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Explainability in recommender systems (RS) remains a pivotal challenge. Counterfactual explanations have emerged as a
particularly actionable paradigm, offering intuitive “what-if” reasoning. However, their evaluation lacks principled standards.
Current metrics primarily assess whether explanations change the top-ranked recommendation, overlooking two fundamental
aspects of explanation quality. First, evaluation results are frequently inconsistent, as metrics are tightly coupled to the
underlying recommender’s performance. Second, explanations are rarely assessed for compactness—whether changes are
sufficiently small to remain interpretable. Oversized counterfactuals may technically succeed but fail to provide practical
insight.

In this work, we advocate for a holistic evaluation perspective centered on consistency and compactness. We systematically
analyze how extending evaluation beyond top-1 to top-k recommendations improves metric stability and reduces dependence
on recommender fluctuations. In parallel, we introduce compactness-aware evaluation criteria that quantify the minimality of
counterfactual modifications. Through extensive experiments across multiple datasets and models, we demonstrate that jointly
considering these dimensions yields more reliable assessments. Our findings expose key factors driving metric instability,
highlight the trade-off between effectiveness and explanation size, and provide practical guidelines toward standardized,
faithful, and compact evaluation of counterfactual explanations in recommender systems.

CCS Concepts: « Information systems — Recommender systems; Evaluation of retrieval results; « Human-centered
computing — HCI design and evaluation methods.

Additional Key Words and Phrases: Recommender Systems, Counterfactual Explanations, Evaluation, Consistency, Compact-
ness

1 Introduction

As the demand for transparency and interpretability in Al continues to grow [4, 17], eXplainable Artificial
Intelligence (XAI) has emerged as a critical research domain. Within XAI, counterfactual explanations (CE) [12]
have become powerful tools for advancing model interpretability. By illustrating how small, targeted changes to
the input can lead to different model outputs, CEs provide intuitive and actionable insights into model behavior,
fostering user trust and supporting accountability requirements [26]. While foundational research on CEs has
primarily focused on tabular and image domains [24, 39, 55], recent work has increasingly adapted these methods
to recommender systems (RS) [16, 43, 47, 59, 61].

Despite growing interest, the evaluation of CEs in RS remains underdeveloped [7]. Unlike prediction accuracy,
explanation quality lacks universally accepted benchmarks, resulting in heterogeneous experimental setups and
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inconsistent evaluation practices [34]. Recent meta-analyses further reveal that CE evaluation spans multiple
dimensions—ranging from faithfulness and plausibility to minimality and robustness—yet these aspects are rarely
assessed jointly or systematically. In particular, two fundamental challenges remain insufficiently addressed:
consistency and compactness of counterfactual explanations.

Consistency in Evaluation. A typical CE pipeline in RS first trains a recommender model (e.g., MF) on a dataset
(e.g., ML-1M), and subsequently applies a CE method to generate input perturbations that alter the model’s
recommendations. However, because counterfactual explainers aim to manipulate the input to induce output
changes, their measured effectiveness inherently depends on the underlying recommender. As shown in [34],
variations in recommender quality can substantially alter the relative performance ranking of CE methods. This
dependency can be illustrated through a thought experiment: if a recommender behaves randomly, arbitrary
perturbations would frequently change its output, misleadingly suggesting that a CE method is highly effective.
More critically, empirical evidence shows that the relative ranking of CE methods varies with recommender
performance. That is, a method E; that outperforms E; under one recommender configuration may no longer do so
under a slightly modified or better-performing model. We define consistency as the ability of an evaluation protocol
to preserve the relative ranking of CE methods under minor changes in recommender performance. Formally, if
E; outperforms E, when explaining recommender R;, then under a perturbed recommender R, with comparable
predictive quality, E; should remain superior in relative terms, even if absolute scores shift. The absence of such
stability undermines the validity of current benchmarking practices and complicates fair comparison across
studies. A key source of this inconsistency lies in the predominant focus on the top-1 recommendation. Borrowed
largely from vision and GNN explanation paradigms [23, 50], this practice overlooks a defining property of
RS: their inherently ranked outputs. Recent findings indicate that top-1 predictions are particularly volatile
and sensitive to minor score perturbations [31], especially in moderate-performance regimes. Consequently,
evaluation protocols centered solely on top-1 changes amplify randomness and distort explanation assessment.

To mitigate this issue, we hypothesize that extending evaluation beyond the top-1 item to the top-k recom-
mendations (1 < k < 5) improves consistency. By aligning evaluation with the ranked nature of RS outputs,

top-k-based assessment reduces volatility and yields more stable comparisons across CE methods.

Compactness of Explanations. Beyond consistency, explanation compactness is crucial for practical interpretabil-
ity. Compactness refers to the minimality of a counterfactual explanation—i.e., how many user-item interactions
must be modified to achieve the desired outcome. In RS, counterfactuals often consist of removing or altering mul-
tiple historical interactions. However, large counterfactual sets are cognitively demanding and rarely actionable
for end-users. While prior work has occasionally reported explanation size as a secondary statistic, its systematic
impact on evaluation remains largely unexplored. Importantly, explanation effectiveness may vary across different
size regimes: certain methods may excel at identifying a single highly influential interaction, whereas others
require broader perturbations to induce changes. Ignoring this dimension risks favoring methods that produce
overly large yet superficially effective counterfactuals. To address this gap, we analyze CE performance under
varying granularity levels and controlled explanation sizes. By explicitly examining how performance evolves as
progressively more interactions are removed, we disentangle precision in importance ranking from brute-force
perturbation strategies. This perspective allows us to assess not only whether a method succeeds, but how
efficiently it achieves the counterfactual outcome.

