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A Causal Recommendation Model based on the Counterfactual Data
Augmentation: Case of CausRec
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Abstract

A single-learner model which integrates the user’'s positive and negative perceptions is proposed by
augmenting counterfactual data to the interaction data between users and items, which are mainly used
in collaborative filtering in this study. The proposed CausRec showed superior performance compared to
the existing NCF model in terms of F1 value and AUC in experiments using three published datasets: MovieLens
100K, Amazon Gift Card, and Amazon Magazine. Compared to the existing NCF model, the F1 and AUC
values of CausRec showed 1.2% and 2.6% performance improvement in MovieLens 100K data, and 2.2%
and 10% improvement in Amazon Gift Card data, respectively. In particular, in experiments using Amazon
Magazine data, F1 and AUC values were improved by 11.7% and 21.9%, respectively, showing a significant
performance improvement effect. The performance of CausRec is improved because both positive and negative
perceptions of the item were reflected in the recommendation at the same time. It is judged that the
proposed method was able to improve the performance of the collaborative filtering because it can simultaneously
alleviate the sparsity and imbalance problems of the interaction data.

Keywords : Single Learner Model, Causal CF, Collaborative Filtering, Causal Machine Learning,
Meta-learner, Single-Learner

Received : 2023. 06. 19. Revised @ 2023. 07. 13; 2023. 07. 17 Final Acceptance : 2023. 08. 03.

% This work was supported by 2022 Hannam University Research Fund.
** Professor, Hannam University, Department of MIS, 70 Hannamro Daeduckgu Daejeon 34430, Korea, Tel: +82-42-629-8344,
e-mail : hssong@hnu.kr



30 JOURNAL OF INFORMATION TECHNOLOGY APPLICATIONS & MANAGEMENT

.M E

o

HEd 71E9] A @A F=A-
27t 742 A S48k glek. FA A ~F
HE 7P & uA AR gle 392
A 28] ofo]dlef gk Al-gx}e] #A
HE 7juto 2 olo]dl ¥ AT EE o=
322 FAFATL A dole g
(Sparsity) 2 els] AA = 2 2H5o] E]Z]
7} gk w3k H2 FZElH oA AMEskE e
HA| B ARgAL7} ofo]Hlef| tial] F-ofsl= B3 2
> A Ql =y ok v)-goiE] 2849 FAA
dew Ju 2 PR A7t gon o|2ald v
o] FA e} o] AR FA = Shgle
¥ 73 (Imbalanced dataset) ¥A41& o}7|3k}.
sglole o Ed3 A7 EAE el Ahel o
el el o)Este] HIH o] (Chen et al.,
2020]) o] FolA= 5 Bd dhrol] ol Agrt A
F wrAgh}

Eins] 33"@"#”5%‘“4% ALgA7) otoldlE vk As

A of 28 FA Ao 7uke Fa S gt
th. v A AREAE 54 oleldlE FAAL
AA = AEE SAlol FA o whedgield Bl A w
gk F3e] 7bselAlct. ol & Eo] AMEAF A7} ofolHl
19} olo]®l JE& 747} 0.8%) 0.6%bF A5 7o F o
Zo] =ichd HEA < PPDE = el A
2 Al A ofol®l [& FA3A Het. 1t $-A#
b3 A dlolEl7) glox] AREAL A7) eleldl TE
0.67HF #4of3tar ofel®l J& 0.17HF 4olgivle o
Zo] 7hg 3l AREAE Ag ofolw FA 1A} -
A alale] zto]& eofeldl 171 0.8-0.6=0.2, olo]&l J
7} 0.6-0.1=0.57} =] ololdl J& FA3}= Ho|
o &a3Ad Aolrt 53] dsht St 2L 7|3 A|

J A 2~ El

o

O
op
of B

I-o{'_“"._.“‘—‘l_
ﬁ>_\4‘.4—124~°ﬂ—p ™

,.,
rlr
O o J

o2

[o o Ao ol
O

e o

o o fr
o
=

5
T 4o K 4o

m

FASE A A5G T2 Gt A5 2
AR olel] weke Hhela Auel 497} dold F
AR5} 4 AE FHE FAAIL urk A

2 % gleh.

