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Abstract
Previous research has demonstrated that incorporating human feed-
back in recommender systems can improve personalization and
adapt to evolving user preferences. This idea has also been extended
to explainable recommender systems (XRSs), though limited atten-
tion has been given to explanation information quality. Recently, a
new metric named Veracity was proposed to evaluate the informa-
tion quality of explanation content. Veracity decomposes informa-
tion along two dimensions: Fidelity (whether explanations truth-
fully represent the recommended item) and Attunement (whether
they align with the end user’s preferences). Based on this metric,
we propose a novel human-in-the-loop framework for XRSs, called
HIVE. HIVE collects human feedback on explanation veracity and
leverages it to iteratively update user and item embeddings, thereby
improving both recommendation performance and explanation
quality through personalized factual correctness and preference
alignment. We validated the framework through two simulation
experiments: (1) an offline evaluation using dataset ground truth
and (2) a pseudo-user study simulating human responses with large
language models to represent diverse user personas. Results demon-
strated that incorporating veracity-based feedback in an iterative
loop measurably improves performance. These findings suggest
that our framework offers a practical solution for developing more
reliable and user-aligned XRSs. Future work will validate the ap-
proach with real users, extend it to other domains and modalities,
and explore its potential to mitigate challenges such as cold-start.

Keywords
explainable recommender systems, human feedback, human-in-the-
loop learning, veracity, information quality evaluation, human-AI
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1 Introduction
Recommender systems (RSs) aim to suggest items or contents that
users are likely to prefer, based on user characteristics, item char-
acteristics, and interactions between users and items [1]. Recently,
∗Corresponding author.
© 2025 Copyright held by the owner/author(s).

Figure 1: Example of textual explanations using natural lan-
guage to justify the recommendation.

there has been growing interest in explainable recommender sys-
tems (XRSs), which not only generate recommendations but also
explanations of why the item is recommended to the user [21].
These explanations aim to enhance recommendation persuasive-
ness, user satisfaction, and system transparency [5]. Explanations
can take different forms depending on the system’s purpose, and
Figure 1 presents an example of a textual explanation. Textual ex-
planations describe the reasoning behind the algorithm in natural
language, typically highlighting feature-level information [13].

Recent advances in AI have sparked increasing interest in human-
centered approaches that emphasize systems designed to collab-
orate with, communicate with, and ultimately augment people
[2]. Rather than viewing AI merely as a tool for automation, this
perspective highlights the importance of designing systems that
enhance human capabilities, support decision-making, and align
with human values. In the field of recommender systems, this shift
has motivated studies that leverage human feedback to generate
better results. For example, Cai et al. [4] proposed an LLM-based
interactive framework, in which an XRS presents results to the user,
receives descriptive feedback in a conversational format, and uti-
lizes it in subsequent recommendation turns. Similarly, Ouyang et al.
[15] presented multiple outputs from the same prompt to human
annotators, who ranked them. A reward model was trained on this
ranking data and subsequently used to improve LLM performance.
Ghazimatin et al. [7] introduced a model-agnostic framework that
explains recommendations by presenting a similar item along with
overlapping features (e.g., genre, actor) and updates input repre-
sentations based on binary user feedback (like/dislike) on those
features. While effective, the feedback used in these studies is lim-
ited to expressions of preference or relative preference order. Such
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an approach lacks detailed diagnostics and thus does not address
discrepancies in how an XRS may interpret factual information dif-
ferently from end users. This limitation makes it difficult to verify
whether the explanations (central to the role of an XRS) actually
deliver high-quality information.

A recent study introduced veracity as an objective metric for
evaluating the information quality of explanations [17]. Veracity is
defined as a composite of two dimensions: fidelity and attunement
that specifically relate to the type of information conveyed in XRS
explanations. When an XRS provides feature-level explanation, for
example “This item has [feature] that you may like”, it conveys two
types of information: (1) factual information about the features of
the item (fidelity), and (2) evaluative information about the user’s
orientation toward those features (attunement). User feedback is
collected on both dimensions for each explanation, and the two
are combined to compute a final veracity score. A higher score
indicates more accurate and informative explanations. This metric
is particularly important when dealing with modern systems that
may be operating on incomplete or inaccurate knowledge or, when
using technologies like LLMs, are prone to generating nonfactual
content, known as the hallucination problem [10].