Contributions. In this paper, we provide a systematic investigation of consistency and compactness in CE
evaluation for recommender systems. We:

o Analyze the instability of existing evaluation protocols and formalize consistency as a core requirement for
reliable benchmarking.
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Fig. 1. Illustrative example of a counterfactual explanation (CE) in a music recommender system. Given the user’s interaction
history, the system recommends Levitating. The CE identifies Blinding Lights as a critical interaction whose removal would
change the recommendation to Circles.

e Demonstrate that extending evaluation from top-1 to top-k recommendations substantially improves
ranking stability across CE methods.

e Introduce a compactness-aware evaluation perspective that examines explanation effectiveness across
different size regimes.

e Conduct extensive experiments across two recommender models, six state-of-the-art CE methods, and
three widely used datasets.

2 Related Work

The field of interpretable machine learning has witnessed substantial progress in recent years [16, 18, 43, 52]. Early
research primarily focused on intrinsically interpretable models, aiming to design recommendation architectures
whose internal representations are directly human-understandable [40, 41]. In parallel, post-hoc explainability
emerged as a complementary paradigm, treating recommenders as black boxes and generating explanations
retrospectively without altering the underlying model [25, 42, 54].

Recent large-scale analyses highlight that, despite rapid methodological advances, evaluation practices in XAI
remain fragmented. A systematic review of more than 300 papers reports that a substantial fraction relies solely
on anecdotal evidence, while structured quantitative evaluation is often limited to a small subset of explanation
properties [37]. The survey proposes twelve conceptual properties (Co-12), including Correctness, Compactness,
and Consistency, and argues that explainability is inherently multi-dimensional. However, most works evaluate
only one or two properties in isolation. In recommender systems—where outputs are inherently ranked and
explanations are tightly coupled to user interaction histories—such partial evaluation becomes particularly
problematic. Our work builds upon this perspective by systematically analyzing consistency and compactness in
the specific context of counterfactual explanations for RS.

ACM Trans. Recomm. Syst.
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Explanation Paradigms in Recommender Systems

Explainable Al for recommender systems has gained increasing attention due to its relevance for transparency,
trust, and regulatory compliance [8, 22]. Existing approaches can broadly be categorized into model-specific,
post-hoc, and feature- or knowledge-driven methods.

Model-specific approaches embed interpretability into the recommendation architecture itself. Early work
on explainable matrix factorization aligned latent factors with interpretable components [2, 3, 27]. More recent
models such as ProtoMF [33] and AI2V++ [14] employ prototypes or attention mechanisms to highlight influential
interactions. While effective, these methods are tightly coupled to specific architectures.

Post-hoc approaches aim to explain predictions without modifying the recommender. General-purpose attri-
bution methods such as LIME [45] and SHAP [32] estimate feature importance via local surrogates or Shapley
values [20]. Influence-based techniques, including FIA [11] and ACCENT [52], adapt influence functions to
quantify the contribution of historical interactions. Similarity-based heuristics such as Jaccard [5] or Cosine simi-
larity [48] provide lightweight importance estimates. However, these approaches are predominantly correlational
and do not explicitly model ranking sensitivity.

Another line of work leverages side information such as textual reviews, aspects, or knowledge graphs. Aspect-
based models like the Explicit Factor Model (EFM) [60] align latent dimensions with interpretable attributes, while
path-based recommenders justify predictions through semantic graph paths [10, 28]. Recent work questions the
faithfulness of attention mechanisms and proposes causal path reasoning alternatives [29]. Although expressive,
these methods require rich auxiliary data and are not applicable in pure interaction-only settings.

Counterfactual Explanations for Recommendation

Counterfactual explanations (CEs) describe how recommendations would change under hypothetical modifica-
tions to user or item data [54]. Due to their actionability and causal interpretation, CEs have become a prominent
post-hoc paradigm in RS.

Early CE approaches relied on heuristic perturbations or search procedures to identify influential interactions.
Reinforcement learning—based frameworks such as CERec [57] and CFairER [56] reduce the combinatorial
search space by learning policies over attributes or graph paths, often with fairness objectives. Conversational
recommenders integrate counterfactual reasoning to refine explanations via user feedback [58]. Algorithmic
recourse approaches such as RecRec [53] focus on actionable changes that alter item rankings from the perspective
of content providers.

Model-agnostic frameworks such as LXR [6] improve scalability by learning explanation masks through
self-supervised objectives, avoiding explicit search over perturbations. While LXR establishes a strong baseline
for interaction-level CEs, it performs best under relatively large perturbation budgets and does not explicitly
account for stability across the ranked output list.

Evaluation of Counterfactual Explanations

Despite methodological advances, evaluation practices for CEs remain limited. Most works assess explanation
quality based on whether the top-1 recommendation can be flipped [6, 46, 51, 61], thereby neglecting the
inherently list-wise nature of recommender outputs. Recent empirical findings demonstrate that CE evaluation
can be inconsistent: variations in recommender performance may change the relative ranking of explanation
methods [34, 35]. This instability challenges the reliability and reproducibility of existing benchmarks.

In contrast, our work introduces a list-wise evaluation perspective that explicitly incorporates multiple top-
ranked items. By aligning evaluation with the ranked structure of recommender outputs and systematically
analyzing explanation compactness across perturbation budgets, we move toward more consistent and principled
benchmarking of counterfactual explanations in recommender systems.

