half the share
of the total clicks. Since the share of tra�c on the individual items
is given by the probabilities �n,k (r1) de�ned above, it su�ces to
show that for any M1 <

M
1+� , �n,M1 (r1) = ÕM1

k=1 �n,k (r1) > 1
2 .

Given our assumptions on p and �, this is easily checked for the
expected individual n (using the fact that, for any 1  K < K 0 
M ,

ÕK
k=1 �

M�K /K > ÕK 0
k=1 �

M�K 0/K 0). It also implies that when
M 0

1 >
�M
1+� all items inM 0

1 will (be bottom-ranked) and will obtain
less than half the total tra�c. ⇤

When the share of items inM1 is close to one half ( M
1+� < M1 <

M
2 ), then there may be multiple limit rankings and the above proof
no longer applies. We believe that the few-get-richer result may
still go through in these cases, but it is necessary to evaluate the
likelihood of the di�erent limit rankings and guarantee that limit
rankings are more likely to give classes with fewer items a higher
probability of being higher ranked. This proof goes beyond the
scope of this paper.

Similarly, for interior types (�0 < 1, �1 > 0). As Figure 1 shows
for di�erent values of � (see also the simulations in the next section),
the e�ect continues to hold: whenM1 has few items (minority case
M1 <

M
1+� ) it obtains a larger proportion of clicks than when M1

has many items (majority caseM1 >
�M
1+� ).

4 SIMULATIONS OF THE MODEL
We now analyze through simulations the presence of the few-get-
richer e�ect in di�erent settings. Our focus is on analyzing the click-
through rate (CTR), de�ned as the the ratio of the probability of
clicking on an item inM1 to the total number of clicks N (which we
�x at N = 100 users), as a function ofM1 for di�erent settings. We
mainly consider stochastic choices with � = {0.9, 0.1, 0.5}, which
means that non-indi�erent users do not exclusively click on one of
the two classes. We assume that the ranking rn is proportional to
the number of clicks that the item received at time n. As before, we
consider a ranking ofM = 20 items with theM1 items initially at the
bottom. In this case, instead of the limit ranking, we characterize the
dynamic transient during which the minority class may reach the
top of the ranking. This makes our analysis dependent on the initial
conditions. For an itemm initially at position r1,m , we assume a
uniform initialization, with all items having one click.
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and for k 2 M0 (i.e., k 2 {M1 + 1, . . . ,M}) satisfy:

�n,k (r1) = � (M�k )�n/M0ÕM1
k=1 �

(M�k )(1 � �n )/M1 +
ÕM
k=M1+1

� (M�k )�n/M0
.

Clearly, �n,k (r1) > �n,k+1(r1) holds within the classes M1 and
M0, that is, for k = 1, . . . ,M1 � 1 and for k = M1 + 1, . . . ,M � 1
Hence it su�ces to show that �n,k=M1 (r1) > �n,k=M1+1(r1). This
is easily checked for the expected individual n (whose value of �n is
drawn from � = {1, 0, 12 } according to the probabilities, respectively,
p0 = p,p1 = p <

1
2 and p2 = 1 � 2p > 0).

Step 2: To see that the above ranking constitutes a unique limit,
we show that no other ranking satis�es Eq. (3) and that, for any
other ranking, whenever an item is in the less numerous class (say
M1 when M1 <

M
1+� ), it will always get strictly more clicks in

expectation than the item of the other more numerous class ranked
just above. AssumeM1 <

M
1+� , then it can be checked that the two

strongest constraints to be satis�ed are the ones comparing the
clicking probability on the lowest-ranked item of classM1 when (i)
it is ranked in theMth position while all remainingM1 � 1 items
are ranked in the �rstM1 � 1 positions, and when (ii) it is ranked
in position M1 + 2 while all remaining M1 � 1 items are ranked
in the �rst M1 � 1 positions. Both are easily seen to be satis�ed
whenever p = 0 and M1 <

M
1+� . By continuity they continue to

hold for su�ciently small p > 0. The caseM1 >
�M
1+� , which implies

M0 <
M
1+� and which has the M0 items ranked on top holds by

symmetry.
Step 3. It su�ces to show that whenever M1 <

M
1+� , then the

�rst ranked items inM1 always get strictly more that half the share
of the total clicks. Since the share of tra�c on the individual items
is given by the probabilities �n,k (r1) de�ned above, it su�ces to
show that for any M1 <

M
1+� , �n,M1 (r1) = ÕM1

k=1 �n,k (r1) > 1
2 .

