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fairness
. V = [4 )
How do we know if a scale is ‘broken’?

fairness

v .
When a scale is broken,
can we trust its measurement? =

®)

-
()

Image credit:
Icons created by Freepik - Flaticon
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Fairness in recommender systems (RecSys)

Given the top k item recommendations across m users

X X

Are the recommendations fair ?

similar individuals receive
similar treatments®

granularity: individual/group
stakeholder: user/item

*Disclaimer: simplified/common definition

Icons created by Freepik - Flaticon
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Why individual item fairness?

Popularity bias causes some items to be recommended more often
~= — promoting item fairness may be helpful for new item discovery

“
ﬂf\ilﬂ‘ Assess distribution across all individuals in the population

— evaluation of individual fairness gives broader view

Sensitive attributes (e.g., gender, age) to identify protected groups
often unavailable due to legal/privacy reasons

— evaluation of individual item fairness does not always require this
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Individual item fairness in RecSys

Main terminologies and definitions™

E Exposure oW Relevance

! ltem appearance in Whether the user will
E the top k recommendations find the item relevant
o000 (and at which rank position) (interact with it)

Given recommendations across all users, individual item fairness means:

1. all items having equal exposure (regardless relevance); or

—— 2. allitems receive exposure w.r.t. its relevance to users

*Disclaimer: simplified/common definition

Image credit:
Icons created by Freepik - Flaticon
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Intuitive example: individual item fairness in RecSys

We recommend k=2 items from a pool of 4 items to two users r, Def.1
“a

“ - s s -

&3 q = Il items have
Items in the dataset: @ @ @ equal exposure”

More unique items
exposed in Case 2
— Case 2 is fairer

r -~ (- _——

_Only 2/4 unique items are exposed | SRS

Image credit:
Icons created by Freepik - Flaticon
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Intuitive example: individual item fairness in RecSys

We recommend k=2 items from a pool of 4 items to two users

@ . = =
ltems in the dataset: w 9] oi@:

Rank

A L S S S S B B B B B B B B e B B e e e

Image credit:

Ico

ns created by Freepik - Flaticon

{ Def.1
“all items have
equal exposure”

More unique items
exposed in Case 2
— Case 2 is fairer

(
Def.2
“exposure w.r.t
relevance”

ltems get exposure
(more) proportionally
to their relevance

— Case 1 is fairer
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Intuitive example: individual item fairness in RecSys

“ - s s -

“all items have
equal exposure”

/
l ... Which case is fairer depends on the
|
|

fairness definition and the evaluation measure

More unique items
exposed in Case 2
— Case 2 is fairer

(
Def.2
“exposure w.r.t
relevance”

ltems get exposure
(more) proportionally
to their relevance

— Case 1 is fairer

Icons created by Freepik - Flaticon
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Types of individual item fairness measures

Following the two broad individual item fairness definitions:

(- - - === === B Y
I FAIR measures ! measures fairness only based on exposure
N /J

— Qur previous work investigated the theoretical and empirical limitations of these measures

4 N

Evaluation Measures of Individual Item Fairness for Recommender Systems: A
Critical Study

THERESIA VERONIKA RAMPISELA, University of Copenhagen, Denmark ACCG pted tO AC M Tra n SaCtl ons on

MARIA MAISTRO, University of Copenhagen, Denmark Reco mme nde r Systems (2023)
TUUKKA RUOTSALO, University of Copenhagen, Denmark and LUT University, Finland

CHRISTINA LIOMA, University of Copenhagen, Denmark
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— This work!
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Can the FAIR+REL (joint) measures be trusted?

RQ1: N " RQ3: )
... between FAIR+REL measures & | | ... across decreasing rank
- FAIR (fairness-only) measures : | positions
- REL (relevance) measures . I
| ' RQ4:
| I
| |

RQ2: ... given increasingly fair and

... between FAIR+REL measures , v relevant recommendations?