ACM Trans. Recomm. Syst.
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Algorithm 1: Consistent Evaluation of CE Methods
Input: Explainer e, recommender fp, test users U, rank threshold T € {5, 10, 20}, top-k recommendations
tk
Output: Evaluation score POS-P@T
Load recommender parameters fe(c) ;
foreach rank threshold T € {5,10,20} do
Initialize accumulators: POS_total « 0 ;
foreach useru € U do
X, < user’s interaction vector ;

RE « top-k recommendations from fe(c) (%) ;
foreach tk € R* do
i;‘k « tk-th item in R{j;
CE « e(xy, iy,)
Generate positive sequence {xl(ll), ... } by removing most relevant items from CE ;
rankpes rank(i*;xl(f)) ;
POS_total += ¥[rankpes > k] ;
end

end
POS-P@T(k) «— POS_total/(|U| - k)

end
return All POS-P@T 4,

3 Consistency

To investigate the impact of extending the evaluation from top-1 items to top-k items, we propose the following
approach.

Preliminaries. Let U denote the set of users and I the set of items. Each user u € U is represented by a binary
interaction vector x,, € {0, 1}/Z, where x,,[i] = 1 indicates that user u has interacted with item i. A recommender
model fp maps this input to a predicted score vector, with fp(x,)[i] representing the predicted relevance of item
i. The RS generates a ranked list of recommendations for each user. We denote the top-k recommended items as
725 = {1;‘ 4, i,’z}, where i% is the j-th item in the ranked recommendation list. These are the items for which
we seek to evaluate CEs.

3.1 Counterfactual Explanation Metrics

Given a counterfactual explainer e, we obtain a relevance ranking over user history items with respect to each

item i} in Rk Based on this relevance, we iteratively perturb the user input vector x,, by removing one item at a

time, yielding a sequence x,(f) of perturbed inputs. Following the literature [6, 34], we compute the following
metrics:

Positive Perturbation (POS-P@T) This metric quantifies how quickly the top-k recommended items fall below
the rank threshold T during perturbation. For user u, the POS-P@T score is:

ACM Trans. Recomm. Syst.
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ko 1xul
POSP@T, = Y. > ¥ [rank(i;;xff)) > T] (1)
7=1 =1

where rank(i;’f ;xff)) is the rank of i} in the output of fy given the perturbed input xff) and the indicator

function ¥[-] checks whether the item still appears within the rank threshold T. The key difference between this
formulation and the literature [6, 34] lies in computing the inner value over the top-k items (21;21 ) rather than
only the top-1 item.

The final POS-P@T score is the average over all users:

POS@T = —— Z POS-P@T, (2)
|(LI| ueld

We have detailed the computation process of this metric in Algorithm 1.

Negative Perturbation (NEG-P@T) Analogous to the positive perturbation setting, we define the NEG-P@K
metric to evaluate the robustness of the top-m recommended items under negative perturbations. Here, instead of
removing the most important items, we iteratively remove the least importantitems from the user’s interaction
vector x,,, again based on the importance ranking returned by the counterfactual explainer e. This metric evaluates
how well each top-k items (1 < k < 5) maintain their position within the T rank threshold under negative
perturbation, where less relevant items are removed:

kXl
NEGP@T, = Y. > ¥ [rank(ij.;xfj)) <T 3)
7= =1

where xl(f) now represents the user interaction vector after removing the t-th least important item, and

rank(i;.; xb(,t)) is the resulting rank of the explained item and the overall NEG-P@T score is:

1
NEG@T = — Z NEG-P@T, (4)
lq/ll uel
NDCG Perturbations (NDCG-P) uses the Normalized Discounted Cumulative Gain (NDCG) in a positive
perturbation test. It evaluates how quickly the explained item drops in ranking as the most important user data is
gradually removed. For each step m,
1

NDCG-P(m) = log, (1 + rank (xﬁos(m))) ' ®

3.2 Consistency Metrics for Ranking Evaluation

To quantify the stability and consistency of explanation method rankings across recommender systems with
varying performance levels, we employ two complementary metrics: Spearman’s rank correlation coefficient and
rank variance. These metrics collectively provide a comprehensive assessment of ranking reliability, capturing
different aspects of consistency from global rank-order agreement to position-specific stability and variance in
ranking positions.

3.2.1 Spearman’s Rank Correlation Coefficient. Spearman’s rank correlation coefficient (p) [49] measures the
monotonic relationship between two rankings, providing a nonparametric assessment of rank-order agreement
that is robust to outliers and does not assume linear relationships. For two sets of rankings R; and R; corresponding
to different performance levels of a recommender system, Spearman’s p is calculated as:

ACM Trans. Recomm. Syst.
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6 Y-y 4

p=1 (1) (6)
where n is the number of explanation methods being ranked, and dj. represents the difference between the ranks
assigned to the k-th explanation method in the two rankings: di = R;(k) — R;(k). The coefficient ranges from —1
to +1, where p = 1 indicates perfect positive correlation (identical rankings), p = 0 indicates no correlation, and
p = —1 indicates perfect negative correlation (completely reversed rankings). In our consistency analysis, we
compute pairwise Spearman correlations between all pairs of performance levels and report the mean correlation
across all pairs. Higher Spearman correlation values indicate that explanation methods maintain more consistent
relative rankings regardless of the underlying recommender’s performance, suggesting that the evaluation metric

reliably identifies explanation quality independent of model-specific characteristics.

