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…on datasets is very 
useful, but research is 
bounded by the 
specific properties of 
the very few available 
datasets.

Experiment with 
algorithm 
configurations & data 
characteristics, 
observe the effect on 
popularity bias.
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Approach
• Identify data characteristics that relate to popularity bias, and 

generate data accordingly.

• Identify important configurations of UserKNN.

• Evaluate bias for each of the combinations.

• Offer insights on when bias can occur.
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Data characteristics
1. Relation between rating and popularity; do the popular 

items also have high ratings?

2. Influential users; what do users with big profiles like?
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UserKNN configurations

How many 
neighbours are 

needed?

How similar can 
neighbours be?

What if we have rated 
only one item in 

common?

Configuration 
choice

Lenskit for Python Cornac

Minimum 
neighbors

Configurable 
(defaults to 1)

 1

Minimum 
similarity

Configurable 
(defaults to 0)

-1

Items for 
similarity

All items Common items



● Configurations tested:

○ Min. similarity 0, over all items, 1 min. neighbour. — LKPY

○ Min. similarity 0, over all items, 2 min. neighbours. — LKPY

○ Min. similarity -1, over all items, 1 min. neighbour. — LKPY

○ Min. similarity -1, over all items, 2 min. neighbours. — LKPY

○ Min. similarity -1, over common items, 1 min. neighbour. — Cornac

Experimental setup (A)

24



Experimental setup (B)
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● For every configuration tested:

○ Optimize the rest of the hyperparameters.

○ Train and test rating prediction (5-fold cross validation).

○ Rank based on rating and recommend the top 10.

○ Measure: 

■ RMSE, NDCG@10

■ Popularity Correlation (PopCorr)

■ Average Recommendation Popularity (ARP)

■ Popularity Lift (PL)
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● Increasing minimum 
neighbours generally 
increases popularity bias

● Minimum similarity: see 
scenario 3

● Items consider for 
similarity: see scenario 4

Observations

● Scenarios impact popularity 
bias 
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Takeaway: Reporting on bias is complicated.

Reporting
It is necessary to document the research process carefully, 
be explicit about relevant factors and consequent 
experimentation, and acknowledge the unique aspects and 
limitations of the reported results.

Bias evaluation
Estimation and interpretation of (popularity) bias is highly 
dependent on the context — impact of non configurable 
parameters.
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Extension
• Incorporate more state-of-the-art algorithms.

○ Formulate data scenarios based on UserKNN properties, as 

before — do the conclusions hold?

• Incorporate benchmarking (“real”) datasets.

• Examine other commonly used frameworks.
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Generate data
Define data scenarios according to the observations mentioned.
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Data scenarios
1. There is no relation between popularity and rating: For each interaction, draw a rating value between 1 and 10 

uniformly at random.

2. Popular items are generally rated higher by the users: For each interaction, draw a rating value between 1 and 10 from 

a normal distribution, where the mean is the popularity of the item normalized between 1 and 10.

3. Popular items are generally rated lower by the users: For each interaction, draw a rating value between 1 and 10 from 

a normal distribution, where the mean is the opposite of the popularity of the item normalized between 1 and 10.

4. Only users with big profiles rate popular items higher: For each interaction, draw a rating value between 1 and 10 

uniformly at random. For the users with the 20% largest profiles, replace by drawing from a Poisson distribution 

where the mean is the popularity of the item normalized between 1 and 10.

5. Only users with big profiles rate popular items lower: For each interaction, draw a rating value between 1 and 10 

uniformly at random. For the users with the 20% largest profiles, replace by drawing from a Poisson distribution 

where the mean is the opposite of the popularity of the item normalized between 1 and 10.

Generate data
Define data scenarios according to the observations mentioned.
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