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Damping Factor-based Debiasing Hybrid Reranking Algorithm
for Mitigating Confirmation Bias in News Recommendation
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Abstract

Prior research on bias mitigation has been limited by its reliance on model retraining or re-ranking techniques
with high computational complexity. To address this limitation, this paper proposes Damping-Debiased Hybrid
Reranking (DDHR), a graph-based hybrid re-ranking algorithm that mitigates confirmation bias in news
recommendation systems. Analysis of the MIND dataset showed that category-level bias primarily originates at the
candidate selection stage, and that selection bias intensifies among heavy users. DDHR redesigns the reset vector of a
graph diffusion algorithm in a debiasing direction, enabling a single damping factor to control the trade-off between
bias mitigation and recommendation accuracy. This paper is significant in that it elucidates the process by which bias
forms, while also presenting a practical post-processing mitigation technique that can be applied without retraining,
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Key . . : . )
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observation

oeriod Approx. Nov 9, 2019 - Nov 14, 2019
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Algorithm 1. DDHR algorithm

Input:  candidate set C, neural scorer s(:), co—click
graph adjacency A, user history H, category map cat(-),
damping factor d, mixing weight alpha, top—K size K
Output: re-ranked list R

11 M <= A . diaglcolsum(A)-1

2 /| column—normalized transition
matrix

3 P_hist <~ category distribution of {cat(v) : v in H}
4: for each news v in V do

5: wivl <= 1 - P_histlcat(v)]

6: /| favor under-seen
categories

7 end for

8 e <-w/sumw) // debiased reset vector
9 r<-e

10:  repeat

11: rnew<-d-M-r+(1-d -e
12: if lIr_new - rll_1 < tol then break

13 r <-r_new

14:  until max_iter reached
15. for each ¢ in C do

16: score_nlc] <- normalize(s(c))

17: score_glc] <- normalize(rlc))

18: scorelc] <- alpha . score_nlc] + (1 - alpha)
19: - score_[c]

20: end for

210 R <= top—K items of C sorted by score in
descending

22: order

23 _retun R




112 772 F34e] g5 AF

r}l
rulo

£ ¢5'= DDHRY| & 3} a45 A58
A3 A S NRMSE Hlojzgle]l Rda A
ska, O NRMS @ 3 A3et @ NRMSY
o <o DDHRY 1z it A4 A
TA4e A FHNRMS+DDHR) Z3E Hlw
BT o] 5 93 MINDsmall train H]©]E}A12)]
AR 29 olgol| setold AR daEHH
T A7) @& AL3t FA FY(co-clickyd
SE ZFe] AE WY 3% FY (s
51,282

lﬂ >

20, oA 1,502,55470) 2 T3k
J = b H4= 7008} PageRank H219] b
B ALk %'H ’&%E}Oﬂﬂr. HHE A AL5H T
B2 ZE Ae dEY Ll 2F Aot £ YAR
(tolerance) 107° vtto] & uf FZ}=E A
on, Hg ¥k 35 503 = Zﬂf‘%}oq ol A
AH= Afol= Agte]l 733 ALHA ==

Stk Eefold 95 A7) AA 7 34 o
ToA dRkA o g AREE HL(2~5)F Fasty
308 AT AN, S8fold &S 277}
Ao HA= FIE ] Hall, 9=F 7]
52 ZH? S T E (= 51,28270, AA| 2,279,707

gk 27(d=0.7, alpha= 07)°1W
1,000 E_oﬂ sl A% %’8}951@ I AdE F 4
o} Zol A% A% E% 59 37] 39 Ans}

o EUa vEh,

¥4 AL Z7of wE X|E AKX U] 2(=1,000)
Table 4. Comparison of metric differences by window size
(r=1,000)

: Window size :

Metric Difference
3 5

group_AUC 0.643192 0.643203 +0.000011
mean_MRR 0.357277 0.357495 +0.000218
nDCG@5 0.339405 0.33949%4 +0.000090
nDCG@10 0.403254 0.403309 +0.000055
top_ratio 0.211338 0.211639 +0.000301
entropy 0.863752 0.863791 +0.000039
gini 0.462634 0.462589 -0.000045
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Table 5. Comparison of recommendation accuracy metrics:
NRMS vs. NRMS+DDHR(=73,152)

Metric NRMS NRMS+DDHR | Difference
group_AUC 0.6609 0.6466 -0.0143
mean_MRR 0.3201 0.3%4 +0.0339

nDCG@5 0.3526 0.3369 -0.0157
nDCG@10 0.415 0.39%4 -0.0156

group AUCE 2.16%, nDCG@5¢F nDCG@10-S>
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Table 6. Comparison of category bias Metrics: NBMS vs.
NRMS+DDHR(/=73,152)

r

Metric NRMS | NRMS+DDHR | Difference
top_category_ratio | 0.232755 0213634 | -0.019121
entropy 0.831618 0.861664 0.030046
gini 0.506251 0463683 | -0.042563
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Table 7. Comparison of accuracy and diversity across

8 Hy
(7=10,000)
Table 8. Comparison of accuracy and diversity across

damping factors and weights (/=1,000) damping factors and weights(/=10,000)

a a ?AKL)JUCD nDCG@5 top_crz‘iieogory_ entropy a a ?;E%p nDCG@5 top_crz‘f[ieogory_ entropy
03 | 05 | 06001 | 0.2939 0.1938 0.8954 03 | 05 | 06033 | 0.2951 0.2014 0.8920
03 | 07 | 063% | 0.3391 0.2061 0.8701 03 | 07 | 06430 | 0.3367 0.2096 0.8670
03 | 09 | 0651 | 03509 0.2274 0.8455 03] 09 | 06602 | 0.3523 0.2251 0.8434
05| 05 | 06066 | 0.2957 0.1903 0.8951 05| 05 | 06120 | 0.2970 0.1992 0.8922
05| 07 | 06416 | 03383 0.2089 0.8665 05| 07 | 06467 | 0.3382 0.2096 0.8645
05| 09 | 06553 | 03515 0.2282 0.8455 05 ] 09 | 06609 | 03534 0.2258 0.8422
07 | 05 | 06115 | 02967 0.1918 0.8891 07 ] 05 | 0618 | 0.2960 0.1997 0.8891
07 | 07 | 06432 | 0334 02113 0.8638 07 ] 07 ] 06490 | 03388 02108 0.8630
07 | 09 | 06% 0.3523 0.2292 0.8439 07 | 09 | 06614 | 0.3540 0.2263 0.8411
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095! 09 | 06558 | 035% 0229 0.84% 095| 09 | 06614 | 03543 0.2265 0.8392
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Fig. 1. Visualization comparison of accuracy and diversity
(r=10,000)
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