Given our assumptions on p and �, this is easily checked for the
expected individual n (using the fact that, for any 1  K < K 0 
M ,

ÕK
k=1 �

M�K /K > ÕK 0
k=1 �

M�K 0/K 0). It also implies that when
M 0

1 >
�M
1+� all items inM 0

1 will (be bottom-ranked) and will obtain
less than half the total tra�c. ⇤

When the share of items inM1 is close to one half ( M
1+� < M1 <

M
2 ), then there may be multiple limit rankings and the above proof
no longer applies. We believe that the few-get-richer result may
still go through in these cases, but it is necessary to evaluate the
likelihood of the di�erent limit rankings and guarantee that limit
rankings are more likely to give classes with fewer items a higher
probability of being higher ranked. This proof goes beyond the
scope of this paper.

Similarly, for interior types (�0 < 1, �1 > 0). As Figure 1 shows
for di�erent values of � (see also the simulations in the next section),
the e�ect continues to hold: whenM1 has few items (minority case
M1 <

M
1+� ) it obtains a larger proportion of clicks than when M1

has many items (majority caseM1 >
�M
1+� ).

4 SIMULATIONS OF THE MODEL
We now analyze through simulations the presence of the few-get-
richer e�ect in di�erent settings. Our focus is on analyzing the click-
through rate (CTR), de�ned as the the ratio of the probability of
clicking on an item inM1 to the total number of clicks N (which we
�x at N = 100 users), as a function ofM1 for di�erent settings. We
mainly consider stochastic choices with � = {0.9, 0.1, 0.5}, which
means that non-indi�erent users do not exclusively click on one of
the two classes. We assume that the ranking rn is proportional to
the number of clicks that the item received at time n. As before, we
consider a ranking ofM = 20 items with theM1 items initially at the
bottom. In this case, instead of the limit ranking, we characterize the
dynamic transient during which the minority class may reach the
top of the ranking. This makes our analysis dependent on the initial
conditions. For an itemm initially at position r1,m , we assume a
uniform initialization, with all items having one click.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.
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Figure 2: Proportion of clicks on all M1 items of class 1 as a function of M1 for runs of N = 100, and assuming M = 20,
� = 1.1, � = {0.9, 0.1, 0.5},p0 = p1 = 0.4 and uniform initialization, as baseline, and varying � (left plot), p2 = 1 � p0 � p1 (middle
plot), and the log-ratio log p0

p1 (right plot). Error bars indicate con�dence intervals for 100 di�erent random realizations.

4.1 Dependence on �
We �rst consider the dependence on the ranking e�ect, parametrized
by � . Larger values of � correspond to a stronger relative ranking
e�ect compared to the propensities. Here, we consider a symmetric
case with p0 = p1 = p = 0.4.

Figure 2 (left) shows the CTR for di�erent values of � . The re-
sulting CTR is almost symmetric. We observe a monotonic decrease
as a function of M1 in all cases, showing, in particular, that the
minority class always receives more clicks than the majority one.

We can di�erentiate between three cases, corresponding to small,
intermediate and large values of � , respectively. In general, larger
values of � lead to a relatively larger CTR for the minority class, due
to relatively larger probability of clicking on top ranked items. For
small values of � , the CTR is the smallest, but even here the e�ect
as a function ofM1 is particularly pronounced for small (and large)
M1. For intermediate values of � , the �at region for intermediate
values ofM1 disappears and the CTR decreases monotonically with
constant slope, indicating a decrease independent of M1. Finally,
for larger values of � , the CTR is largest, and the e�ect as a function
of M1 is smallest for small (and large) M1. In this extreme case,
forM1 = 1, the single item at the bottom quickly reaches the top
and attracts almost all the tra�c, leaving almost no tra�c to the
remainingM � 1 items of the other class.

From these simulations, we can conclude that the few-get-richer
e�ect is robust to varying � .

