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Abstract

In recent years, recommendation explanation methods have received widespread attention due to their potentials to enhance
user experience and streamline transactions. In scenarios where auxiliary information such as text and attributes are lacking,
counterfactual explanation has emerged as a crucial technique for explaining recommendations. However, existing counter-
factual explanation methods encounter two primary challenges. First, a substantial bias indeed exists in the calculation of
the group impact function, leading to the inaccurate predictions as the counterfactual explanation group expands. In addi-
tion, the importance of collaborative filtering as a counterfactual explanation is overlooked, which results in lengthy, narrow,
and inaccurate explanations. To address such issues, we propose a counterfactual explanation method based on Modified
Group Influence Function for recommendation. In particular, via a rigorous formula derivation, we demonstrate that a simple
summation of individual influence functions cannot reflect the group impact in recommendations. After that, building upon
the improved influence function, we construct the counterfactual groups by iteratively incorporating the individuals from the
training samples, which possess the greatest influence on the recommended results, and continuously adjusting the parameters
to ensure accuracy. Finally, we expand the scope of searching for counterfactual groups by incorporating the collaborative
filtering information from different users. To evaluate the effectiveness of our method, we employ it to explain the recommen-
dations generated by two common recommendation models, i.e., Matrix Factorization and Neural Collaborative Filtering,
on two publicly available datasets. The evaluation of the proposed counterfactual explanation method showcases its superior
performance in providing counterfactual explanations. In the most significant case, our proposed method achieves a 17% lead
in terms of Counterfactual precision compared to the best baseline explanation method.

Keywords Recommender systems - Counterfactual explanations - Group influence functions

Introduction

Recommender systems (RS) have become an indispensable
part of e-commerce [1], social media [2—4] and online content
platforms [5]. These systems provide personalized services
to users, improving users’ satisfaction and loyalty. Conse-
quently, extensive researches [2, 6—8] focus on improving
the performance of recommender systems for predicting user
behavior, benefiting businesses and facilitating users’ infor-
mation access. Among them, the neural recommendation
models have gained significant advantages and emerged as
a major frontrunner. However, due to the complexity and
black-box nature of neural recommendation models, users
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often have doubts and mistrust regarding the explainability of
recommendations. To overcome this obstacle, interpretable
recommendation [9, 10] and explanation methods [11-13]
have gained constant attention from both academic and
industry communities.

In the typical explanation methods, the additional auxil-
iary information such as attributes [14—16], reviews [13, 17],
and knowledge graphs [18-20] are often used to facilitate the
explanations of recommendations. However, obtaining such
information in practical scenarios is not only challenging but
controversial [13, 21]. In most practical situations, only the
interactions are available for generating recommendations
and explanations. In such cases, the influence functions [22]
are deemed useful for constructing the counterfactual expla-
nations. Specifically, the influence functions evaluate how
the model parameters will change after removing a train-
ing sample, addressing the counterfactual question: “How
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would the model parameters change if a training sample
were actually absent during training?” [23]. For instance,
[24] establish the relationship between the model parameters
and the prediction scores, which calculates the influence of a
particular training sample on the prediction score. Building
upon this work, [25] propose a rough counterfactual expla-
nation method named ACCENT for top-N recommendation,
which identifies a counterfactual group from the training set
based on the sum of their influence functions. The counter-
factual group can be considered as an explanation, because
removing the training samples in the group changes the rec-
ommended results.

However, previous studies did not theoretically derive the
group influence function, such as ACCENT using a simple
summation of individual influence functions to represent the
group influence function, which may inadequately capture
the group influence on the model parameters, as demon-
strated in “Group influence function”. Our analysis reveals
that a small quantity overlooked in the derivation of the
individual influence function will become significant when
the counterfactual group is sizable, particularly in the sce-
narios where the training sample set is not exceptionally
large. Additionally, we observe that the collaborative filtering
information is often ignored, e.g., ACCENT [25], indicating
that the models solely leverage the target user’s historical
interactions as candidate counterfactual samples while disre-
garding other users’ interactions [25]. For instance, in Fig. 1,
the objective of the counterfactual explanation method is to
identify a counterfactual group from the pertinent training
samples, such that the removal of this group from the training
set alters the recommended results. These pertinent training
samples will encompass not only the interaction records of
the target user A, but the interaction records of other users
with the top item “Avatar 2” (e.g., B and C), as they influence
the embedding generation of “Avatar 2” during the training
process.