3.2.2 Rank Variance. Rank variance [15] quantifies the degree of fluctuation in the ranking position of each
explanation method across different recommender performance levels. For each explanation method m, we
compute the variance of its ranking positions across all p performance levels:

P
Var(m) = )" (Ri(m) - R(m))* ™
i=1

where R;(m) denotes the rank of method m at performance level i, and R(m) = ’% Zle R;(m) represents the
mean rank of method m across all performance levels. The overall rank variance is then computed as the mean
variance across all explanation methods:

1 n
Rank Variance = — Z Var(m) (8)
n m=1

Lower rank variance values indicate greater stability, as explanation methods maintain similar positions across
performance levels. A rank variance of zero would indicate that all methods retain identical rankings across all
performance levels, representing perfect stability. In contrast, high rank variance suggests that method rankings
are highly sensitive to recommender performance characteristics, potentially indicating evaluation metrics that
conflate explanation quality with model-specific artifacts. Rank variance provides a complementary perspective
to Spearman correlation by focusing on absolute position changes rather than relative rank-order preservation.

4 Compactness

Compactness evaluates the minimality of an explanation, focusing on how few features or changes are required
to achieve the desired counterfactual outcome. This aligns with the Occam’s Razor Principle [9], which suggests
that when two explanations are equally effective, the simpler one is preferred. Formally, let x,, represent the set
of items in the interaction history for each user u € U. Let E be an explanation method that outputs a subset
R, C xy, where |R,|, representing the items to be removed from x, to alter the recommendation. Then the
compactness‘metric Sg is defined as:

1
Se(r) = — Z |R,|, subjectto|R,| <t 9)
|(L[| uel
where 7 is the threshold for size of explanation. This metric represents the average number of changes required
across all test users, subject to the constraint that no more than 7 changes are allowed per user. For Sg, lower
values indicate better performance, showing that explanation method is able to make fewer changes to history to
provide CE.

ACM Trans. Recomm. Syst.
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(a) Coarse Perturbation Protocol

Step size: 10% of User History

Max Perturbation: 100%

10%

(b) Atomic Perturbation Protocol

Step size: Single Interaction

Max Perturbation: 100%

(c) Constrained Atomic Protocol

Step size: Single Interaction

Max Perturbation: 20%

Fig. 2. lllustration of the evaluation protocols. Each rectangle represents the full interaction history of a user.

4.1 Evaluation Protocols

To analyze the behavior of different CE methods based on the perturbation size and limit, we have defined three
evaluation protocols as follows:

Coarse Perturbation. We begin by evaluating all methods under the widely adopted binned evaluation pro-
tocol [6], where user interactions are removed in coarse percentage increments (typically 10%) until the rec-
ommendation outcome changes (Figure 2(a)). This protocol remains the de facto standard for benchmarking
CE methods and is therefore included to ensure comparability with prior work. However, the coarse protocol
fundamentally limits the interpretability of results. Since all perturbations within a bin are aggregated, the
protocol assigns identical scores to explanations that succeed after removing a single interaction and those
that require removing up to 10% of the user history. As a result, it fails to discriminate between explanations
that are precise and minimal and those that are coarse but eventually effective. This limitation is particularly
problematic for CEs, whose core objective is to identify the smallest and most plausible change that alters the
recommendation. Moreover, large, percentage-based removals substantially distort the user profile and can easily
push the recommender into out-of-distribution regions. In such cases, a ranking change may reflect global profile
corruption rather than the faithful identification of truly influential interactions. Consequently, binned evaluation
alone is insufficient to assess explanation faithfulness or practical plausibility. For this reason, we next turn to
atomic and constrained evaluation protocols that explicitly expose how quickly and how efficiently different
methods induce counterfactual ranking changes.

Atomic perturbation. In this approach we evaluate CE quality under protocols that more closely reflect the
intended use of CE: inducing a change in the top-1 recommendation through minimal and plausible modifications
to the user interaction history. Unlike binned evaluation, these protocols expose how precisely an explainer
identifies the most influential interactions and how robust it remains under realistic perturbation budgets. In
the Atomic protocol, interactions are removed one at a time according to their explanation scores (Figure 2(b)).
This setting enables a stepwise analysis of ranking sensitivity and directly measures the quality of the learned
importance ordering. Methods that correctly prioritize the most critical interactions cause rapid degradation of
ranking metrics in the early steps, whereas less precise methods require multiple removals before any substantial
effect is observed.

ACM Trans. Recomm. Syst.
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Constrained Atomic perturbation. While the atomic protocol isolates precision, it does not explicitly constrain
the extent of profile modification. To assess plausibility under realistic conditions, we further restrict the maximum
number of removable interactions to 20% of the user history (Figure 2(c)). This constrained setting reflects practical
counterfactual scenarios in which explanations must succeed through limited changes.

5 Experiments and Results

In this section, we describe the setup and results of our extensive experiments. Given our goal of focusing on
consistency and compactness of counterfactual explanations for recommender systems, we establish the following
research questions:

RQ1 Evaluation Consistency: To what extent does extending the evaluation horizon from the top-1 item to the
top-k recommendations improve the stability of counterfactual explainer rankings across recommenders of
varying performance?

RQ2 Quantifying Stability: How effective are list-wise aggregation strategies (e.g., mean or weighted ranking)
at reducing rank variance and improving correlation compared to standard top-1 metrics?

RQ3 Impact of Compactness: How does the effectiveness of counterfactual methods evolve when evaluated
under strictly controlled explanation size regimes (compactness), and does the relative ranking of methods
change as the size budget varies?

RQ4 Minimality vs. Effectiveness: How do different explanation methods perform under constrained per-
turbation budgets (minimality) versus unconstrained settings, and what trade-offs exist between granular
precision and global explanation success?