2 Qe A2 A3EA AFoA ofelr]o 2
Qo] AhgALe] FHAA G172 FAH AH5AE dlo]
Bol WA HoleE F7she WAl 0% 45t

S F7bsha, ekl w25 719E A 8s

o AHEALS] FASIAT FHNE FY P

o,

Y

i

v

td

i

@

5

®m,

D
o 3

g

)

D

—

Z

o

[oN

Q

rulo
ri o me

fol fole = ofN

TR A Ty

X
=

o ok
4L

o
oft

Ly e

- Q171 (Popularity bias), $1%s
(Position bias), x=&¥ & (Exposure bias
B2F F=wel] glojA] HaFE A ster 24
I YAV FA ool Hldl WdF AT AR 7154
oA AAEA(Xu et al., 2021)F FAH3H= o
FakaL gl "hel 2 A= R dlo] 1
T3 Azl e Apolel| wEt qlatazE F
24& wrhs AellA 7% Aok Ahd s %"/P.

>~
-

o e ol

oX mio z
tlo m rH

01“_,—‘_|

_1.4
_?L
rlr

FH A 2Hlo|| ¥ f?_ N2 ﬂ'7‘7‘:‘ Q171
(Popularity bias), $1*x|#H 3 (Position bias), X
Ak (Exposure bias) & AREA} = ef] 9lofx] A3}
S AAS=]) 248 2kRo] 9=y o] = AR} Tl
o] oolrl Zod - = A% S]X]ol| ule} 2 ZAA =
%7] gEo|tk. Wang et al.(2016)-2 T2k A¥ S
T3l AE AgFE AT AL Atsta FE AsE
1413} HEH IPS(inverse
propensity score) & AME-EISATE AJF EAke] daks
skstslr] S8 A7HE et Ads ek o5l
(double robust) W= A|erslsict. Joachims et
al.(2017)2 IPS ZH¥ =5 .Hi_/\j'g].o:] 013/_(4 738A
°2 AR o2 sg AR 5 9l Fourt.

ARgAL 3 = o] 3] % Zﬂﬂﬁ}ﬂiﬁ}t —r"4 o}
olele] <lztg 3 Xu et al., 202115 FA3k= H

N{N'

)

>
>,
i,
]
[av
rh
it}
o)
%
ftlo
>

oo %




A30A8 A4

fol
=

>

%
o
°
m

&

oN
2
=
@
:j_
B
rat
HI
iy
W
o~

<l 16}5 A9 At ﬁzﬁ, ool
AR _11-.%_%1— 7FsAd o] ljr?r/].qj o] o}o] % 23} o] &
9 A]

E‘. T
HERET Aol FolAL olold & 2AS

Q) ol e FAsh] SlaAd e FA9| A

Y5Aoleh, 2o} 3EsE 4%
7] SlaAE SAAEA A SHolo]del P F4
(AA=1) & WFAAA =002 FAo 3o} 323
EAol AHEA A ofo]de AL 23
£ Ae 2olel] wiel 444 A3t £9E o
sl ofgik ma ksl B4 AF (RCT)S 54 <)

saahe Tohe A AzE 2 4 glort g g
o] wo] Fo] A4Ho]A] o

B 2AEAE o7 25 BAZ ale] FAo]
nd

ofgh FolsHE F7hashE wdl) wedse] 1okt

E A% AF% 9lth(Sato et al., 2019). Bonner
and Vasile(2018)- ©j H‘_—’FOI] AEE A48
o] AL 23 ndy) FAHS £FeHA] e wdd

o
T HEF mdE FHEl 7
Apol = A9 A EAE FA = WS AtE
th. FA ofolvle] <l A& 53 ofo]d] A
WS Aokl 229 ATEE Xie et al.[2021)9]
A7 oleh. o] AFellA = dE] A= §ZE
H(CF) 7144 <47+& 92 CausCF(Causal
Collaborative Filtering) 7%= Aletslaivt.
ATl = AR AR &l gk F 3] 1]
& wat opgl FAe W HA AT frARE
7S 71ke 2 el CausCFE 29l 3
AE Al 7HA AL AR, 5 g A A]) & AR
HA EellR gAeiolch wdk 39 BdS AA
(RDD)E AHg-3te] tfofst mellola 45 oo} &
o] A E Hristglon ezl 2 2l A
< &8 Aokt CausCFe olstdA 54 4 9] A

Hm rr >l> o,

T Al gt a3E qlEgk vl ol Qg EadE
A5} AFEL Aokgk wbH-S N dlolE]

A= 1413}1417]5 3kalet.

g Fadele o] A A A EE
3 FRidlo]el ol WhALAA dlolEl & F7sle o
Z33lw 9k, Wang et al.(2021)2 ¢3¢
215k v A Eﬂ ]E%%Z} Hs Xﬂ 3kglet. o

selgzs Agsisie Ak Jeﬂow ER
dudst QAudE T JEende
8 BE wAo Fste] A2 AL BF A
YR AL HEE S A nds Bae g
FH% YD BEEA BEE FAuolE ALg
o A% FAYAES W 7] YEeind
o] ek ofelgo o
FofR7 b w2