4.2 Dependence on p2
We now analyze the CTR as a function of the proportion of indif-
ferent users p2 = 1 � p0 � p1. For this, we choose � = 1.1 and vary
the proportion of indi�erent users while keeping p0 = p1. To better
analyze this dependence, we consider extreme preferences, so that
only indi�erent users can really click on both items, that is, we
assume � = {1, 0, 0.5}.

Figure 2(middle) shows the results. We observe that, in this case,
the few-get-richer e�ect is more pronounced asp2 increases. Having
a larger proportion of indi�erent users results in relatively more
clicks per item, and hence a larger ampli�cation of ranking e�ect,
which is a key ingredient for the few-get-richer e�ect to emerge.

With less extreme preferences, e.g., � = {0.9, 0.1, 0.5}, the e�ect in
p2 is still present, but less pronounced (data not shown).

We conclude that the indi�erent users play a key role in am-
plifying the e�ect of the ranking, and that in general, having a
larger proportion of them contributes importantly towards the
few-get-richer e�ect.

4.3 Dependence on the ratio p0
p1

So far we have considered cases where the distribution of user types
was symmetric, p0 = p1 = p. In practice this need not be the case
since, e.g., the minority class might also be preferred by a minority
of users. We analyze the e�ect as a function of lr = log p0

p1 .
Figure 2(right) shows the results for di�erent values of lr . As

expected, the few-get-richer e�ect is more pronounced when there
is a larger relative proportion of users that prefer the minority item.
To see this, compare the blue line, where p1 = 0.6 > p0 = 0.2 (there
are three times more users who prefer the ‘minority’ item), and
the purple line, where p1 = 0.1 < p0 = 0.7. We see that the e�ect
is still present for this choice of parameters, even when there are
seven times more users who prefer the majority item. Here, the
proportion of indi�erent users is set to p2 = 0.2. Consistent with
the results of the previous subsection, if we increase p2 and keep
the same ratios, the e�ect becomes more pronounced. We conclude
that the e�ect is also robust to di�erent ratios of proportions lr .

4.4 Ranking evolution
Finally, we illustrate the typical behavior of the ranking evolution
for di�erent values ofM1, assuming our usual baseline parameter
values for � , �, and p and uniform initialization. Figure 3 shows the
results, which con�rm the idea that minority items tend to move
towards the top.

5 ONLINE EXPERIMENTWITH HUMAN
PARTICIPANTS

To test the predictions of the model, we executed an online ex-
periment in which participants clicked on one out of 20 possible
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.
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Figure 2: Proportion of clicks on all M1 items of class 1 as a function of M1 for runs of N = 100, and assuming M = 20,
� = 1.1, � = {0.9, 0.1, 0.5},p0 = p1 = 0.4 and uniform initialization, as baseline, and varying � (left plot), p2 = 1 � p0 � p1 (middle
plot), and the log-ratio log p0

p1 (right plot). Error bars indicate con�dence intervals for 100 di�erent random realizations.

4.1 Dependence on �
We �rst consider the dependence on the ranking e�ect, parametrized
by � . Larger values of � correspond to a stronger relative ranking
e�ect compared to the propensities. Here, we consider a symmetric
case with p0 = p1 = p = 0.4.

Figure 2 (left) shows the CTR for di�erent values of � . The re-
sulting CTR is almost symmetric. We observe a monotonic decrease
as a function of M1 in all cases, showing, in particular, that the
minority class always receives more clicks than the majority one.

We can di�erentiate between three cases, corresponding to small,
intermediate and large values of � , respectively. In general, larger
values of � lead to a relatively larger CTR for the minority class, due
to relatively larger probability of clicking on top ranked items. For
small values of � , the CTR is the smallest, but even here the e�ect
as a function ofM1 is particularly pronounced for small (and large)
M1. For intermediate values of � , the �at region for intermediate
values ofM1 disappears and the CTR decreases monotonically with
constant slope, indicating a decrease independent of M1. Finally,
for larger values of � , the CTR is largest, and the e�ect as a function
of M1 is smallest for small (and large) M1. In this extreme case,
forM1 = 1, the single item at the bottom quickly reaches the top
and attracts almost all the tra�c, leaving almost no tra�c to the
remainingM � 1 items of the other class.

