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Abstract

Counterfactual explanations (CFEs) offer a tangible and actionable
way to explain recommendations by showing users a "what-if"
scenario that demonstrates how small changes in their history
would alter the system’s output. However, existing CFE methods
are susceptible to bias, generating explanations that might misalign
with the user’s actual preferences. In this paper, we propose a
pre-processing step that leverages large language models to filter
out-of-character history items before generating an explanation. In
experiments on two public datasets, we focus on popularity bias
and apply our approach to ACCENT, a neural CFE framework. We
find that it creates counterfactuals that are more closely aligned
with each user’s popularity preferences than ACCENT alone.

CCS Concepts

« Information systems — Recommender systems; Presentation
of retrieval results.
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1 Introduction

Recommender systems (RS) have become vital for guiding users
to relevant content across various domains [7, 28]. As these sys-
tems become increasingly complex, leveraging deep learning and
vast amounts of data, the decision-making process becomes more
opaque, raising concerns about transparency and trust [8]. This has
resulted in the emergence of Explainable RS as an area of research.
Various explanation approaches have been explored, but ensuring
that explanations are faithful to the model’s logic and meaningful
to the user remains challenging [2].
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user profile ‘ 75% non-popular 25% popular
user expectation ‘ 75% non-popular 25% popular
recommendations ‘ 35% non-popular 65% popular ‘

counterfactual set ‘ 100% popular ‘

Figure 1: A user with both popular and non-popular items in
their history may expect a similar balance in recommenda-
tions and counterfactual explanations. However, this align-
ment often breaks due to popularity bias. The effect can
be even stronger in counterfactual sets, which are typically
small and thus more sensitive to such skew.

Counterfactual explanations (CFEs) [9, 33] have emerged as an
appealing solution to the tangibility problem in explainable RS. A
CFE identifies a small set of the user’s past interactions such that if
those interactions were removed, the system’s top recommendation
would change. These personalized and actionable explanations
allow users to see how their tastes drive the outcomes. Indeed, user
studies have found that people appreciate detailed CFEs, favoring
them over generic transparency statements [29].

A well-known issue with CFEs is the Rashomon effect [23]: multi-
ple distinct explanations can be valid for the same recommendation,
each highlighting a different set of changes that might contradict
each other. While this diversity of possible explanations can be
seen as a strength, it also raises the question of which explanation
should be shown to the user. Prior work tackles this in several,
non-mutually exclusive ways, such as keeping only the nearest
edit [10, 30, 32] or returning a diverse set of multiple counterfactu-
als [3, 24]. Instead, we argue that the selected CFE should align with
the user’s expectations and interests. Highlighting an obscure or
marginally relevant item may satisfy formal criteria, yet appear un-
intuitive or misleading to the user. Previous research also stresses
that explanations should be tailored to the user and context, as
different users value different criteria [5, 31].

The need for alignment becomes even more relevant when con-
sidering that explanation methods may reflect biases in the under-
lying recommender model. Because many CFE frameworks operate
on internal signals such as gradients or influence measures, sys-
temic biases can surface in the generated explanations. Figure 1
demonstrates how this might look with popularity bias [1, 15, 20,
21], where users mainly interested in niche items may fail to res-
onate with explanations based on popular items.
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In this paper, we explore large language models (LLMs) as a tool
to improve the user alignment of CFEs. LLMs possess a vast capac-
ity to understand context, semantics, and nuances from textual data.
Recently, LLMs have been leveraged in the recommendation task
to turn a list of consumed items supplemented with descriptions
into a coherent textual profile that captures themes a user consis-
tently enjoys [27]. We embed that profile, greedily remove history
items whose absence changes it the most, and run ACCENT, a CFE
framework for neural recommenders [32], on this filtered history.

By eliminating out-of-character interactions before the expla-
nation step, we cut down the space of admissible CFEs and guide
ACCENT toward explanations more closely resembling users’ pref-
erences. As this augmentation relies on a general "does this suit
the user?" test rather than on attribute-specific rules, it should, in
principle, alleviate many kinds of mismatch. In this paper, we eval-
uate the approach solely on one well-known dimension, popularity
bias. We present preliminary findings and show that it reduces mis-
matches between user popularity preferences and the popularity
of items appearing in CFEs. Our contributions are threefold:

e We propose two metrics for detecting popularity bias in
counterfactual sets and use them to empirically confirm that
ACCENT’s explanations can be skewed.

e We propose LLM-augmented counterfactual generation, a
plug-in pre-processing step that can be paired with any
history-based CFE method.

e We show that explanations generated on the filtered history
more closely resemble the user’s popularity preference on
two public datasets.

2 Background

Counterfactual Explanations in RS. Counterfactual explanations
in recommender systems take the following form:

You were recommended ’John Wick’ because you pre-
viously liked 'Taken’ and "The Equalizer’. Otherwise,
you would have been recommended "Mean Girls’.