In this paper, we propose HIVE (Human-In-the-loop framework
for XRS with Veracity-based feedback on Explanations). HIVE in-
tegrates two key ideas: (1) evaluating the information quality of
explanations using the veracity metric and (2) iteratively lever-
aging this human feedback to improve model performance. Our
framework incorporates user feedback to dynamically refine the
initial user and item embeddings, rather than relying solely on
static representations derived from the dataset. Importantly, our
framework is model-agnostic, and thus it can be applied to any
XRS as long as the generated explanations include feature-level
information and the underlying user, item, and feature represen-
tations can be expressed in an embedding space. To evaluate our
approach, we ran two simulation experiments in a game recommen-
dation setting using the Steam [19] dataset, collected from a popular
video game platform. The first experiment was an offline evaluation
based on dataset ground truth. The second was a pseudo-user study,
where LLM agents generated simulated responses instantiated with
user-specific historical data, enabling the creation of realistic and
personalized personas. The remainder of this paper is organized as
follows: we first review background on veracity, then describe our
method, present the experiments and results, and finally discuss
implications and directions for future research.

2 Background
Veracity is a metric for evaluating the information quality of ex-
planations generated by XRS [17]. The information embedded in
an explanation is decomposed into two dimensions: fidelity and
attunement. Fidelity and attunement are assessed separately and
then combined to yield the final veracity score. To operationalize
this evaluation, Son and Bolton [17] employed signal detection
theory (SDT) to calculate sensitivity. SDT is a theoretical frame-
work that shows how the system distinguishes signals from noise
under uncertainty [16], and sensitivity is the SDT-based metric
that measures this discriminative ability. Accordingly, the veracity

Figure 2: Confusion matrices for deciding (a) fidelity and (b)
attunement decision outcomes. Each outcome is determined
by comparing the XRS’s explanation with the ground-truth
reality.

sensitivity score represents the degree of information quality in an
explanation.

For calculating the fidelity, attunement, and veracity sensitivity
metrics (hereafter referred to as scores), the XRS generates mul-
tiple (rec, exp) pairs, with each explanation assumed to contain
feature-level information. For each explanation, the fidelity and
attunement outcomes are determined among the four decision cate-
gories: hit (H), miss (M), false alarm (FA), and correct rejection (CR).
2 illustrates how each outcome is determined. Specifically, fidelity
is evaluated by comparing whether the explanation correctly states
the presence or absence of an item feature with the item’s actual
feature profile, where the signal corresponds to a feature that is
truly present in the item and the noise corresponds to a feature
that is truly absent. Attunement, on the other hand, is evaluated by
comparing whether the explanation predicts that the user will like
or dislike a feature with the user’s actual preference for the item.
Here, signal corresponds to a feature the user actually likes and the
noise corresponds to a feature the user does not like. After deter-
mining fidelity and attunement outcomes for all explanations, the
total number of hits and false alarms are counted, and the hit rate
(HR) and false alarm rate (FAR) are calculated using Equations (1)
and (2). HR represents the proportion of signal trials where the
signal is detected:

HR =
Number of hits

Number of signal trials
. (1)

FAR is the proportion of noise-only trials where the signal is erro-
neously detected:

FAR =
Number of false alarms
Number of noise trials

. (2)

These two values are then used to compute the sensitivity score, as
shown in Equation (3).

𝐴′ =


0.5 + (HRFAR) (1 + HRFAR)

4HR (1 − FAR) , if HR ≥ FAR,

0.5 + (FARHR) (1 + FARHR)
4 FAR (1 − HR) , otherwise.

(3)
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Figure 3: Illustration of cases for determining the veracity
outcome. Each case is derived by combining fidelity and at-
tunement outcomes according to the defined decision rules.

This yields the fidelity and attunement scores, which range between
0.5 and 1, with higher values indicating greater informativeness.

The veracity outcome of each explanation is derived by com-
bining the fidelity and attunement outcomes. Note that among the
decision outcomes, H and CR correspond to correctness, whereas M
and FA correspond to incorrectness. If the fidelity and attunement
outcomes are identical, the veracity outcome is assigned the same
label. If one belongs to the correctness set and the other to the incor-
rectness set, the incorrectness outcome is prioritized, as incorrect
information is considered more critical. If the two outcomes differ,
but both belong to the same set, equal credit is assigned to each (i.e.,
half-and-half). This process is illustrated in 3. After determining
the veracity outcomes for all explanations, the same procedure
described earlier is applied to compute HR and FAR, which are then
used to calculate the final veracity score. The resulting veracity
score thus provides a unified and objective measure of explanation
quality, capturing both fidelity and attunement.