To address the aforementioned issues, we propose a
Modified counterfactual Group selection method based on
Influence Function, i.e., MGIF, which effectively identifies
the precise and concise counterfactual groups providing the
explanations for recommendations. We initially derive the
expression of the group influence function and find it impos-
sible to directly determine a counterfactual group all at once.
Therefore, MGIF innovatively iterate through the training
samples to find and add samples to the counterfactual group,
continuously adjusting parameters during this process to
ensure accuracy. Moreover, we constantly adjust the model
parameters in this process to take into account as much as
possible the small quantities ignored by the individual influ-
ence function. Furthermore, we incorporate the collaborative
filtering interactions in the process of identifying the coun-
terfactual groups. As in Fig. 1, the explanation produced by
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MGIF can encompass not only “you liked” but “similar oth-
ers liked”.

In general, the major contributions in this paper are sum-
marized as follows.

1. We prove that the group influence function should not
be represented by the simple sum of individual influence
functions when generating counterfactual explanations
for recommendation and propose a modified group influ-
ence function that can accurately express group influence;

2. Based on the modified group influence function, We
devise a counterfactual explanation algorithm for search-
ing the counterfactual group, which considers the collab-
orative filtering information of other users;

3. We verify the efficacy and viability of the proposed
method through extensive experiments on two public
datasets.

In summary, the theoretical significance of our work lies
in demonstrating that in the field of recommendation, the
removal of a group cannot be simply obtained by adding up
individual influence functions. The practical significance of
our work is that we have greatly improved the accuracy of
counterfactual explanations in recommendation, which can
help recommendation systems provide explanations to users
without the need for repetitive training and validation. The
remaining sections of this paper are organized as follows:
“Related work™ provides an overview of the relevant works,
encompassing the current state of research on interpretability
of recommender systems, as well as the influence function.
Next, “Method” presents a comprehensive exposition of the
proposed MGIF method. After that, the efficacy and via-
bility of the proposed method are meticulously evaluated
in “Experiments”. Finally, in “Conclusion”, we summarize
the main work of this paper and the perspectives of future
research.

Related work
Explainable recommendation

In recent years, due to the rapid advancement of artificial
intelligence and machine learning, significant progress has
been made in various application domains such as image pro-
cessing, natural language processing, and more. However, as
the majority of machine learning models are black box mod-
els, achieving impressive results but lacking interpretability,
the need for explainable artificial intelligence [26-28] has
garnered increasing attention from both academia and indus-
try. Among these, the Explainable recommender systems has
become a crucial research topic [29, 30].
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Counterfactual explanation

Explainable recommender systems provide explanations
to clarify why certain items are recommended. This trans-
parency improves the effectiveness, persuasiveness, and
trustworthiness of the recommender systems[17, 31]. Expla-
nations can be presented in various formats, such as ranked
sentences[32, 33], latent factor extraction [34], knowledge
graph paths [35-37], reasoning rules [38, 39] as well as
natural language explanations [29, 30] and model-agnostic
explanations [40]. Although the above methods have become
increasingly popular due to their user-friendly interpreta-
tion, they heavily rely on auxiliary information such as
textual data, knowledge graphs, and rule-based information.
However, recommender systems often only have access to
interaction data in practical applications, and such auxiliary
information is often lacking or unavailable.

In order to provide explanations for recommendations in
the absence of auxiliary information, [25] are inspired by
the concept of influence functions and propose a framework
for counterfactual explanation. They achieve this by con-
tinuously identifying training samples that, when removed,
would favor the candidate item over the target item, thereby
forming counterfactual groups to explain the recommen-
dations. In summary, counterfactual explanations primarily
address a counterfactual question: “If certain samples were
missing during training, would the model recommend the
candidate item instead of the current item?” However, the
first-order influence function [24] measures the influence of
the absence of a specific training sample on the prediction
results, and its simple summation does not accurately rep-
resent the collective influence of the absence of a sample
group on the results. To investigate the group influence, [23]
leverage perturbation theory and introduce a second-order
influence function, which makes significant progress in pre-
dicting the group counterfactual influence compared to the
first-order influence function. However, their work primarily

MGIF

A

focuses on calculating the influence of a given group on the
prediction results and does not provide a solution for finding
the counterfactual group, failing to meet our requirement of
providing counterfactual explanations for recommendations.
To bridge this gap, in this paper, we present an modified
method for finding counterfactual groups.