S e e e e e e e e e e e e e e - o - — — - N £ e e e e e e e e e e e 2 A
! |
I (== = = =—— Nfm—————— N I
l——~—= -4 Agreement 1, Sensitivity -----=

Image credit:

Ico

ns created by Freepik - Flaticon
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Experimental setup

4 real-world datasets

Lastfm

ML-10M

Amazon (luxury beauty)
Tenrec (QK-video)

Can we trust recsys fairness evaluation? 11

4 recommenders
ltemKNN
ﬂ 3 BPR

t‘{/ MultiVAE
NCL

1 fair reranker

CombMNZ O

(based on item coverage and (]

predicted relevance)

Image credit:
Icons created by Freepik - Flaticon

20 evaluation measures

fFa

6 relevance (REL) measures
5 fairness-only (FAIR) measures
9 joint (FAIR+REL) measures

All evaluated at k=70 unless otherwise stated
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Evaluation results of all measures

model ltemKNN |~ BPR | MultiVAE |  NCL (1) Extremely small scores for
e - GM]| - ©M] - ®M| - M several joint measures (<107%)
THR 0.765 0.581 | 0.773 0587 | 0.778 0.523 | 0.793  0.571
T MRR 0.484 0.270 | 0.492 0.280 | 0.476 0.232 | 0.503  0.260
= TP 0.172  0.089 | 0.178 0.092 | 0.176 0.076 | 0.184  0.087
& 1 MAP 0.137 0.053 | 0.141 0.058 | 0.138 0.045 | 0.148  0.050
TR 0.218 0.114 | 0.224 0.119 | 0.224 0.098 | 0.234 0.110
TNDCG 0245 0.119 | 0.252 0.126 | 0.247 0.102 | 0.261 0.115
T Jain 0.042 0.094 | 0.058 0.140 | 0.097 0.222 | 0.082 0.215
. TQF 0474 0.679 | 0362 0528 | 0.517 0.678 | 0.453 0.657
% TEnt 0589 0.735 | 0.610 0.740 | 0.707 0.826 | 0.671 0.810
" 1FSat 0.129 0.216 | 0.147 0.228 | 0.202 0.321 | 0.178 0.286
| Gini 0.904 0.790 | 0.910 0.818 | 0.839 0.696 | 0.872 0.728
TIBO 0.209 0.256 | 0.208 0.253 | 0.261 0.278 | 0.242 0.292
L IWO 0.791 0.744 | 0.792 0747 | 0.739 0.722 | 0.758 0.708
L l1aA 0.004 0.004 | 0.004 0.004 | 0.004 0.004 | 0.004 0.004
E | IFDx 0.000  0.000 | 0.000 0.000 | 0.000 0.000 | 0.000 0.000 l T T
55 1T HD 0.000 _0.177 | 0.104 0.174 | 0.095 0.203 | 0. ; ( Hard to diStiﬂgUiSh across 1
UMME  0.001 0.001 [ 0.001 0.001 [ 0.001 0.001 | 0.001 0.001 I |
LI-F 0.001  0.002 | 0.001 0.002 | 0.001 0.002 | 0.001 0.002 | models per dataset! I
| AI-F 0.000 0.000 0.000 | 0.000 0.000 A
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Evaluation results of all measures

model ItemKNN | BPR | MuliVAE |  NCL (1) Extremely small scores for
re-ranker - ¢cM| - com| - cM|] - oM several joint measures (<107°)

HR 0.765 0.581 | 0.773  0.587 | 0.778 0523 | 0.793  0.571 :
$MRR 0484 0270 | 0492 0280 | 0476 0232 | 0503 o260 (2) Scale mismatch between

a TP 0.172 0.089 | 0.178 0.092 | 0.176 0.076 | 0.184 0.087 sing|e-aspect and joint measures

& {MAP 0137 0053 | 0.141 0058 | 0.138 0.045 | 0.148 0.050
TR 0.218 0.114 | 0224 0.119 | 0224 000210234 0.110
TNDCG  0.245 0.119 | 0.252 0.126 | 0.247 [0.102 | 0.261 Le)..l.y.ﬁ\‘l ST TEs s TsEmmEsEm -I
T Jain 0.042 0.094 | 0.058 0.140 | 0.097 [0.222 | 0.082] 0.215 REL scores differ by ~0.106

. TQF 0.474 0.679 | 0.362 0528 | 0517 0.678 | U 657 e e e

Z 1Ent 0.589 0.735 | 0.610  0.740 | 0.707 0.826 | 0.671 0.81 - -

1 Fsat 0.120 0216 | 0.147 0228 | 0.202 0.321 | 0.178 0.286 I FAIR scores differ by ~0.14 )I
| Gini 0.904 0.790 | 0.910 0.818 | 0.839 0.696 | 0.872 0.728 T/ T s/ mmm _-_-msmm
TIBO 0209 0.256 | 0.208 0.253 | 0.261 0278 | 0.242 0.292 non-negligible differences!