5.1 Experimental Setup

5.1.1  Evaluation Setup. We use the MovieLens 1M (ML-1M) [19], Yahoo! Music [13] and Pinterest [21] datasets
following the literature [6, 34], focusing on collaborative filtering models based on implicit user-item interactions.
To simulate implicit ratings in ML-1M, following [6], we retained only ratings of 3.5 or higher and included users
and items with at least two ratings. This resulted in 575,128 ratings from 6,037 users across 3,381 items. For the
Yahoo! Music dataset, we retained ratings of 70 or higher, and following [6] we took a random sample of 486,744
ratings from 19,155 users for 9,362 items from the Pinterest dataset. We split each dataset into training and testing
(80/20) subsets using user identifiers.

For each user, we generate a ranked list of recommendations and evaluate the explanation of the top-k recom-
mendations. For each k value, we use four levels of recommender performance by training the recommender based
on Hit Rate and saving model checkpoints after 25%, 50%, 75%, and full training, to simulate recommendations
of various quality levels. We evaluate 24 configurations (3 dataset x 2 Recommenders x 4 performance levels),
repeat our experiments three times, and report the average performance. We share our dataset processing scripts
and the source code.!.

5.1.2 CE Methods. Our evaluation includes a range of CE methods, from established baselines to recent advance-
ments. Specifically, we tested two similarity-based approaches, two traditional explainers, and two state-of-the-art
methods:

Jaccard [5]/Cosine [48] Similarity generate explanations by comparing an item to those in the user’s history
using Jaccard [5] or Cosine [48] similarity metrics based on co-interacted users.

LIME-RS [38] is a modified version of the LIME framework designed specifically for recommender systems. It
produces explanations by approximating the complex recommendation model with a locally interpretable linear

Thttps://github.com/dbis-uibk/CE4RS-Eval
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model, capturing relationships within a neighborhood around the user’s data. We applied LIME-RS to the user’s
historical interactions, carefully adjusting the number of samples based on performance on the validation set.

SHAP (SHapley Additive exPlanations) [61] quantifies the influence of individual features on a model’s
predictions. By leveraging game theory, it assigns a value to each feature according to its contribution to the
final output. SHAP, though effective, is computationally intensive due to the exponential number of possible
perturbations in a user’s history.

ACCENT (Action-based Counterfactual Explanations for Neural Recommenders for Tangibility) [52] is a CE
framework that extends influence functions to provide actionable, model-agnostic insights for neural recom-
menders. It extends techniques originally designed for latent factor models, making them applicable to a broader
class of neural recommender systems.

LXR [6], the state-of-the-art CE approach, employs self-supervised learning to generate explanation masks that
highlight critical user data without perturbations using a gradient learning approach. We note that the recently
proposed DiceRec[36] method was not yet available at the time this research was conducted and therefore is not
included in our comparisons.

Our study includes two recommenders: (1) Matrix Factorization (MF), which decomposes the user-item interac-
tion matrix into lower-dimensional latent factors [1]. Recent reproducibility studies indicate that MF continues
to achieve competitive performance [44]. We used the implementation from [6] for easier comparison. (2) Varia-
tional Autoencoder (VAE), a generative model that encodes and decodes data while learning a probabilistic latent
representation [30]. VAE-based models have demonstrated strong performance in collaborative filtering tasks. In
our experiments, we adopt a VAE-based recommender with an architecture similar to that of [30].

Based on our hypothesis that extending evaluations to include lower-ranked recommendations—such as
the top-3 items—enhances consistency, we incorporate lower-ranked items in the evaluation. Particularly, we
compute performance separately for top-1, top-2, top-3, and higher-ranked recommendations, then aggregate
these performance values to obtain a comprehensive assessment. For instance, computing the value for top-3
involves selectively masking data from the user’s history to ensure that the third-highest recommended item
drops to a lower rank (rank > 4). This method ensures that the evaluation captures the influence of multiple
recommendation ranks rather than relying solely on the highest-ranked item, leading to a more stable comparison
of CE methods.

5.2 Consistency Experiments

To investigate the impact of extending the evaluation from top-1 items to top-k items, we evaluate six representa-
tive CE methods using the POS, NEG, and NDCG-P metrics, analyzing their performance across four thresholds of
recommendation length (top-k) and four levels of recommender performance. First in section 5.2.1 we apply the
top-k approach and check the performance through ranking improvement and visualizations. Then in section 5.2.2
we use the metrics to formally evaluate the consistency and evaluate different aggregation approaches for top-k
items.

5.2.1 Ranking Consistency (RQ1). As shown in fig. 3, evaluations based solely on the top-1 recommenda-
tion (fig. 3(a)) exhibit significant fluctuations across recommenders, particularly when transitioning from the
lowest-performing recommender (TP25%) to TP50%. However, when extending the evaluation to the top-2
recommendations (Fig. fig. 3(b)), we can already observe more consistency, especially for high-performing recom-
menders (TP50%-TP100%). Following this, setting the threshold to include the top-5 recommendations (Fig. fig. 3(c))
stabilizes the evaluation outcomes for the highest performing recommenders (TP50%-TP100%). We observed a
similar pattern in other configurations, albeit with different thresholds. For the MF recommender, the ranking
of methods remained stable even at smaller k values across all datasets, in contrast to the VAE. An example
of this observation is presented in table 1, which shows the performance of CE methods across three levels of

ACM Trans. Recomm. Syst.
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Table 1. CE methods performance for Explaining the MF Recommender on the Yahoo! Music Dataset based on top-3 ranks. The
best results in each metric are highlighted in bold, and the second-best results are underlined. Arrows next to the metrics
indicate performance direction: a downward arrow () signifies that lower values are better, while an upward arrow (T)
signifies that higher values are better.