Influence function

Influence function is a classic technique from robust statistics
and used to help explain the prediction of black-box models.
Essentially, the influence function predicts how the model
parameters will change if a training sample is removed during
training. Influence function is expressed as follows:

~ ~ 1 ~
I)=0—-0"°%= —;Hé—le(z, 9) 1)

where 6 is the optimal parameters obtained after training,
62 represents the optimal parameters of the model that we
expect to get after removing the training sample z and retrain
the model. n is the number of the total training samples. H; =
% Yo VgL(z, é) is the hessian matrix and Vg L(z, é) is the
derivate of the loss at z with respect to 6. It is noticeable that
the conclusion of the influence function involves an important
mathematical conclusion:

db,
de

= _Hé—lng(z, 6), )

which we deduce again in “Group influence function” to
show that the group influence function cannot be obtained
simply by adding the individual influence function.
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On the basis of influence function on model parameters,
[24] deduce the influence of a certain training sample on the
recommended predicted score y as follows:

y(x 9) y(X,é_Z)
1 . A _ A
= —~VoS(x.O)H; 'Lz 0). S

INFL(z)

where y(x, 0 ) is the model’s prediction on the test point (x, y)
with parameters 6, x is input and y is output. Then, following
Eq. (3), the influence of the training sample z on the score
gap between two items i and j can be estimated as follows:

INFL(z, $(xi) — $(x))) = G(xi, 0) — $(x;, )
— G, 079 = F(x;,07%)
= (F(xi, 0) — $(xi, 679)
— (G(xj.0) — $(x;.07%))
=INFL(z, y(xi))
— INFL(z, $(x)))
)

Based on the above conclusion, the Accent method [25]
approximates the influence of removingaset Z = {z1, zo, ...,
Z,} as the sum of individual influence function:

INFL(Z, $(x;)) = $(x;)) = D INFL(zk, $(x;) — $(x)))
k=1

&)

From the above work, the influence function emerges as a
convenient tool. It utilizes the model parameters and gra-
dients acquired during training to estimate the prediction
outcome when a training sample is excluded. Consequently, it
eliminates the need for retraining the model without the spe-
cific training sample, saving time and effort. Essentially, the
influence function addresses the hypothetical query: “What
changes would occur in the model parameters and results if
a particular training sample were removed?”’

Method

In this section, we first provide a derivation of the group influ-
ence function in “Group influence function” and explain why
it is not accurate to represent the group influence function by
simply summing up the single influence in the field of recom-
mender systems. Subsequently, we elaborate on the proposed
method called MGIF in “Counterfactual group searching
method based on modified group influence function”, which
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aims to accurately seek counterfactual explanations for rec-
ommendations. The symbol definitions used in this paper are
presented in Table 1.

Group influence function

Based on the individual influence function introduced in
“Influence function”, we hope to find a group influence func-
tion to calculate the influence of removing a group of training
samples U = {z1, z2, ..., 2, } on the model and recommen-
dation results.

Assume that training a model on a dataset is achieved by
optimizing the overall loss function as follows:

Lo®) = o ZL(z 0), (6)

zes

where L(z, 0) is the loss of the training sample z, and S is
the set of total related training samples. If we train the model
with the set U removed from the dataset S, the loss function
becomes as follows:

1
Ly®) = o D L@.0). ™

zeS/U

The essence of the influence function is to estimate the
parameters after removing the set U by utilizing the exist-
ing optimized parameters 6* obtained through optimizing
Ly (9) without retraining the model. Thus, a disturbance loss
function L7, (6) is constructed to connect Ly (0) to Ly (6) as
follows:

B

Ly @ = IS = 1U|

———Ly®) + €Y L(z6), ®)

zelU

where € is a disturbance factor. As € tends to — Sl | UI s L€ )

tendsto Ly (0). As e tends to 0, Lf, (0) tends to —— IS\—IUI Ly (0).
Suppose the optimal parameters of the two loss functions are
as follows:

05 = argmin(L{;(0)), 9)
6" = argmin(Ly(0)). (10)

Then, we have the following conclusion:

VL4 (©6*) =0, (11)
VLE®S) = 0. (12)

Because the first derivative of the loss function at the opti-
mal parameter is O according to the basic theory of machine
learning. Put 67 into Eq. (8), and take the derivative of both
sides with respect to 6, then we can get:
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Table 1 Symbol definitions

Symbol Definition

S Total related training samples

8] A counterfactual group consisting of training samples

% Parameters of the recommendation model

L(z,0) Loss on training sample z

Ly(9) Original overall loss

Ly(0) Overall loss when remove U from training samples

Lf] ) A disturbance loss function to connect Ly (0) to Ly (0)

€ A disturbance factor

05 The optimal parameters of L, (6)

o* The optimal parameters of Lg(6)

\% First derivative

Hp+ Hessian matrix about 8*

Vu.i Predicted rating given to item i by user u

fz; IU Predicted rating given to item i by user u when remove U from training samples
Sy The set of interaction pairs of user u