From these simulations, we can conclude that the few-get-richer
e�ect is robust to varying � .

4.2 Dependence on p2
We now analyze the CTR as a function of the proportion of indif-
ferent users p2 = 1 � p0 � p1. For this, we choose � = 1.1 and vary
the proportion of indi�erent users while keeping p0 = p1. To better
analyze this dependence, we consider extreme preferences, so that
only indi�erent users can really click on both items, that is, we
assume � = {1, 0, 0.5}.

Figure 2(middle) shows the results. We observe that, in this case,
the few-get-richer e�ect is more pronounced asp2 increases. Having
a larger proportion of indi�erent users results in relatively more
clicks per item, and hence a larger ampli�cation of ranking e�ect,
which is a key ingredient for the few-get-richer e�ect to emerge.

With less extreme preferences, e.g., � = {0.9, 0.1, 0.5}, the e�ect in
p2 is still present, but less pronounced (data not shown).

We conclude that the indi�erent users play a key role in am-
plifying the e�ect of the ranking, and that in general, having a
larger proportion of them contributes importantly towards the
few-get-richer e�ect.

4.3 Dependence on the ratio p0
p1

So far we have considered cases where the distribution of user types
was symmetric, p0 = p1 = p. In practice this need not be the case
since, e.g., the minority class might also be preferred by a minority
of users. We analyze the e�ect as a function of lr = log p0

p1 .
Figure 2(right) shows the results for di�erent values of lr . As

expected, the few-get-richer e�ect is more pronounced when there
is a larger relative proportion of users that prefer the minority item.
To see this, compare the blue line, where p1 = 0.6 > p0 = 0.2 (there
are three times more users who prefer the ‘minority’ item), and
the purple line, where p1 = 0.1 < p0 = 0.7. We see that the e�ect
is still present for this choice of parameters, even when there are
seven times more users who prefer the majority item. Here, the
proportion of indi�erent users is set to p2 = 0.2. Consistent with
the results of the previous subsection, if we increase p2 and keep
the same ratios, the e�ect becomes more pronounced. We conclude
that the e�ect is also robust to di�erent ratios of proportions lr .

4.4 Ranking evolution
Finally, we illustrate the typical behavior of the ranking evolution
for di�erent values ofM1, assuming our usual baseline parameter
values for � , �, and p and uniform initialization. Figure 3 shows the
results, which con�rm the idea that minority items tend to move
towards the top.

5 ONLINE EXPERIMENTWITH HUMAN
PARTICIPANTS

To test the predictions of the model, we executed an online ex-
periment in which participants clicked on one out of 20 possible
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.
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Figure 2: Proportion of clicks on all M1 items of class 1 as a function of M1 for runs of N = 100, and assuming M = 20,
� = 1.1, � = {0.9, 0.1, 0.5},p0 = p1 = 0.4 and uniform initialization, as baseline, and varying � (left plot), p2 = 1 � p0 � p1 (middle
plot), and the log-ratio log p0

p1 (right plot). Error bars indicate con�dence intervals for 100 di�erent random realizations.

4.1 Dependence on �
We �rst consider the dependence on the ranking e�ect, parametrized
by � . Larger values of � correspond to a stronger relative ranking
e�ect compared to the propensities. Here, we consider a symmetric
case with p0 = p1 = p = 0.4.

Figure 2 (left) shows the CTR for di�erent values of � . The re-
sulting CTR is almost symmetric. We observe a monotonic decrease
as a function of M1 in all cases, showing, in particular, that the
minority class always receives more clicks than the majority one.

We can di�erentiate between three cases, corresponding to small,
intermediate and large values of � , respectively. In general, larger
values of � lead to a relatively larger CTR for the minority class, due
to relatively larger probability of clicking on top ranked items. For
small values of � , the CTR is the smallest, but even here the e�ect
as a function ofM1 is particularly pronounced for small (and large)
M1. For intermediate values of � , the �at region for intermediate
values ofM1 disappears and the CTR decreases monotonically with
constant slope, indicating a decrease independent of M1. Finally,
for larger values of � , the CTR is largest, and the e�ect as a function
of M1 is smallest for small (and large) M1. In this extreme case,
forM1 = 1, the single item at the bottom quickly reaches the top
and attracts almost all the tra�c, leaving almost no tra�c to the
remainingM � 1 items of the other class.