By identifying a change in a user’s history that flips the sys-
tem’s top-1 recommendation, CFEs aim to provide personalized,
actionable feedback. Prior CFE frameworks have taken various
approaches, such as optimization-based frameworks that solve a
constrained minimization problem [19, 30] or graph-centric ap-
proaches [10, 22]. We adopt ACCENT [32], a framework based on
influence analysis, as our primary method for generating CFEs.

ACCENT in a nutshell. ACCENT [32] adapts influence func-
tions [4, 16]-a technique from robust statistics [11]-to produce
CFEs for neural recommenders. For a given user u, let r be the
system’s current top recommendation and r* an alternative item
(taken from the original top-k recommendations). ACCENT seeks
the smallest subset E of the user’s interaction history H,, whose
removal would make the model prefer r* over r. Formally,

ACCENT(Hy, §,r,r*) = argmin{|E| | §; £ - 9,5 <0} (1)
ECH, ’

where Qlj’f is the predicted score for user u and item r after virtu-
ally removing the interactions in counterfactual set E. ACCENT
uses Influence functions to approximate these scores efficiently [4],
avoiding retraining during candidate and subset evaluation.
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3 Problem Formulation

Popularity bias in ACCENT. In recommender data, popular items
converge the fastest [25]. As there are many more interactions,
there are more training iterations and updates, giving them dispro-
portionate weight during learning. ACCENT is based on influence
functions, which tell us which training points are most used for
a recommendation. However, due to the disproportionate weight
of popular items due to popularity bias, these are more influential
in most predictions. These popular items thus usually have a high
influence score, making it likely that ACCENT picks them.

Towards bias-aware CFEs with LLMs. LLMs can encode high-level
preferences, such as tone, themes, or narrative style, by reading free-
text descriptions of consumed items. Recent work shows that LLM-
based recommenders exhibit lower popularity bias than traditional
baselines, and that careful prompting can reduce bias further [18].
We therefore investigate whether LLMs can act as a pre-processing
step, filtering a user’s history so that existing CFE frameworks such
as ACCENT can start from a less biased candidate pool, leading to
an explanation that aligns more with user interest.

4 LLM-Augmented ACCENT

User histories mix long-term tastes with one-off, context-driven
interactions (e.g., watching a blockbuster with friends). These out-
of-character items can skew CFE frameworks, such as ACCENT’s
influence scores. To reduce this step, we first distill the user’s core
profile by removing inconsistent items, shrinking the search space,
and dampening the popularity signal before the CFE step.

We leverage LLMs to generate natural language profiles of user
preferences based on their full interaction history and item de-
scriptions. The prompt asks for a concise (<300 words) summary
focused on recurring themes, tones, or character types—avoiding
broad genres or direct item mentions. We then embed the resulting
text into a high-dimensional vector. An example prompt and LLM
response is as follows:

Example LLM Query and Response (Movie Domain)

Query: Your task is to analyze a list of movies a user has
interacted with and describe the profile and the preferences of
the user in less than 300 words. Try to not be too broad (e.g.
mention too many general categories such as action or comedy).
Do not mention specific movie titles.

The user has watched the following movies:
Die Hard (1988) - Action, Thriller - NYPD cop John...

Response: The user enjoys action-packed, high-stakes nar-
ratives with strong protagonists overcoming formidable odds.
They prefer films that blend suspense, tension, and personal
growth. There’s a clear affinity for classic cinema...

. J

Our goal is to find and remove items that, when excluded, sig-
nificantly change this profile. The hypothesis is that filtering out
inconsistent history items will help ACCENT produce CFEs more
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Table 1: Statistics of the datasets.

Datasets #users #items #interactions Density

ML-1M 6,040 3,952
Amazon 94,761 25,612

1,000,209 4.19%
814,587 0.03%

aligned with true user preferences. First, we generate a textual pro-
file t,, of the user’s preferences using an LLM prompted on their
full interaction history and item descriptions:

ty = LLM(cggnlgjt(pi)) @)

then we embed t,, into a high-dimensional vector e, using Sentence
Transformer (SBERT) [26]:

eu = SBERT (1) 3)

where p; is description of item i. We start with the full interaction

history Hj, (0 = Hy,. Then, for a fixed number of steps n we iterate:

e For every remaining item i’ € H,, (=1 (history before step ])
compute the embedding obtained after its removal e

\{t }

o Select the item whose removal produces the largest cosine
dissimilarity with the current profile:

i} = argmax(1- cos(e(] Ve (]{1))) 4
i EH,(/ v u\ "

e Permanently discard i;f: H,Sj) = H,Sj_l) \ {l;‘}
After n iterations, the set of all discarded itemsis 7, = {i], ..., i, }.