Srec The set of interaction pairs containing original recommended item rec

B
0=VLE@OS) = WV%(@E) +ey Lz 65).
zeU
(13)
For simplicity, let p = % in the following deriva-

tion. If the gradient function VL4 (6);) and the loss function
L(z, ) do a second-order Taylor expansion at 8*, the fol-
lowing equation can be obtained:

0= pVLy(6*) + pVZLy(0*) (6 — 6%)

+e Y [VL(z. 0%) + VZL(z, 0%) (65 — 0%)]. (14)
zeU

According to Eq. (11), the above expression can be sim-
plified as follows:

[PVZLg(0%) +€ Y VEL(z.0%)1(05 —0%) = —€ Y VL(z.0%).
zeU zeU
(15)

Individual influence function [22] considers the case of

removing one training sample, i.e., |[U| = 1. They believe
that the size of overall samples is large enough (i.e., |S]|
is large enough) that when |U| = 1, the coefficient ¢ —

~ S0 S|_1|U| is too small compared to the coefficient p =

|S|‘f‘|w, so the part € ) VZL(z, 0*) on the left side of the
zelU

equation can be ignored. Then, putting V2L¢ (6*) at the right
side of the equation and take the derivative of € on the both

sides as follows:

(o — 0*
% = —Hz' Y VL. 6%, (16)

zeU

where Hy+ = V2L¢ (6*) is the Hessian matrix of the original
loss L (#). The parameter 6* on the left side of the equation
can be omitted because 60* is completely independent of €.
When |U| = 1, we have the same conclusion with Eq. (2).
Then, the derivation of the change in parameters is extended
to the change in the recommendation results. Consequently,
the influence function is obtained as follows:

. v . AVui
Sui = Syi N e

1 df)u’i d@;
IS| —|U| dot de

1 N _
= mveyu,i(e*)l‘lg*l Z VoL(z,6%),
zelU

(7
where € = ISI—IW because as € changes from 0 to —w,
the optional parameter changes from 6* to 6y and the output
changes from ,, ; to 3, lU However, it is not all training sam-
ples that affect the result in the field of recommendation, but
a few training samples related to the current user and the rec-
ommended items [24], which means that | S| is not extremely
large. As shown in Fig. 2, for a specific recommendation
result (the question mark), only the interaction records of the
same users and the collaborative filtering information of the
recommended items may affect it during the training pro-
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item

1 2 3 4 5 6 7 8
user 1 1 4 3
user 2 1 2 4 3
user 3 2 5 3
user 4 2 1 3 ? 5]
user 5 1 4 2
user 6 3 1 3 4
user 7 1 3 5

Fig.2 A simple illustration for candidate training samples for recom-
mendation

cess (the light blue background). Specifically, there are only
6 records in total (red font).

Thus, when we want to find a counterfactual group for
a specific recommendation, there may be a situation where
the total number of available training samples is small (|S]|
is small), in which case omitting € ZzeU V2L(z,6*) on
the left of Eq. (13) would result in large bias, because the
ratio p/e = —|S| of the two coefficients of pV2L¢(9*)
and €) V2L(z,0*) is not so extremely large that
€ ZZGU V2L(z, 0*) can be ignored. Furthermore, if we
use the simple summation of individual influence function
described in Eq. (2) to express the group influence, the above
bias is then accumulated, leading to less accurate estimates
of the group influence as the group gets larger.

However, it is almost impossible to give an analytical
solution to % according to Eq. (13) without remov-
ing €Y., V°L(z,0%) from the left side. Reference [41]
employ perturbation theory [42] to develop second-order
influence functions for quantifying the influence of spe-
cific groups on model outcomes. Their approach necessitates
extensive computational resources due to the requirement
of multiple second derivative calculations and the Hessian
matrix. Moreover, their methodology exclusively focuses on
assessing the influence of known deterministic groups on the
model, making it unavailable for searching counterfactual
groups.

Counterfactual group searching method based on
modified group influence function

In this subsection, we propose a counterfactual group search-
ing method that addresses the limitation of ACCENT [25].
Unlike ACCENT which calculates group influence by simply
adding individual influence functions, we define and utilize
a modified group influence function as a basis for searching
counterfactual groups.

@ Springer

First, the modified group influence function is defined as
follows:

R def A
M_IN(U. $ui) < $ui — 5,7

1 N ~_
TSI > Vohui (@) Hy' Vo L(z,, 6%).  (18)
eU

where U is the counterfactual group. We name ﬁg* as mod-

ified hessian matrix and it is defined as follows:

~ 1

Hpe = V2Ly(0%) — — Z V2L(z,6%), (19)
|S| zeU

As we argue that ignoring €Y. .., V?L(z,6*) from
Eq. (13) to deduce Eq. (2) may lead to inaccuracies in subse-
quent calculations, we take ) __;; V2L(z,0%) ~in proportion
to the coefficients and we modify Hy+ to get Hyx.