LIWO 0791 0744 | 0.792 0747 | 0.739 0.722 | 0.758 0.708
L 1AA 0.004 0.004 | 0.004 0.004 | 0.004 [0.004 | 0.004] 0.004

B |IFD: 0074 0053 | 0.075 0054 | 0.073 0.049 | 0.076  0.052 —— e o — —

t LIFDx 0000 0.000 [ 0.000 0.000 | 0.000 0000 |"0.000) 0.000 FA|R+REL scores differ by <10 3I

< LHD 0.099  0.177 | 0.104 0.174 | 0.095 0. : 0.177 S e e e e el
IMME 0001 0.001 | 0001 0001 | 0.001 [0.001 | 0.001] 0.001 _ . -
L II-F 0.001  0.002 | 0.001 0.002 | 0.001 0.002 the difference seems negligible? =
| ALI-F 0.000  0.000 | 0.000  0.000 | 0.000 0.000
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Explanation for the small scores

Example with |FD:

IFDx (u) = (n ey I%IJ l%‘\l []x 111 l)] Jx (_u_l_)]_ -

|tem relevance |1

\___1___.1
(i) = o= M ruiow L., () ence(wiw))

w=1 {
£ T

This term is often O due to low I item exposure
number of relevant items per
user (in the test set)
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RQ1 & RQ2. Agreement between measures

Kendall’s Tau correlation between ranking of models, from best to worst, based on different measures

1.00
0.75
0.50

025
-0.00

- - —0.25
MME }0.36-0.5 0.

I-F :0.57-0.71-0.64-0.64-0.79-§.57-0.57 1

Al-F -|»0.29-0.43-0.36-0.36—0.29—0.3E

1 1 1 1 1 1
|HR MRR P MAP R NDC{Jain QF Ent FSat Gini]| IBO IWO IAA IFD. IFDx HD MME II-F Al-F
REL FAIR IOINT

Three groups of similar joint measures:
e |IBO/IWO has inconsistent relationships with single-aspect and joint measures (across 4 datasets)

e |AA/HD/II-F do not align with fairness
e |FD/MME/AI-F tend to disagree with relevance

— no FAIR+REL measures reliably account for both relevance and fairness

- —0.50
-0.75

—-1.00
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Explanation for the grouping of measures

Three groups of measures: (i) IBO/IWO, (i) IAA/HD/II-F, (iii) IFD/MME/AI-F

Similar formulations

- IBO/IWO: fractions of items with an impact score greater/lower than a
threshold

- MME/AI-F aggregate exposure across users prior to computing the exposure
difference (IAA/HD/II-F do not)

- MME/IFD are pairwise measures.
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RQ3. Measure sensitivity at different ranks: setup

We study how sensitive the joint measures are at decreasing rank positions
compared to relevance- and fairness-only measures

Rank

000000000

e Use the runs from the NCL model
e Recommend 5 items from these decreasing rank positions
e Compute all measures at k=5



Scores

UNIVERSITY OF COPENHAGEN

Can we trust recsys fairness evaluation?

RQ3. Measure sensitivity at different ranks: results

e e N\
I REL measures !
N e e e e e Y — e J
. T REL
) - HR -m- P -o- R
-4 MRR -~ MAP -4- NDCG
&)
0.6
0.5 5 .\.
0.4 1 o
“*x_
0.3 1 - \"“*~~x
u.. =
......... - .
0.2 4. o 4.
- it R -
. .- :_‘;T::':\ . o %
0.1- e il
0.0 T T T g !
1-5 2-6 3-7 4-8 5-9

position window

Moving down the rank,
relevance worsens

18
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I REL measures ;
N o o o oo e o e e o o
T REL
%1 o -~ HR -m- P -- R
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RQ3. Measure sensitivity at dlfferent ranks: results