We can finally create the filtered history HIE") = H, \ 7, and feed it
to ACCENT (or any other history-based CFE framework), ensuring
explanations exclude these misaligned items.

5 Experiments

This section outlines our experimental setup, including datasets,
evaluation metrics, and baselines.

5.1 Datasets

We evaluate our approach using two datasets: MovieLens 1M (ML-
1M) [12] and Amazon Video Games [14]. Both datasets provide
user-item interactions and rich item metadata, including textual
descriptions and categories. This metadata is used to create the
LLM prompts as previously discussed. For the Amazon dataset, we
ensure all users and items have at least five interactions. Table 1
shows statistical properties of these datasets.

To keep LLM costs manageable, we focus on users whose his-
tories are most vulnerable to popularity bias. Following previous
research [1], we rank all users on the fraction of popular items in
their history. We retain only the extremes: the top 20% (blockbuster
users) and bottom 20% (niche users), discarding the middle 60%.
Users with more than 100 interactions are also dropped to curb
runtime. From the survivors, we take the 250 most-niche and 250
most-blockbuster users per dataset to evaluate our approach!.

!Filtering steps were only applied for generating counterfactuals; the recommendation
models were trained on the full datasets.
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5.2 Baselines

To evaluate LLM-augmented ACCENT, we compare its counterfac-
tual sets against two baselines:

e ACCENT. We use the original ACCENT method [32] as the
primary baseline, as our framework builds directly upon it.
We use k = 5, checking each of the top-5 recommendations
for feasibility as a replacement for the top-1.

o Top Popular. This heuristic baseline constructs counterfac-
tual sets from the most popular items in a user’s history,
matching ACCENT’s set size per user. The expectation is
that this performs poorly for non-blockbuster users.

5.3 Evaluation metrics

We report two complementary metrics to quantify how closely
counterfactual explanations mirror the popularity profiles of the
users who receive them.

Popularity Distribution Similarity (PDS). Let H be the complete
collection of items that appear in users’ interaction histories and C
the collection of items that appear in the generated counterfactual
explanations. If an item occurs multiple times (e.g., across different
users), it is included that many times in the collection. We convert
each item to its global popularity score and place the scores into
B equal-width bins, producing two histograms (empirical distri-
butions) Py and Pc. The similarity between the two popularity
profiles can then be defined as the y? distance:

(Pr(b) — Pc(b)® Pc(b))?
PDS = Z{ PelB) +s ()

with € = 10710 for numerical stability. A smaller PDS indicates that
counterfactual items follow nearly the same popularity distribution
as the historical items, suggesting lower popularity bias.

Expected Popularity Deviation (EPD). EPD tracks the average shift
in popularity at the user level. With 7, and 77c,, denoting the mean
popularity of user u’s history and counterfactual set respectively:

2
EPD = o u;}(nc ~ 7tm,) ©)
Here we calculate the global EPD, but we can also use it locally for a
single user by only computing EPD,, = (7ic, — 7, )?. A small EPD
indicates that a user receives counterfactual sets whose popularity
closely matches what they historically prefer.

It should be noted that, as counterfactual sets are usually much
smaller than the user history (often only one or two items), looking
at the user level can yield volatile results. For this reason, we pool
the users in PDS and examine the global EPD.

5.4 Implementation details

For our LLM-augmented CFEs, we employed Qwen3-8B, a recent
open-weight language model. This 8 billion parameter instruction-
tuned model, developed by Alibaba Group as part of the Qwen3
series, allows for both reasoning and traditional queries. In our
experiments, we do not use the reasoning functionality. We use
a quantized model (Q3_K_M) created by Unsloth [6] to improve
performance. For inference, we used the llama-cpp-python library.
The model was not fine-tuned on multimedia data.
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Table 2: Popularity alignment comparison of methods with
respect to item groups on ML-1IM and Amazon datasets.

Niche Blockbuster
Dataset Method PDS | EPD| PDS| EPD |
Top Popular 1764.31 0.111 2588.44 0.070
ML-1IM  ACCENT 8.58 0.012  21.58 0.017
LLM-Augmented 5.24 0.008  16.25 0.014
Top Popular 158.88 5.1%1077  165.87 4.2%107°
Amazon ACCENT 3.83 2.0+1078 1429 1.4%107°

LLM-Augmented 9.13 1.9%1078 6.06 1.4%107°

To compute the vector representations of the LLM-generated
natural language profiles, we used Mixedbread’s mxbai-embed-
large-v1 model [17]. This open-weight model achieves state-of-
the-art performance in its size class. All embedding operations
were performed using the SentenceTransformers (SBERT) [26]. For
recommendation, we used a standard Neural Matrix Factorization
(NeuMF) model [13]. The model was trained with an embedding
size of 16, a learning rate of le-3, and a weight decay of 1e-3.