The target of our proposed counterfactual group search-
ing method is to find a group of training samples from the
relevant training sample set such that removing this group
and retraining the model results in a higher score for the
candidate recommendation item rec* than the original rec-
ommendation item rec from related. In other words, the task
of counterfactual explanation can be simplified as follows:

Find U € S, U S;cc,

AU ~A—U
s.t. yu,rec < yu,rec*’

where S, is the set of interaction pairs of user u# and S, is
the set of interaction pairs containing original recommended
item rec, and S = S, U |U| represents the related training
samples of the current interaction pair.

Although it is not possible for any optimization method
to instantly identify counterfactual groups. The strategy we
adopt is to continuously select the available training sample
that has the greatest potential to change the recommendation
results to add counterfactual groups, and in the process, we
constantly adjust Hg+ to ensure accuracy. First, we define the
counterfactual influence function score of a training point z;
to judge its potential to change the recommendation results
as follows:

CIF(z;) = M_IN(z, 9u,rec) — M_IN (z, )A’u,rec*)
1
= ———(VoJurec(0* 20
|S|—|U|( Gyu,rec( ) (20)
— Vo Su,recr (%) Hy Vo Lz, 6%),

where Y, ,oc is the prediction score of the original recom-
mended item for user u while ¥y, .+ is the prediction score of
the candidate item. M_I N (z;, Yu.rec) is @ modified individ-
ual influence function, defined similarly to Eq. (18). The only
difference is that z; is not included in the counterfactual set U
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when calculating q;'. Specifically speaking, I-NI(;* used here
is stored from the previous calculation after selecting z;_1.
Because calculating the inverse of hessian matrix requires
extremely large computing resources, even computing ﬁ@*
needs O((|S| — |U |)k2) operation and reverting ﬁ@* needs
(0] (k3) operation, where k is the number of parameters. Thus,
if we calculate a corresponding Hg~ for every training sam-
ple z in the counterfactual candidate set S/U when selecting
z, we need O((|S| — |[UND((|S| — |UDk* + k3)) operations,
which leads to losing the simplicity of the influence function.

We employ an iterative approach to extract samples with
the highest counterfactual influence function scores from the
relevant training samples and add them to the counterfac-
tual group. This process continues until the recommendation
results change. The specific algorithm is shown in Algo-
rithm 1.

Algorithm 1 MGIF

Input: user u; the recommendation item rec; vicarious item rec*,

1: training samples related to the current recommendation

2: S = 8, U Srec. Where S, is the set of interaction pairs of

3: user u and Sy, is the set of interaction pairs containing item rec.
Output: counterfactual set U.

4: Initialize the counterfactual group set U as empty, Initialize gap as
S )A/rec - }A}rev*

6: while gap > 0 do

7:  forz e S\U do

8: compute M_IN(z, Ju.rec) and M_IN(z, Yy rec*)
9: CIF(z;) = M_IN(z, )A’u,rec) — M_IN(z, &u,)’ec*)
10:  end for

11:  select z; with the largest C1 F(z;)
12:  if CIF(z;) > O then z; join the counterfactual group 7}

13: gap = (_)A)rec - M_INU, )A)Lt.rec)) - ()A)rec* —M_IN
14: (Uvﬁu,rec*)) -

15: update Hpy+

16:  else break

17:  endif

18:  if iterations exceed the maximum number of times then break
19:  endif

20: end while

21:if §.U < 9;,[61* then Announce success in finding the

22: counterfactual group

23: end if

An important point to note is that in practical calcula-
tions, when it comes to inverting the Hessian matrix, we do
not directly compute Hy+. Instead, we employ a more effi-
cient second-order optimization method [24] to calculate the
Hessian-vector product, thereby avoiding the complex com-
putations involved in directly inverting the Hessian matrix.

Our method cannot directly determine if a recommen-
dation has a counterfactual explanation and precisely find
its analytical solution. In reality, this is nearly impossible.
Therefore, we adopted a method of step-by-step exploration
and continuously adjusting parameters to approach the opti-
mal solution. Empirically, this approach proves to be more

accurate than simply using the sum of individual influence
functions to represent the group influence function, advanc-
ing the field of counterfactual explanations further.