~#- MRR =~ MAP ~4- NDCG

0.6 - '\

.\
02 X .\
5]
0.4 1 %
\%\\
0.31 -
) 4 p < ~ e
...
0.2 +- ..... .\ &
o el
@- T Ry~ W ey
- e S i
7 _w‘\'ﬁ;'b.u..__
0.1 e "
0.0 1= , . | |
1-5 2-6 3-7 4-8 5.9

position window

score

r ___________
I  FAIR measures
\ ___________
FAIR
101 o-1Ja B 1 QF - T Ent —- 1 FSat
% .G
e r— —— :
0.8 A
......... +
---------- R 5
P +
0.6
L T, =
........ -. |
. ......
0.2 1 & ——— & ——— & -— - & —— —&
.———-—"C—————.-————.————".
0.0 1= : . . |
1'5 2.6 3_7 4-8 5-9

position window

Moving down the rank,

relevance worsens, exposure-based fairness improves
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RQ3. Measure sensitivity at dlfferent ranks: results

fm———————— - —
I REL measures I
O e e———— /
- T REL
| - HR -m-P - R
~$- MRR =~ MAP ~4- NDCG
@
0.6 -
051 .\.
0.4 X
(O]
®. 5]
< @
0.3 A b . T -
m... . :
02{4. Wy
g T
. T T '
E \':g._:.\ e R i
0.1 e e
O-O T L T T L
1-5 2-6 3: 4-8 5-9

position window

[ y-axis: scores x10 ]

P e N e
1  FAIR measures ) . FAIR+REL (joint) measures
N e e e o o o = == e m e e e e e e e ===

FAIR 10-1 ! FAIR+REL

1.07 _@-tJain .m- 1QF -4 TEnt —&- 1 FSat

- 1 Gini

A ittt SRV

et BWeocceennnen, - ——
0,8- LLTE]  [PT A e | [ETT TR ]
------------- +

P e e == +

0.6 1 @ IAA B~ IFD. -®- IFDyx HD

: % MME -4 IIF  -4- ALF
@ @ ® ® P
044 il . oo S S SRR R +
e et n- x_i‘:_ x _______ x _____ x _______ x
- — vl . ey *
““““““ -
0.2' @ i e @ ________ <§;\~-— '_'§‘
o—o—o— ¢
0-0 T L\l T T T T T ) T T
15 2-6 3-7 4-8 5-9 1-5 2-6 3-7 4-8 5-9

position window

Moving down the rank,
relevance worsens, exposure-based fairness improves
but the joint measures do not reflect these changes to the same scale

position window
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RQ4. Sensitivity given increasingly fair & relevant recommendations

Idea: 1 REL
Gradually increase both relevance & fairness: o NDCG
- increase the proportion of relevant items 08 -
- distribute exposure more equally mzj f i

. ¢ < .
Setup: 0.0 1! ”’/ ’ —
- Synthetic dataset, artificial recommendation. “raction of artifcialy inserted fems.
- Start by recommending the same k=170 items that are e
irrelevant to all users (except for one user where the items AL AL

are relevant). 084
- Replace the item at k with a less exposed item that is
relevant to the user. |
Recompute the measures. 0045

T T T T T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

- Repeat the previous step for rank positions k-1, ..., 1. frsctionof-articially inserted itarms
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RQ4. Sensitivity given increasingly fair & relevant recommendations

FAIR+REL
— 1IBO == LIWO -=ee L HD

Expected result:

FAIR+REL scores

(1) start from the unfairest and reach the fairest
(2) if not, at least, they should become fairer

Actual resu Its: fraction of artificially inserted items
Only IBO and IWO fulfill (1) 4 o, I
All joint measures slightly improve (except IFD) e — —

Most joint measures are not very sensitive to ZZ:Z N
changes in REL and FAIR scores oo *”1
the range of these measures: (0, 0.0015) 0.000
the range of the single-aspect scores: [0,1] \ fraction of artificially inserted atémy

[ y-axis: scores x10 ]
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Explanation

Why did IFD become less fair?

n_l) 7 > i) = @, i)

i€l i’el\i

[FDy (u) =

IFD: pairwise difference in the combined value of exposure and relevance (J)

When the relevant items start to be moved into the top k:

- the gap between the exposure weight of the relevant items in and outside
the top k increases
- thus, unfairness increases
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Key Takeaways

Avoid using similar joint measures.
Three groups: (i) IBO/IWO, (ii) IAA/HD/II-F, (iii) IFD/MME/AI-F
Use only one measure per group to avoid redundancy

Be aware of the unintuitive/inconsistent behaviour and
insensitivity of the joint measures.

Avoid score misinterpretation in measures with small empirical scales.

two models differing in scores by 0.001 can be interpreted to perform similarly,
yet this difference is due to the nature of the measure empirical range

Measure fairness separately from relevance.

"." compressed empirical range, insensitivity, inconsistent alignment to single-aspect

measures

Thank you!



