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Introduction

Motivation

@ Recommender systems suffer from an inconsistency in
recommendation performance across different user
groups [AMBM19, ETAT18]

e Two examples:

e Varying recommendation accuracy across different user groups —
unfair treatment of users whose preferences are not in the
mainstream of a community [KSL20, KMZ*21]

e Inconsistencies between input data and recommendations generated —
recommendations that are either popularity-biased (popularity lift) or
not match the users’ interests (miscalibration)

@ Research objectives:

e O1: Investigate relationship between popularity lift, miscalibration and
accuracy for different users
e 02: Inspect recommendation inconsistency for different genres
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Method

Defining Recommendation Inconsistency

@ Accuracy differences across user groups [KSL20]

e Mean Absolute Error (MAE): rating prediction (lower is better)
o Recall and Precision: top-n recommendation (higher is better)

e Miscalibration (MC) [Stel8, LSMB20]
o Kullback-Leibler (KL) divergence between genre distributions in
profiles p(c|u) and recommendations ¢(c|u)
o KL(pllg) = X.ec plelu) log 53
e 1 means miscalibrated and 0 means calibrated recommendations

o Popularity lift (PL) [AMBM19]

e Compare group average popularity between profiles (GAP,(g)) and

recommendations (GAP,(g))

GAP;(9)—GAP,
° PL(g) - C(;Z?Pp(g) =

e PL(g) > 0 means too popular recommendations for g and PL(g) <0
means too unpopular recommendations, 0 is perfect
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Method
Datasets

@ Three datasets from [KL22] extended with genre information:
e Last.fm (LFM): LFM-1b [Sch16] dataset provided by JKU Linz

@ In case of Last.fm, we need to map user-generated tags assigned to
artists to genres in the AllMusic database

e MovieLens (ML): Movielens 1M dataset provided by GroupLens
e MyAnimelist (MAL): provided by Kaggle
o For ML and MAL, the datasets already contain genres
@ User groups

o 1k users with lowest (LowPop), with medium (MedPop) and with
highest (HighPop) inclination to popularity (i.e., fraction of popular
items in the user profile)

e Available via Zenodo: https://doi.org/10.5281/zenodo.7428435

Dataset| |U| 7] |R| |C|||R|/|U| |R|/|I| Sparsity|R-range
LFM  [3,000131,1881,417,791 20 473 11 0.996|[1 — 1,000]
ML 3,000 3,667 675,610 18 225 184 0.938|[1 — 5]
MAL [3,000 9,450 649,814 44 216 69 0.977|[1 — 10]
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Method
Recommendation Algorithms and Evaluation Protocol

Python-based open-source framework Surprise
Rating prediction — predict listening counts in Last.fm
Top-n — 10 items with highest predicted ratings
5 recommendation algorithms:
o 1 rating-prediction approach: UserltemAvg [Hug20]
o 2 knn-based approaches: UserKNN, UserKNNAvg [KSL20]
e 1 matrix factorization-based approach: NMF [LZXZ14]
e 1 scalable co-clustering-based approach: CoClustering [GMO05]
e Evaluation protocol
e Random 80/20 train-test split
e Five-fold cross validation
o Pairwise t-test between LowPop and MedPop / LowPop and HighPop
@ Available via Github:
https://github.com/domkowald/FairRecSys

surprse
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Results

O1: MAE, MC, and PL for Different Users

Data LFM ML MAL
Algorithm Metric | MAE MC PL MAE MC PL MAE MC PL
LowPop | 48.02* 0.52* 1.28 | 0.74* 0.78* 0.70* | 0.99* 0.95* 1.12*
UserltemAvg | MedPop | 38.48 048 1.61 | 071 071 042 |096 073 042
HighPop | 45.24  0.42 135 1069 063 024 |097 064 0.15
LowPop | 54.32* 0.51* 0.52 | 0.80* 0.75* 0.64* | 1.37* 0.92* 0.74*
UserKNN MedPop | 46.76 050 0.82|0.75 069 0.37 134 072 0.22
HighPop | 49.75 045 080 | 072 062 0.20 131 063 0.08
LowPop | 50.12* 0.49* 0.35 | 0.76* 0.78* 0.49* | 1.00* 0.90* 0.54*
UserKNNAvg | MedPop | 40.30 047 061 | 073 070 033 |09 073 024
HighPop | 46.39 042 0.64 070 061 020 |095 064 0.11
LowPop | 42.47* 0.54* 0.10 | 0.75* 0.78* 0.57* | 1.01* 0.91* 0.87*
NMF MedPop | 34.03 052 017 072 071 037 |097 072 035
HighPop | 41.14 048 033|070 063 022 |095 063 0.13
LowPop | 52.60* 0.52* 0.68 | 0.74* 0.77* 0.70* | 1.00* 0.90* 1.10*
Co-Clustering | MedPop | 40.83 0.51 1.04 | 071 070 043 |096 072 042
HighPop | 47.03 045 099 | 068 062 025 |098 0.63 0.16

e MAE (Recall/Precision) aligned with MC & PL, except PL for LFM
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Results

O1: Popular Items in the User Profiles Across Groups

ML MAL LFM
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@ Repeat consumption patterns in LFM [KSL20, KLS18]
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Results

Recommendation Inconsistency (MC) on Genre Level
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Results

Istency

MAL “Hentai” Genre Leads to LowPop Incons
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Conclusion

Conclusion and Future Work

@ O1: LowPop users get least accurate, most miscalibrated and
most popularity-biased recommendations

e O2: Particular genres contribute to inconsistency in
recommendation performance (“Hentai” for LowPop in MAL)

@ We find a connection between our recommendation inconsistency
definitions of accuracy, miscalibration and popularity lift

o Future Work
e Use insights for popularity bias mitigation strategies, e.g.,
o Calibration-based re-ranking for genres that contribute to
miscalibration [AMB™*21]
@ Personalized re-ranking for users of groups with high popularity
lift [ABM19, AK11]
e Investigate further popularity bias evaluation metrics for repeat
consumption patterns, e.g., weighted popularity lift
e Study inconsistency in other domains (e.g., e-commerce) using novel
algorithms (e.g., deep learning)
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Conclusion

Thank you! Questions?

Contact:
dkowald [AT] know-center [DOT] at

Data:
https://doi.org/10.5281/zenodo.7428435

Code:
https://github.com/domkowald/FairRecSys

Paper:
https://arxiv.org/pdf/2303.00400.pdf

Poster/demo on Tuesday — “Uptrendz: API-Centric
Real-Time Recommendations in Multi-Domain Settings”
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