From these simulations, we can conclude that the few-get-richer
e�ect is robust to varying � .

4.2 Dependence on p2
We now analyze the CTR as a function of the proportion of indif-
ferent users p2 = 1 � p0 � p1. For this, we choose � = 1.1 and vary
the proportion of indi�erent users while keeping p0 = p1. To better
analyze this dependence, we consider extreme preferences, so that
only indi�erent users can really click on both items, that is, we
assume � = {1, 0, 0.5}.

Figure 2(middle) shows the results. We observe that, in this case,
the few-get-richer e�ect is more pronounced asp2 increases. Having
a larger proportion of indi�erent users results in relatively more
clicks per item, and hence a larger ampli�cation of ranking e�ect,
which is a key ingredient for the few-get-richer e�ect to emerge.

With less extreme preferences, e.g., � = {0.9, 0.1, 0.5}, the e�ect in
p2 is still present, but less pronounced (data not shown).

We conclude that the indi�erent users play a key role in am-
plifying the e�ect of the ranking, and that in general, having a
larger proportion of them contributes importantly towards the
few-get-richer e�ect.

4.3 Dependence on the ratio p0
p1

So far we have considered cases where the distribution of user types
was symmetric, p0 = p1 = p. In practice this need not be the case
since, e.g., the minority class might also be preferred by a minority
of users. We analyze the e�ect as a function of lr = log p0

p1 .
Figure 2(right) shows the results for di�erent values of lr . As

expected, the few-get-richer e�ect is more pronounced when there
is a larger relative proportion of users that prefer the minority item.
To see this, compare the blue line, where p1 = 0.6 > p0 = 0.2 (there
are three times more users who prefer the ‘minority’ item), and
the purple line, where p1 = 0.1 < p0 = 0.7. We see that the e�ect
is still present for this choice of parameters, even when there are
seven times more users who prefer the majority item. Here, the
proportion of indi�erent users is set to p2 = 0.2. Consistent with
the results of the previous subsection, if we increase p2 and keep
the same ratios, the e�ect becomes more pronounced. We conclude
that the e�ect is also robust to di�erent ratios of proportions lr .

4.4 Ranking evolution
Finally, we illustrate the typical behavior of the ranking evolution
for di�erent values ofM1, assuming our usual baseline parameter
values for � , �, and p and uniform initialization. Figure 3 shows the
results, which con�rm the idea that minority items tend to move
towards the top.

5 ONLINE EXPERIMENTWITH HUMAN
PARTICIPANTS

To test the predictions of the model, we executed an online ex-
periment in which participants clicked on one out of 20 possible
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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“Are you more of a cat person or 
a dog person?”  
•  “I am a cat person”  
•  “I am neither a cat person 

nor a dog person”  
•  “I am a dog person.”  
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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“Are you more of a cat person or 
a dog person?”  
•  “I am a cat person”  
•  “I am neither a cat person 

nor a dog person”  
•  “I am a dog person.”  

Notice: Not exactly constant. 
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1

, and Ga

¨

el Le Mens

1,2,3

1

Universitat Pompeu Fabra, Barcelona, Spain

2

Barcelona Graduate School of Economics

3

Southern Denmark University

The Few-Get-Richer: A Surprising Consequence of Popularity-Based Rankings [ID:1863]

Fabrizio Germano

1,2

, Vicenç Gómez
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.

Dog traffic: <50% 
 
Fewer dog pictures  
à  lower dog traffic 
 
(no surprise)  

Static case: 
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.

Dynamic case: 

Dog traffic: >50% 
 
Fewer dog pictures  
à greater dog traffic 
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.
L

A

T

E

X TikZposter

The Few-Get-Richer: A Surprising Consequence of Popularity-Based Rankings [ID:1863]

Fabrizio Germano

1,2

, Vicenç Gómez
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks at-

tracted by dog pictures is larger

when there are few dog pictures

(3/20) than when there are many

dog pictures (17/20) in the Dy-
namic setting but not in the

Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

)

for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

)

for ‘dog person’: �n = .08.