The implementation and hyperparameters of our recommenda-
tion model and counterfactual approach were based on the pub-
licly available ACCENT codebase 2. We extended this baseline to
LLM-augmented ACCENT. Our implementation can be found at
https://github.com/ahasami/llm-augmented-cfs.

6 Results

We begin by asking a simple question: does the LLM-augmentation
step nudge counterfactual explanations towards the side of the popu-
larity spectrum that each user actually favours? To answer this, we
generate ACCENT explanations with and without the filter. On ML-
1M we allow the filter to drop n = 5 history items per user, whereas
on Amazon we cap it at n = 1 so as not to wipe out the already
thin behavioural signal. This dataset is a lot sparser than ML-1M,
and a single deletion in a profile with few interactions can have
a large impact. This sparsity also affects the performance of the
recommendation model. We report nDCG@10 of 0.1303 and 0.0481
on ML-1M and Amazon respectively, computed using the negative
sampling approach described in [13]. Here, for each test point of
a user, 100 items the user has not interacted with are randomly
sampled to form the candidate set.

Table 2 shows that our method achieves the best scores across
all groups, consistently lowering both PDS and EPD compared to
ACCENT. However, most differences are not statistically significant,
except the overall EPD on ML-1M (blockbuster and niche combined,
not shown). Our approach outperforms ACCENT (0.017 vs 0.014,
p < 0.05).

Fig. 2a shows a clear, consistent shift on ML-1M. For bins of niche
users (left panel) our filtered counterfactuals move downward and
slightly rightward, indicating less-popular items drawn from deeper
in each user’s long-tail history. For the bins of blockbuster users
(right panel) the same mechanism pushes explanations upward and
leftward, highlighting even more popular items near the head of the

Zhttps://github.com/hieptk/accent
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profile. The result is a bidirectional correction. The same analysis on
Amazon (Fig. 2b) is noisier. Some bins of blockbuster users benefit
from a popularity boost, and for niche users the range of the user
profile from which counterfactuals are generated is tightened.

We noticed a slight increase in cases where no CF could be found
(ML-1M 14.56% — 21.16%, Amazon 27.09% — 27.31%). This makes
sense, as we remove items that ACCENT can use to justify a change.
By shrinking the candidate set, we sometimes eliminate the items
that would have enabled a recommendation flip, especially for users
whose profiles were minimal or highly concentrated.

Overall, the results show that LLM augmentation improves the
popularity alignment of CFEs, especially on ML-1M, where user
histories are richer and more stable. Bidirectional corrections are
consistent: niche users get less popular explanations, while block-
buster users are nudged toward mainstream ones. Gains in EPD on
ML-1M are small but statistically significant. On Amazon, impact
is weaker—sparser histories limit the LLM’s ability to infer profiles
and guide filtering. Still, the method never harms performance,
suggesting it remains safe to apply even with limited effect.

7 Discussion

Limitations. While our LLM-augmentation step shows promis-
ing improvements in user alignment, several limitations remain. In
sparse datasets, the deletion of even a single item can dispropor-
tionately distort user profiles, and the LLM may struggle to infer
coherent preferences. The LLM itself also introduces challenges: it
can be inconsistent, generic or even hallucinatory in its summaries.
Although our prompt design mitigates some of these issues, oc-
casional failures still occur. The approach is also computationally
expensive, as we need n * h LLM queries per user, where n is the
number of iterations and h the size of the user history. Finally, re-
moving out-of-character items can increase the number of instances
where ACCENT cannot find a valid CFE.

Future work. Our method operates purely as a pre-processing
step, without modifying the recommendation model or its out-
puts. Future work could look at how the recommendations would
change, either by retraining or estimation through the usage of
influence functions [16]. Also, exploring the interaction between
LLM-augmented ACCENT and debiased recommendation outputs
could offer insight into whether the observed biases in ACCENT
stem from input data or the recommender itself. Finally, investigat-
ing the effects of larger models, or models fine-tuned on multimedia
data, may further improve profile quality and filtering accuracy.

8 Conclusion

We introduced a straightforward, model-agnostic pre-processing
step that uses large language models to improve the popularity
alignment of counterfactual explanations in recommender systems.
By filtering out history items inconsistent with a user’s core pref-
erences, we guide the explanation process toward outputs more
representative of users. We specifically examined the effect of our
method on popularity bias and showed that the approach improves
popularity alignment, particularly in richer datasets like MovieLens.
While benefits are less profound for sparser datasets, the method
does not degrade performance and provides a promising foundation
for further research into bias-aware explanation using LLMs.
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Figure 2: Average popularity of counterfactual sets versus average position of counterfactual items in the normalized popularity-
sorted user history. Each user category is binned into 20 bins based on the popularity of similar histories.
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