Setting | Method T= T=10 T=20 NDCG-P |
POS| NEGT|POS| NEGT|POS| NEGT
Jaccard 0.767  0.837 | 0.874 0.921 0.932  0.957 0.641
Cosine 0.766  0.836 0.876  0.920 0.935 0.956 0.598
psgs, | LIME-RS | 0779 0.840 | 0.882 0924 | 0.941 0960 | 0647
SHAP 0.813  0.820 | 0915 0902 | 0.964 0.936 0.695
ACCENT | 0.751 0.830 | 0.856 0.910 | 0.918  0.948 0.662
LXR 0.743 0.861 | 0.829 0.929 | 0.894 0.968 0.584
Jaccard 0.507  0.751 0.623  0.815 0.692  0.858 0.528
Cosine | 0.502 0.753 | 0.618 0.817 | 0.684 0.861 | 0.516
TP75% LIME-RS | 0.488 0.715 | 0.544 0.798 | 0.603  0.846 0.555
SHAP 0.631  0.665 | 0.712 0.767 | 0.781  0.809 0.580
ACCENT | 0459 0.731 | 0538 0.800 | 0.589  0.852 0.536
LXR 0.447 0.764 | 0.529 0.827 | 0.574 0.872 0.485
Jaccard 0.463  0.759 | 0512  0.795 | 0.561 0.829 0.463
Cosine | 0457 0.776 | 0.507 0.801 | 0.553  0.836 | 0.445
TP100% LIME-RS | 0.476 0.765 | 0.527 - 0.793 | 0.579 0.822 0.476
SHAP 0.618 0.616 | 0.666 0.663 | 0.721  0.701 0.520
ACCENT | 0.453 0.692 | 0491  0.748 | 0.528 0.781 0.482
LXR 0.431 0.792 | 0.471 0.811 | 0.509 0.851 0.431

recommender performance (determined by training percentage). The results, based on top-3 values, demonstrate
the consistency of the comparative rankings among the methods. The observed consistency when considering
only the top-3 items stems from the simplicity of the MF model, which results in a more straightforward recom-
mendation task and lower performance variability among recommenders, ultimately leading to less variability in
explainers. Additionally, for the NEG metric, we found that a lower k, specifically k = 2, consistently yielded
stable performance across all recommender configurations. Overall, this evidence highlights the importance
of considering list-wise recommendations in CE evaluations. Adopting such an approach not only enhances
evaluation consistency but also ensures better alignment with the inherent characteristics of recommendation
systems.

Importantly, our findings show that evaluation consistency is not uniformly affected across all metrics. POS,
which measures how quickly the explained item drops out of the top-K list under positive perturbations, is
particularly sensitive to the quality of the recommender. In contrast, NEG, which checks whether the explained
item remains within the top-K under less relevant perturbations, proves to be more stable even when the
recommender is weaker. These results suggest that the choice of metric—and the value of k—should be treated as
a tunable hyperparameter, influenced by both the dataset and the recommender architecture.

Moreover, the use of multiple performance checkpoints for the recommender further reinforces the robustness
of our evaluation framework. By capturing performance across training stages (25-100%), we ensure that the
evaluation of explainers is not biased by any single fixed model state. This approach not only provides a more

ACM Trans. Recomm. Syst.



12« A.R. Mohammadi et al.

(1) Top-1

(2) Top-2

(3) Top-3

(4) Top-5

Normalized POS-P@5

T°50% T75%

TP100%  TP25%

P50%

™75%

Training percentage of the Recommender as indicator of performance

-0 Jaccard

Cosine

UME =7 SHAP -

ACCENT

-

LXR

TP100%

(a) VAE recommender on the ML-1M dataset
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(c) VAE recommender on Yahoo! Music dataset

Fig. 3. Comparison of CE methods based on (a,c) POS@5 | (lower value is the better) and (b) POS@10 | across four
performance levels. The figure shows the impact of going beyond top-1 (a) and considering top-k (2-4) recommendations
on improving consistency when evaluating CE models. To facilitate clearer comparisons, the values are normalized using

min-max normalization, and shading is used to represent the variance in the results.

comprehensive view of the explainer’s effectiveness but also reveals how susceptible existing metrics are to

fluctuations in model quality.

5.2.2  Consistency Metrics (RQ2). To formally quantify the stability of evaluation protocols, we analyzed the
Spearman rank correlation coefficient (p) and Rank Variance (RV) across different recommender performance
levels. Table 2 presents these consistency metrics for the Pinterest dataset using the VAE model, comparing the
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standard top-1 baseline against our proposed top-k aggregation strategies (Mean, Weighted Linear, and Weighted
Exponential).

The results provide strong empirical evidence that extending evaluation beyond the single top-ranked item
significantly enhances consistency. The baseline approach (top-1 Only) consistently exhibits high Rank Variance
and low Spearman correlation across metrics. For instance, in the POS@5 metric, the baseline shows a high
variance of 0.933 and a weak correlation of p = 0.146. This confirms that evaluating explanation quality based
solely on the top-1 item is highly volatile and susceptible to minor fluctuations in the underlying recommender’s
performance.

In contrast, aggregating results over the top-k recommendations (specifically top-1-to-5) yields substantial
improvements. Using the Mean aggregation strategy for POS@5 drastically reduces Rank Variance to 0.125 and
increases the Spearman correlation to 0.943. This indicates that while individual top-1 rankings may shift due to
model noise, the collective quality of explanations across the top-5 items remains stable.

Comparing the aggregation strategies, we observe that while the Mean approach offers the most significant
stability gains for POS metrics, the Weighted approaches (Linear and Exponential) also consistently outperform
the baseline. This supports our hypothesis that a list-wise evaluation perspective—whether equally weighted or
rank-discounted—provides a more reliable benchmark for counterfactual explainers than the traditional top-1

protocol.