Experiments

In this section, we present experimental evaluations to
demonstrate the superior performance of our proposed MGIF
in discovering counterfactual explanations. To provide clear
guidance for our experimental analyses, we formulate four
research questions (RQ) as follows:

e RQ1 Does our MGIF framework outperform other expla-
nation methods?

e RQ2 How do collaborative filtering information con-
tribute to the performance? Can it help improve the
performance of MGIF?

e RQ3 How does MGIF perform groups with different
sparsity levels?

e RQ4 Are the counterfactual predictions given by our
MGTIF method accurate or not?

Setup and evaluation protocol

We apply the proposed explanation method MGIF and sev-
eral competitive baselines on two classic recommendation
models, i.e., Matrix Factorization (MF) [43] and Neural Col-
laborative Filtering(NCF) [44], and evaluate the performance
of these explanation methods on two public recommenda-
tion datasets, i.e., ML 100k and filmtrust. All experiments are
done using a single RTX3090 GPU with pytorch framework.

Datasets. The ML-100k dataset [45] is the smallest one in
the MovieLens series of datasets. It has been sourced from the
“MovieLens” website by GroupLens Research. Following
the preprocessing steps outlined in [25], the ML-100k dataset
has been refined, resulting in a reduced size of 452 users
and 682 movies. On the other hand, the FilmTrust dataset
[46] is also a small dataset extracted from the comprehen-
sive FilmTrust website. It comprises 13,221 rating records
contributed by 660 users, covering 760 movies. We inten-
tionally select these two small datasets for our experiments
as the model necessitates retraining on each sample for ver-
ification purposes. Estimating the computational resources
and time required for counterfactual verification on larger
datasets presents considerable challenges.

Baselines. To verify the effectiveness of our proposed
MGIF method, we select several recently competitive expla-
nation methods as the baselines.

e Pure FIA [24] solely considers the influence of a training
sample on the target recommended item rec, ignor-
ing its influence on the vicarious item rec*. In other
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words, Pure FIA simply sorts the training samples by §
M_IN(zt, Yu rec) and adds samples to the counterfactual 5] - oo B e
group one by one until rec is displaced. This approach ElES SIS 2225
represents the simplest and most straightforward appli-
cation of the influence function. N
e FIA [24] retains only those training samples that effec- ? s
tively minimize the score gap between and rec and rec*. g Py
By doing so, FIA further narrows the search for suitable g g
counterfactual groups. 3 &
e ACCENT [25] sorts the training samples according to the % Sl oo o0 oo~
decreasing I (zx, Yrec — Yrec+) and adds them one by one 5 o SR e B S B i e Bt
’ 2 O]l < v © @ cdd & « F n
to the counterfactual groups utile the cumulative sum of 8
I(Zk, Yree — Yrec+) is reached. As we criticize, ACCENT g
assumes that the summation of the individual influence e ~
functions can adequately represent the influence exerted Eﬂ %
by the group. g %‘)
'g g § % % %
AEEIEREEEE LT R
Evaluation Metrics. For each user u, a recommendation ‘E FlE|lgddodgns @95 g
model will provide him/her with a top-K recommendation S
list (we only consider the case where k = 5). Among the -:;
recommendations, the topmost item is referred to as the s 9
recommended item, rec, while the remaining items in the E g . .
list are considered as vicarious items, denoted as rec*. 5 B BGOSR AR IS AR N
To assess the effectiveness of explanation methods, we % Cfe Fcid =ole <<
employ a counterfactual approach. Specifically, for each pair k)
(rec, rec*), we utilize the explanation method to identify a E _
counterfactual group, denoted as /,,, which serves as an expla- 2 8
nation for the recommendation. Subsequently, we remove g §
the counterfactual group [, from the dataset and retrain the g g
recommendation model. Finally, we use the retrained model E 38 - v x
to generate a new recommendation list for the user u. To 2 E L8 a8 8238 ER
determine the performance of the counterfactual group, we }S Cl"n9@R288a8R3F
compare the ranking of the vicarious item rec* with respect to -E;
the recommended item rec in the new recommendation list. %
If rec* is ranked ahead of rec, we define the counterfactual % g
group as precise, assigning a counterfactual precision (CF E g
precision) value of 1 for the (rec, rec*) pair; otherwise, the £ § % . . .
CF precision value is set to 0. Additionally, if rec* is ranked 2% D E AT RZFERZ2EE
at the top of the new recommendation list, we consider the L|=I0C|SRERERESLEES
counterfactual group as effective, assigning a counterfactual %
effectiveness (CF effectiveness) value of 1. §
= o
2 |£
Overall performance g 2 5 S
Z g £ =
To answer RQ1 and RQ2, we summarize the overall perfor- £ § é [% Z < ; =
. . . 5 g o = Moo 5
mance of our proposed MGIF (with and without collaborative ° =l g < STo 2 < So0o
filtering information) as well as the selected baselines in = HlAE<2Z2aRE <22
terms of CF precision, CF effectiveness and CF set size in g
Table 2. 5
Overall, the proposed MGIF method consistently demon- z " %
strates the state-of-the-art performance across all metrics and 2 § 5) . &
datasets. Specifically, as shown in Table 2, we observe that SlAal¢l = Z
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Fig.3 Model’s Explanation performance on different sparsity groups