I Further finding: Close match be-

tween simulated data and actual tra�c

proportions attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.

Dynamic setting 
Traffic to dog pictures 

increases when there are 
fewer dog pictures 

Static setting 
Traffic to dog pictures (sort 
of) decreases when there 

are fewer dog pictures 

Sim1: average traffic attracted 
by Dog pictures (M1) over 
1000 simulations of the 
choice model with a setting 
matching the exact number of 
participants of each identity 
type in each condition.  
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.

Funding ID: AEI/FEDER UE-ECO2017-89240-P, AEI/FEDER UE-PSI2016-75353, SEV-2015-0563, MDM-2015-0502, ERC Consolidator #772268, fellowships RYC-2014-15035 and RYC-2015-18878.

Sim2: average traffic attracted 
by Dog pictures (M1) over 
1000 simulations of the 
choice model with 100 users 
where numbers of users who 
are a ‘dog person’, ‘neither a 
dog person nor a cat person’ 
and a ‘cat person’ are 55, 15 
and 30, respectively (same 
frequencies for all conditions). 
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Introduction

I Ranking algorithms play a central role in online platforms.

I We identify a surprising consequence of popularity-based rankings:

the fewer the items reporting a given signal, the higher the share

of the overall tra�c they collectively attract.

I Ingredients:

1. Distinct classes of items (e.g., left-leaning versus right-leaning news sources).

2. Items are ranked based on their popularity (number of clicks).

3. Users

– have heterogeneous preferences for the classes of items

– tend to click on top-ranked items.

The Model

I The search environment consists of a ranking algorithm that ranks M items

of two types k 2 {0, 1} that get accessed by N users who sequentially use the ranking

to decide which item to click on.

I rn,m 2 {1, . . . ,M} is the rank of item m observed by user n 2 {1, . . . , N}, which
depends on the number of clicks received.

I Propensities: user n with �n 2 {0, 1
2

, 1} has propensity 'n,m of clicking on item m:

'n,m =

8
<

:

�n
M0

if m 2 M
0

1��n
M1

if m 2 M
1

.
(1)

Users enter randomly and independently with �n = 0 and �n = 1 each with probability

0 < p < 1

2

and with �n =
1

2

with (remaining) probability 0 < 1� 2p < 1.

They also have an attention bias � (> 1), whereby an item ranked exactly one

position higher has � times as much as probability of being clicked.

I Stochastic choice rule: user n chooses ranked item m according to

⇢n,m =

1

Z
�(M�rn,m)
| {z }
attention bias

· 'n,m|{z}
click propensity

Z =

X

m02M
�(M�rn,m0

)'n,m0. (2)

The Few-Get-Richer E↵ect

Keeping the total number of ranked items M constant, decreasing the number of

items in one of the two classes can dramatically increase the total tra�c to that

class: having few items in the ranking can increase total number of clicks on those

(few) items.

I Analytical curves for infinite users: I Simulations for a finite number of users:
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Simulations

– M = 20 items and N = 100 users, and M
1

items are initially at the bottom.

– Proportion of users of di↵erent types: p
0

and p
1

. Agnostic users: p
2

= 1� p
0

� p
1

.

– Uniform initialization, with all items having one click.

I Dependence on proportion of agnostic

users p
2

:

I Dependence on the ratio lr = log

p0
p1
:
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Experiment: Are you a cat or a dog person?

I Amazon Turk : 786 participants.

I M = 20 ranked items of 2 types:

M
0

Cat Pictures, M
1

Dog Pictures.

I 4 treatments with M
1

= 3, 8, 12 or 17 dogs,

initially ranked at the bottom.

I 2 sets of ranking conditions

Static: dog pictures stay at the bottom.

Dynamic: items go up as they are clicked.

I Uniform initialization, with all pictures having

one click.

I User types: ‘cat person’, ‘dog person’, or ‘neither a cat nor a dog person.’

I Main finding: Total #clicks attracted by dog pictures is larger when

there are few dog pictures (3/20) than when there are many dog pictures

(17/20) in the Dynamic setting but not in the Static setting.