Table 2. Progressive top-k Aggregation Analysis for Pinterest Dataset with VAE Model

Metric Aggregation top-1 Only ‘ top-1-to-2 l top-1-to-3 | top-1-to-4 ‘ top-1-to-5
p RV | p RV | P RV | p RV | p RV
Baseline 0.933  0.146
POS@5 Mean 0.791 0.458 0.791 0.458 | 0.943 0.125 0.971 0.063
Weighted Linear 0.838 0.354 0.791 0.458 0.791 0.458 0.933 0.146
Weighted Exp 0.800 0.438 0.791 0.458 0.838 0.354 | 0.971 0.063
Baseline 0.876  0.271
POS@10 Mez_in ) 0.876 0.271 0.886 0.250 0.886 0.250 0.857 0.313
Weighted Linear 0.962 0.083 | 0.886 0.250 | 0.886 0.250 | 0.886  0.250
Weighted Exp 0.914 0.188 | 0.886 0.250 | 0.886  0.250 | 0.886  0.250
Baseline 0.743  0.563
NEG@5 Mean 0.933 0.146 0.733 0.583 0.771 0.500 0.819 0.396
Weighted Linear 0.876  0.271 | 0.743 0563 | 0.857 0313 | 0.848 0.333
Weighted Exp 0.876 0.271 0.743 0.563 0.848 0.333 | 0.933 0.146
Baseline 0.762  0.521
NEG@10 Mean 0.848 0.333 0.733 0.583 0.876 0.271 | 0.943 0.125
Weighted Linear 0.791 0.458 0.791 0.458 0.791 0.458 0.800 0.438
Weighted Exp 0.791 0.458 0.791 0.458 0.762 0.521 0.819 0.396
Baseline 0.810  0.417
NDCG Mean 0.857 0.313 | 0.886 0.250 0.857 0.313 0.829 0.375
Weighted Linear 0.848 0.333 0.857 0.313 0.857 0.313 0.857 0.313
Weighted Exp 0.857  0.313 | 0.857 0313 | 0.857 0313 | 0.857 0313

Note: p = Spearman correlation, RV = Rank Variance.
Best values are in bold, second-best values are underlined. Baseline represents top-1 only performance.
Higher p indicates better consistency; lower RV indicates better stability.

5.3 Compactness Experiments

To assess the impact of compactness, we conduct an experiment to evaluate the performance of CE methods in
different explanation size thresholds.
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(a) ML-1M (b) Pinterest (c) Yahoo! Music

— Jaccard Cosine = - LIME - - SHAP —— ACCENT —- LXR

Fig. 4. Performance of CE methods across three datasets based on explanation compactness metric (Sg) using VAE rec-
ommender. The evaluation is conducted over eight explanation sizes, providing a comparative analysis of the methods. To
facilitate clearer comparisons, the values are normalized using Min-max normalization. The results highlight dataset-specific
performance variations, reflecting the effectiveness of each CE method on specific compactness levels.

5.3.1 Compactness Metric (RQ3). As shown in Figure 4, we compare the performance of various CE methods
across all datasets using the Sg metric. These results indicate that performance is notably influenced by the
chosen explanation size.

Key findings in this experiment include: (i) incorporating the compactness metric provides deeper insights into
how each CE method leverages information. For instance, LXR exhibits superior performance when explanations
are extended in length (Fig. 4a, b), suggesting that it effectively uses more extensive feature sets. In contrast,
similarity-based approaches such as Cosine and Jaccard excel at shorter explanation lengths, indicating their
capacity to produce concise, focused counterfactuals. This strength stems from their focus on localized feature
relationships, which inherently favor compactness. (ii) In the Yahoo! Music dataset (Fig. 4c), the ranking of CE
methods remains relatively stable across varying explanation sizes. Under such conditions, it may be prudent
to prioritize computational efficiency over marginal performance gains. For example, if LXR surpasses other
methods by a small margin across all explanation lengths, selecting a computationally lighter approach like
Cosine Similarity could be advantageous, particularly when resource constraints are a factor. These findings
underscore the importance of considering compactness as a fundamental metric in the evaluation of CE methods.
By accounting for both the interpretability and resource requirements associated with explanation size, it becomes
possible to make more informed and efficient decisions in the recommendation process.

5.4 Compactness Evaluation Protocols (RQ4)

Atomic perturbation. Figure 5 illustrates the performance trends under the atomic perturbation protocol with
(a) 0-10 and (b) 0-50 removal steps, where we allow the removal of items until the recommendation changes, up
to the full history. In this unconstrained setting, LXR consistently emerges as the most effective method over the
long run. As shown in the POS@5 and NDCG-P plots, the LXR curve descends rapidly as the perturbation budget
increases, indicating that it successfully identifies the set of interactions necessary to flip the recommendation,
even if that set is relatively large. This aligns with LXR’s design as a global, learned method capable of capturing
complex feature interactions over the entire user history.
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(b) Atomic Perturbation protocol with 0-50 removal steps.

Fig. 5. Comparative performance trends of various methods under Atomic Perturbation protocol for user history removal on
the ML-1M dataset based on VAE Recommender: For both metrics, lower values are better.

Constrained atomic perturbation. However, practical interpretability often demands that counterfactuals be
minimal; users are rarely interested in removing half their history to change a recommendation. To assess this,
we examine the Constrained Atomic protocol (Figure 6, which restricts changes to a maximum of 20% of the user
history.