H

st Ao 5 %
7 ged] 34de B A
"

A S s

@,
lo
-0,
i
N-E
i)
T,
N
>
mz
4.4
>~
To
0]
>
i
A=)
|t
_1‘3‘_—,
En)
)
o,
mlm
gk
ofo

=

[}
o]
= %2 Jehid (Table )3 2t} 71& Qg2
of 7lukel FAHAAE QA= dFE AR
(Popularity bias), $1x# & (Position bias), &
=43 (Exposure bias) & AH-A} Z]=wef] glo]
A #AE AAs=Y 248 D2 A FA o}
olelol digh A AE 71eAd SRlolA dFEI} (Xu

et al., 2021)5 FA43k= dl AFsta el vy



32 JOURNAL OF INFORMATION TECHNOLOGY APPLICATIONS & MANAGEMENT

(Table 1> Existing Research About Recommendation Based on Causal Inference

Category Topic References

Avoidi Learning to rank with selection bias in personal search Wang et al.(2016], Yuan et al.(2019]
voiding .
biases Unbiased learning-to-rank with biased feedback Joachims et al.{2017), Chen et al.

(2021], Saito et al.[2020)
Uplift-based evaluation and optimization of recommenders |Sato et al.(2019)

Bonner and Vasile(2018), Rosenfeld
et al.(2017)

Estimating | Causal embeddings for recommendation
causal effect

Causal Collaborative Filtering for Recommendation Effect Xie et al.(2021). Zhang et al.(2021)

Estimation
. Counterfactual Data-Augmented Sequential Recommendation | Wang et al.(2021)
Augmenting - -
countfactual Adversarial Dgta Augmentation for Counterfactual Wang et al.[2023)
Recommendation

B ATE b dele] 24 B8 A5 A HasE FAs Heh G38E S e E
ool gt AT E A ] 2UL Bk Aol AEAS dlolEAEd EAshe 2AA ) FAA
Al 71 Aok 2Pt "oha g4 gl gl Zztel sl WAL E 43 5 ik o] g} 3o
CausRecoll A= vkalAl do|e] & AAsI= whalo g
3. QInFEE 7|tk FHMA|AH: CausRec FHdolE] 2 27t WA ALgA}, ololdl Hr1A
R TR Q8 A5 dolEAEd $REE
B AT A Al W st i rele AA9os) 5359 ARE e Av
A dlo|g] 27} vulHl-&- g-83)o] Fedo|E] S Bt AT 2 Z7)5le] A&} ololHl X2 (383F), A
Ao dlolefe] Sty Aok Btd A shEte) (3E3AF) T2 WAt e a go|el A E )
I FAALH A5S A= CausRec(Causal 9] nE ZA Ao dalAs v FAE o] L-5}o]
Recommender)< Algkgte}. CausRece 54 AH:- A2 whE ., BRI ol HEA = ukabAl A
A B4 ololde FHACE QNS AR YA 2 o Bsle] TAAAE Fbelel HolEAEE 27
o Make ARE BAol sl RSk A2 geh ol Sol WA 1, 28 24k, 1A 3, 4, 5
2 (Single-learner Model) 7|4k} 4 A| 28 5 AR g (Table 2)= A Ak <}
e}, #4127l vl dlele] S7o] o} g A o] ol
Jubd o & Q13 Eo|| 4= A A (Treatment) # =74 HolFa 9lth (Table 204 x, v, 59} &
o] Zh Abelel el A A WAl eskrhe 7HE el A ol el S AHE g dlolEl 9] 2 n] = &
o 7hake] AslE ukapa( Counterfactual)ol A b yE Tolle ARE 5-o|H, 4ol

ozl A7 F Ashsh WA 23S wlaete]

(Table 2> An Example of Counterfactual Data Augmentation

Category Original Interaction Data Augmented Interaction Data
. User Item | Treatment | Outcome
.. User Item Rating
Positive case X y 1 5
X y 5
X y 0 1
. User Ttem Rating User | Item | Treatment | Outcome
Negative case < . 1 X y 1 1

X y 0 5
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<Figure 1) Neural Collaborative Filtering Achitecture for CausRec
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(1) Divide the original interaction data into training
data (Dtrain) and test data (Dtest).