MGIF outperforms all other methods in terms of finding
accurate counterfactual explanations, regardless of whether
MEF or NCF is used as the recommendation model. Notably,
even without the aid of collaborative filtering information,
MGIF exhibits superior performance compared to all other
methods, particularly in terms of CF effectiveness where it
significantly outperforms ACCENT for both datasets and
models. This suggests that our iterative approach for identi-
fying counterfactual groups is highly effective in promoting
alternative items to the top of a new recommendation list.
In addition, we note that the performance of various expla-
nation methods on NCF is comparatively worse than that
on MF, which is likely due to the increased complexity and
number of parameters in NCF, making it more challenging to
predict counterfactuals. Additionally, we find no significant
difference in counterfactual group size between MGIF and
ACCENT, as both methods rely solely on the user interaction

history as candidate sets.
However, when collaborative filtering information is

incorporated into our proposed method (denoted as MGIF
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with cf), we observe a significant improvement in perfor-
mance across three metrics, as well as a notable reduction
in the size of counterfactual explanations. These results
highlight the importance of collaborative filtering infor-
mation in generating accurate and effective counterfactual
explanations, and demonstrate its significant impact on the
recommendation results.

Performance on groups with different sparsity
levels.

To further examine the performance of the models across
varying lengths of the counterfactual group (referred to as
RQ3), the counterfactual group is sorted in ascending order
based on its length, defined as the number of training sam-
ples, and then evenly divided into four subgroups. ACCENT,
MGIF, and MGIF (with cf) are exclusively tested with MF
in this particular subsection. The group performance of these
methods is illustrated in Fig. 3.
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The findings depicted in Fig. 3 reveal a discernible trend,
wherein a smaller counterfactual group size corresponds
to improved performance of each method across the two
indicators. This observation underscores the complexity of
the influence of numerous samples on recommendation out-
comes, indicating that higher sample volumes result in less
accurate predictions. Consequently, the utilization of a sim-
plistic monomer influence function for predicting group
influence on results is deemed inappropriate. Importantly,
despite all counterfactual methods exhibiting inferior per-
formance on larger groups compared to smaller groups, our
proposed MGIF and MGIF (with cf) demonstrate significant
superiority over ACCENT on large groups, particularly with
respect to CF, where MGIF and MGIF (with cf) exhibit nearly
double the performance of ACCENT. This substantiates the
appropriateness of our proposal for seeking counterfactual
explanations.

Additionally, an intriguing phenomenon is observed within
the largest group (comprising more than 10 samples),
wherein collaborative filtering information does not appear
to enhance the performance of MGIF. This suggests that the
superiority of our proposal is not solely attributable to the
inclusion of collaborative filtering information. In essence,
the improved performance of MGIF (with cf) compared to
MGIF is attributed to the collaborative filtering’s role in
shortening counterfactual groups, thereby enhancing the per-
formance of counterfactual interpretation methods on shorter
groups.

Performance of counterfactual prediction

In the counterfactual explanation task, the explanatory meth-
ods aim to find a counterfactual group that can change the
target item score y, .. and candidate item scores y, rec+. In
this process, the method’s ability to predict the scores after
removing the counterfactual group is crucial. In other words,
whether a method can accurately predict the values of $; yec
and ¥, ,ec+ after removing a training sample group largely
determines its ability to accurately find the counterfactual
group. Therefore, in this section, we will compare the coun-
terfactual score prediction ability of the explanation methods.

To facilitate the presentation and answer RQ4, we ran-
domly select 200 samples and use the predicted values J; e,
or ¥y, rec+ as the x-axis, while the actual values after removing
the corresponding counterfactual group are plotted as the y-
axis. We only present the results on the ML100K dataset
because similar phenomenon is observed on the filmtrust
dataset.

Based on Fig. 4a, b, d and e, we can observe that the scores
predicted by MGIF are more correlated with the ground truth
compared to ACCENT. This is an important factor contribut-
ing to MGIF’s ability to better identify counterfactual groups.
From Fig. 4c and f, we can see that the predictions of MGIF

@ Springer

(with-cf) are slightly better than MGIF, but the improve-
ment is not significant. This may indicate that the inclusion
of collaborative filtering information is most important in
providing more sample choices to reduce the length of coun-
terfactual groups, rather than improving the precision of the
search. Since all models generally perform better when coun-
terfactual groups are smaller, MGIF (with-cf) has the best
performance in terms of counterfactual explanations.