This constrained view reveals a critical trade-off. While LXR excels at identifying sufficient sets of interactions
over a large budget, it is often outperformed by simpler methods like Jaccard, Cosine, or LIME in the early,
low-budget stages. For example, in the initial steps (0-10 removals) of the POS@5 and NEG@5 plots, similarity-
based and local methods often induce a faster drop in the metric (where lower is better) than LXR. This suggests
that while learned explainers are powerful, they may lack the “precision” required for compact counterfactuals.
Heuristic and local methods, by focusing on immediate item-item similarities, are often more efficient at identifying
the single most critical interaction to remove first. Consequently, for applications requiring highly compact
explanations (e.g., “remove just one item”), traditional methods may still offer superior utility compared to
complex state-of-the-art learners.

5.5 Discussion: Toward a Standardized Evaluation Workflow for Counterfactual Explanations

Beyond demonstrating the benefits of consistency- and compactness-aware evaluation, our findings have im-
portant implications for how future counterfactual explanation methods should be assessed and compared.
Existing studies often report a single effectiveness score obtained from a specific recommender configuration
and based solely on the top-1 recommendation. As our results show, such evaluations can produce unstable
rankings of explanation methods because they are highly sensitive to recommender performance variations.
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Fig. 6. Comparative performance trends of various methods under Constrained Atomic perturbation protocol for user history
removal on the ML-1M dataset based on VAE Recommender: For both metrics, lower values are better.

Consequently, conclusions regarding the superiority of one method over another may not generalize across
datasets, recommenders, or training conditions. To address this issue, we advocate a standardized evaluation
workflow that explicitly incorporates both consistency and compactness considerations.

First, researchers should evaluate CE methods across multiple recommender performance levels rather than
relying on a single trained model. This can be achieved by evaluating explainers on recommender checkpoints
of varying quality, as performed in our experiments. The resulting rankings should then be analyzed using
consistency metrics such as Spearman’s rank correlation and Rank Variance. High correlation and low variance
indicate that an evaluation protocol reliably preserves the relative ordering of explanation methods despite
fluctuations in recommender quality.

Second, evaluation should move beyond the top-1 recommendation and consider multiple items in the rec-
ommendation list. Our experiments demonstrate that aggregating results across the top-k recommendations
substantially improves ranking stability. Therefore, we recommend reporting both traditional top-1 results and
aggregated top-k evaluations. Based on our findings, top-5 aggregation provides a strong balance between stability
and computational overhead, although the optimal value of kK may depend on the recommender architecture and
dataset characteristics.

Third, explanation effectiveness should be evaluated jointly with compactness. Reporting only the final success
rate of a counterfactual explanation can obscure important differences between methods. Some approaches
achieve strong performance only after large portions of the user profile are modified, while others are capable of
inducing recommendation changes with only a few carefully selected interactions. Evaluating performance under
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multiple explanation-size budgets enables a more nuanced comparison between globally effective and locally
efficient methods.

Furthermore, our compactness experiments reveal that the relative ranking of CE methods can change depend-
ing on the perturbation budget. For example, learning-based methods such as LXR perform strongly when larger
modification budgets are available, whereas similarity-based methods often exhibit superior performance under
highly constrained settings. Consequently, evaluating methods under a single perturbation budget may provide
an incomplete picture of their practical utility.

Finally, practitioners should select evaluation metrics according to the intended application. Applications
that prioritize minimal user interventions should emphasize constrained compactness evaluations, whereas
applications focusing on broader recommendation sensitivity may benefit from unconstrained evaluation pro-
tocols. Similarly, if robustness across recommender configurations is important, consistency metrics should be
considered a primary evaluation criterion rather than a secondary analysis.

Based on these observations, we recommend that future studies report four complementary dimensions:
(i) effectiveness metrics (POS, NEG, and NDCG-P), (ii) consistency metrics (Spearman correlation and Rank
Variance), (iii) compactness scores across multiple explanation budgets, and (iv) performance under constrained
perturbation settings. Such a protocol enables fairer comparisons between CE methods and provides a more
complete characterization of explanation quality than existing top-1-only evaluation approaches. By jointly
considering effectiveness, consistency, and compactness, researchers can obtain evaluations that are both more
reliable and more representative of real-world explanatory requirements.

6 Conclusion and Future Work

In this work, we revisited the evaluation standards for counterfactual explanations in recommender systems,
identifying two critical gaps in current practices: the instability of metrics tied to recommender performance
(consistency) and the lack of emphasis on explanation size (compactness).

Through extensive experiments across multiple datasets and models, we demonstrated that the prevailing
practice of evaluating only the top-1 recommendation is inherently volatile. We introduced a top-k evaluation
protocol, showing that extending assessment to the top-5 recommendations and aggregating results (via mean or
weighted strategies) yields significantly higher rank correlation and lower variance. This ensures that benchmarks
reflect the true quality of the explanation method rather than the noise of the underlying recommender.

Furthermore, our analysis of compactness revealed that explanation effectiveness is highly sensitive to the
perturbation budget. While sophisticated learning-based methods like LXR perform best when allowed larger
modification budgets, our Constrained Atomic evaluation showed that simpler, similarity-based methods often
excel at generating minimal, “short” counterfactuals. This finding advocates for a multi-faceted evaluation
approach: future benchmarks should explicitly measure performance at different granularity levels to distinguish
between methods that are globally effective versus those that are locally efficient.

Ultimately, we argue that for counterfactual explanations to be trusted and adopted, their evaluation must be as
robust and user-centric as the recommendations they seek to explain. By adopting consistency and compactness
as core evaluation pillars, the community can move toward more reproducible and practically relevant explanation
standards.
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