(2) Add treatment and outcome fields to the original
training data (Dtrain) and the original test data
(Dtest), and construct an augmented training
dataset (ADtrain) and an augmented test dataset
(ADtest) by adding the counterfactual cases.

(3) A single-learner learning model (SL_NCF:

Single-learner NCF) is built by applying NCF to
the augmented training dataset (ADtrain).

(4) Estimate the item preference level for each user
by applying the SI, NCF model using only the case
of “treatment = 1" in the augmented test data set
(ADtest).

PY=1|lz,yw=1)—P(Y=1|z,y,w=0)

(5) Evaluate the classification performance.

<Figure 2> Procedure of Learning and Inference for CausRec
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(Table 3) Level of Imbalance for Each Dataset

Dataset ‘I\‘Tumber of Number of Level of imbalance
positive cases (D) negative cases (@) (D*100 / @)
MovieLens 82,520 17,480 472 %
Gift Card 138,385 8,809 1,571 %
Magazine 73,437 16,252 452 %

HA B 9439 ] ARg-Ake}l 1,682702] <d3tel thgh
% 100,00070 =37} dlelel 2 FA =] olet. H713k
o] M= 144 537A ol 7+ AlgAlw= 24 20
A o] FstE st olvk. F W7t dlole F
A sl WA 34, 4497 542 82,520
Molar, B4 143} 24 sidste FA4 A dlolH
= % 17 480702 ofh £33t dlo|gjAlE=t & &
t}.
Amazon Gift Card Hlo|E]HEE o}n}& 7|ZE
e Fte el Az ake do|ElE £ 147,194719]
A5 AFIER FAE ] Qlek o] F A 3014
ol FA Az AE AlE7} 138.3857, -4 AbaAg
AHE7E 8,80971 082 BT} & dHo|EAHEe|
v}, w2t e 2 Amazon magazine Hlo|E+= ofwl
29| AA| 5ol gk 89,6897 A o]
2 FAEe] 9ler 73437749 FAAFE9} 16,252
e #AAE 23sta olck. 2 dlo|E Al gt
B EE 22 Aeshd (Table 3)7 2t}
As F/MR 22 AUE(Precision)9} A#A
(Recall), F1, z8lz AUCE A3t} o]
AUCE 7125& 5o]%=(Specificity) 2 3t A
%S A& (Recall) =& W% (Sensitive) 2 3}
o] 2|24} 8k ROC 1efjxze] WA o g Axlsin] 2o
ZHe 1o] Hr}. dubd o g oA RF-FA|] A BF
AZkel we} ASAG st dEpA 4 Qi &
AAIZ =

32 1

fu o o

%o dFRl T g ko] YR PR
% (TPR)% 71219444 (FPR)o] 2% %7k}
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=
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o}, 53] Flghe 40Es 4
& gol7] We] wdel g vlad o f-55
AR 5 g

AgAIN}= (Figure 3), (Figure 4), 282
(Figure 5l #A|A= wvle} 2} WA (Figure 3)
9] Movie Lens HeJEjllA = 7]1& NCFRd3}
Hlasle] Aqkgt CausRec®®e] Aol Z43H
NAE Aoz vepydt}, & 7] NCFRE] AYde
o Mg 77 0.82 9o, Algkdt CausRec?
Azl AL 0.82, 0.8322 Yepydr}h Fl1gk
I AUCH NCF=Ho] (.82, 0.76%ld w3
CausRec®] F13t¥ AUCH-= 0.83, 0.782 &4
g zto]e] A5 JRAE BTt

ML-100K
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<Figure 3 Experiment Result of Movie Lens Dataset

(Figure 4)9] Gift Card dle]e]dlel-+= CausRec
wdo] Qo] 7]E& NCFRH div] B} /jAEE A
2 5 9tk & 71 NCFade] Az el Afd-g-2
7+ 0.93, 094912, Algket CausRec®] AH =9}
A2 22 0.95% vhehgte}, =3 7] NCFR o]
F13ts AUCH= 2 0.91, 0.601d w]3)
CausRec?] F133} AUCHS 0.93, 0.66°-2 et
A NA2] A=7F Movie Lens Hlo|E] AR}t =4
vepyke

(Figure 5)9] Magazine Subscription Hl°]¥]
Aol A= CausRecE 2ol A5o] 7] NCFEd of
v 3] HA=EE A& & 5 9ok F 7]€ NCFR
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{Figure 4) Experiment Result of Amazon Gift Card Dataset

Amazon Magazine
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<Figure 5> Experiment Result of Amazon Magazine Subscription
Dataset
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