I Estimated Model Parameters:

Estimated attention bias: � = 1.22,

Propensity to choose cat picture (M
0

) for ‘cat person’: �n = .74.

Propensity to choose cat picture (M
0

) for ‘dog person’: �n = .08.

I Further finding: Close match between simulated data and actual tra�c proportions

attracted by dog pictures.

# Cats (M
0

) 3 8 12 17

# Dogs (M
1

) 17 12 8 3

Dynamic

Condition D1 D2 D3 D4

# participants 96 102 99 101

# participants Cat person 34 30 24 29

in each Neither 9 21 11 16

type Dog person 53 51 64 56

Dog Experiment .53 .69 .76 .71

tra�c Sim1 .46 .56 .73 .76

share Sim2 .47 .60 .67 .75

Static

Condition S1 S2 S3 S4

# participants 96 101 95 96

# participants Cat person 34 30 25 33

in each Neither 13 19 9 15

type Dog person 49 52 61 48

Dog Experiment .44 .37 .40 .27

tra�c Sim1 .41 .37 .39 .28

share Sim2 .44 .39 .35 .30

Conclusions

I We formalized a stylized model to prove the existence of the few-get-richer e↵ect.

I Using simulations, we showed that the few-get-richer e↵ect is robust to di↵erent set-

tings. Agnostic users play a key role in amplifying the e↵ect of the ranking.

I Results of our online experiment are consistent with our theory and simulations. It

is a proof-of-concept for the few-get-richer e↵ect.

I Important implications for

– Misinformation: removal of some of fake news sources might lead to an increase

in the total tra�c attracted by the remaining ‘alternative’ news sources, resulting in

more overall exposure to ‘fake news’ !

– Recommender Systems: having less items of one class can actually induce more

user exploration on that class.
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Dynamic setting 
Traffic to dog pictures 

increases when there are 
fewer dog pictures 

Static setting 
Traffic to dog pictures 

decreases when there are 
fewer dog pictures 

Sim2: average traffic attracted 
by Dog pictures (M1) over 
1000 simulations of the 
choice model with 100 users 
where numbers of users who 
are a ‘dog person’, ‘neither a 
dog person nor a cat person’ 
and a ‘cat person’ are 55, 15 
and 30, respectively (same 
frequencies for all conditions). 
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-  We used stylized model to prove existence of few-get-richer effect. 
-  Using simulations, we showed the few-get-richer effect is robust to 

some alternative specifications.  
-  The presence of attention bias and of agnostic users both play a 

key role for the size of the effect. 
-  Results of online experiment are consistent with the theory and 

simulations. It is a proof-of-concept for the few-get-richer effect. 

 
 



-  We used stylized model to prove existence of few-get-richer effect. 
-  Using simulations, we showed the few-get-richer effect is robust to 

some alternative specifications.  
-  The presence of attention bias and of agnostic users both play a 

key role for the size of the effect. 
-  Results of online experiment are consistent with the theory and 

simulations. It is a proof-of-concept for the few-get-richer effect. 

-  Implications 

-  Misinformation: removal of some fake news sources can lead to 
an increase in total traffic attracted by the remaining `alternative’ 
news sources, resulting in more exposure to `fake news’. 

-  Recommendation systems: having less items of one class can 
actually induce more exploration on that class. 



What else to do?  
 

 - Better experiments; ideally with field data 
 - Estimate welfare implications for users? 
 - Devise ‘correction’ mechanism 

             - Alternative models 
 - Optimal ranking algorithms/recommendation systems? 

Some literature: 
-  Germano, F., Gómez, V. and Le Mens, G., 2019, May. The few-get-richer: a 

surprising consequence of popularity-based rankings. In The World Wide Web 
Conference (pp. 2764-2770). ACM. 

-  Germano, F., and Sobbrio, F., 2019, July. Opinion dynamics via search engines 
(and other algorithmic gatekeepers), in prep.. 

 à Welfare implications, asymptotic learning, also looks at personalization. 
-  Tennenholtz, M., and Kurland, O., 2019, May. Rethinking search engines and 

recommendation systems: A game-theoretic perspective. 
 à Optimal recommendation systems with search engine optimization. 
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 à Optimal recommendation systems with search engine optimization. 

Thank you! 
 