Comparing the first and second rows of the images, it is
evident that predictions based on matrix factorization (MF)
are consistently more accurate than those based on neural
collaborative filtering (NCF). This observation further high-
lights the greater difficulty in predicting counterfactuals for
complex models. Additionally, when comparing Fig. 4a and
b, we can observe that the predicted scores for candidate
items are generally higher than those for target items (scat-
ter points leaning towards the top right corner). This pattern
indicates that counterfactual predictions are mostly success-
ful in the context of MF. However, this phenomenon is not
as pronounced in Fig. 4d and e.

Case study of counterfactual explanation

In order to facilitate a more intuitive comparison between
the counterfactual explanations derived from our proposed
method and those generated by the ACCENT algorithm, we
randomly select two illustrative cases from the experimental
results, as detailed in Table 3. The analysis reveals that our
proposed MGIF method yields more succinct counterfactual
explanations in contrast to ACCENT. This outcome can be
attributed to the enhancements made to the group influence
function, which augment the model’s capacity to accurately
identify counterfactual groups, as evidenced by the counter-
factual explanation of User 2. Furthermore, the integration
of collaborative filtering information enriches the counterfac-
tual samples and broadens the search scope for counterfactual
groups, thereby increasing the probability of identifying piv-
otal and decisive counterfactual samples, as observed in the
counterfactual explanation of User 9.

Specifically, the examination of the counterfactual expla-
nation of User 2 reveals that ACCENT and MGIF typically
identify the same counterfactual samples in the initial step,
unless they originate from different user interactions. This
can be attributed to MGIF not adjusting the Hessian matrix
(H) in the first step, essentially conducting the same com-
putation as ACCENT. Furthermore, the analysis of the
counterfactual explanation of User 9 demonstrates that col-
laborative filtering interactions from different users can also
serve as crucial components of the counterfactual explana-
tion, as exemplified by User 288’s interaction with “Full
Metal Jacket” identified in the first step of MGIF. Neverthe-
less, the semantic relationship between the counterfactual
samples and the recommended items from the samples
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tering (ncf). b and e both show the score predictions for candidate items,
while the rest of the images display the score predictions for target items.
The results for ACCENT, MGIF, and MGIF (with cf) are represented
in blue, red, and cyan colors, respectively. The blue line highlights the

y = x line, which represents the ground truth

Table 3 Counterfactual explanation sets generated by MGIF and ACCENT methods

User

Recommendation

Counterfactual explanation

Replacement

User
other)

2 (53, female,

User 9 (29, male, stu-
dent)

“Godfather,II”

“Full Metal Jacket”

ACCENT

MGIF

ACCENT

MGIF

You liked “Crow”

You liked “I1.Q.”

You liked “Toy Story”
You liked “Crow”

You liked “Godfather”
You liked “His Girl Fri-
day”

You liked “Fierce Crea-
tures”

You liked “Sleepers”
User 288 (34, M, mar-

keting) liked “Full Metal
Jacket”

You liked “His Girl Fri-
day”

“Thinner”

“Aliens”
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themselves is not clearly discernible. This may be due to
the model’s reliance solely on interaction information for
learning, without the availability of auxiliary information,
thereby limiting its capacity to explicitly learn associa-
tions from user-item interaction behavior. Notably, we find
that the observed cosine similarity between the embeddings
of “Crow” and “Godfather, II” is 0.86, underscoring the
complexity of providing persuasive explanations for recom-
mendations exclusively based on interaction information in
the absence of auxiliary data.

Conclusion

In this paper, we propose a method for explaining recom-
mendations based on an improved group influence function.
Firstly, we demonstrate, through formula derivation, that the
utilization of a simple summation of individual influence
functions to represent the group influence function introduces
a significant bias. Subsequently, we construct counterfactual
groups by sequentially incorporating samples from the train-
ing set, while continuously adjusting the Hessian matrix H
to maximize accuracy. Moreover, we expand the scope of
searching for counterfactual groups by incorporating collab-
orative filtering information from different users. We conduct
extensive experiments on two publicly available datasets to
showcase the efficacy of our proposed model and affirm that
collaborative filtering information aids in identifying more
concise and accurate counterfactual groups.

The challenge of explaining recommendations without
relying on auxiliary information remains a significant topic
of interest. In future work, we aim to further validate our pro-
posed method on larger datasets and deploy it in real-world
applications to evaluate user satisfaction with the explana-
tions.
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