3 Methods
In this section, we introduce our novel framework HIVE, which con-
sists of three modules. HIVE begins with a recommendation module
that initiates the process of generating output. The backbone ex-
plainable recommendation algorithm can take various forms of
input, such as knowledge graphs, text, or images, but ultimately
represents information through user, item, and feature embeddings.
For a given target user, this module generates a set of recommen-
dations. Each recommendation is accompanied by a feature-level
explanation that specifies which item feature is themost responsible
for the recommendation, as shown in Figure 1.

Next, we collect human feedback on each feature’s information
quality along two veracity dimensions: fidelity (factual correct-
ness about the item) and attunement (preference alignment for the
user). For fidelity, we ask “Is this feature truly representative of
the item?” For attunement, we ask “Do you like this feature?” We
adopt continuous degrees 𝑑𝑣,𝑓 ∈ [0, 1] and 𝑎𝑢,𝑓 ∈ [0, 1] for fidelity
and attunement, respectively, where 𝑣 is an item, 𝑢 is a user, and
𝑓 indexes a feature. Higher values indicate stronger correctness
(fidelity) or preference (attunement).

In the third module, we update item and user embeddings to
reflect user opinion based on the collected feedback, allowing the
system to naturally adapt to preference shifts or inconsistencies
over time. Let ®𝑢, ®𝑣 , and ®𝑓 denote the embeddings for a user, an
item, and a feature, respectively. Item and user embeddings are
updated via two degree-weighted objectives capturing (1) item-
feature factual alignment (fidelity) and (2) user-feature preference
alignment (attunement). This feedback allows us to calculate a total
objective loss function based on loss of both fidelity and attunement.
It also allows us to consider the veracity metric (see Section 2)
in analysis results. The following builds the total objective loss
from the fidelity and attunement loss functions. Note that, in the
formulation for these functions, sim(·, ·) indicates cosine similarity,
and F (𝑣) and F (𝑢) are candidate feature sets attached to item 𝑣

and user 𝑢.

3.1 Fidelity Loss
For each item 𝑣 , we rank F (𝑣) by 𝑑𝑣,𝑓 to build a positive fidelity
feature set P𝑣 and a negative fidelity feature setN𝑣 . The fidelity ob-
jective encourages the item embedding ®𝑣 to move closer to features
judged factually correct and farther from features judged incorrect.
It is defined in Equation (4).

L𝑓 𝑖𝑑 =
∑︁
𝑣

1
𝑍𝑣

∑︁
𝑓𝑝 ∈P𝑣

∑︁
𝑓𝑛 ∈N𝑣

(4)

𝑑𝑣,𝑓𝑝
(
1 − 𝑑𝑣,𝑓𝑛

)
max

(
0, 𝑚 − sim(®𝑣, ®𝑓𝑝 ) + sim(®𝑣, ®𝑓𝑛)

)
Here, 𝑑𝑣,𝑓𝑝 and 𝑑𝑣,𝑓𝑛 denote the degrees of factual correctness

(fidelity), elicited from user feedback, for the related feature 𝑓𝑝 and
the unrelated feature 𝑓𝑛 of item 𝑣 , respectively. The pairwise weight
𝑑𝑣,𝑓𝑝

(
1 − 𝑑𝑣,𝑓𝑛

)
increases when the positive feature is judged more

correct and the negative feature less correct, thereby focusing up-
dates on high-confidence pairs while down-weighting ambiguous
cases (both ≈ 0.5). We normalized by 𝑍𝑣 =

∑
𝑓𝑝 ∈P𝑣

∑
𝑓𝑛 ∈N𝑣

𝑑𝑣,𝑓𝑝
(
1−

𝑑𝑣,𝑓𝑛
)
to obtain a per-item weighted mean, which stabilizes gradi-

ent magnitudes across items with different numbers and degree
distributions of candidate features.

3.2 Attunement Loss
Symmetrically, for each user 𝑢, we rank F (𝑢) by 𝑎𝑢,𝑓 to construct
the positive attunement feature set P𝑢 and a negative attunement
feature set N𝑢 . The attunement objective encourages the user em-
bedding ®𝑢 to move closer to features the user likes and farther from
features the user dislikes. It is defined as follows in Equation (5).

L𝑎𝑡𝑡 =
∑︁
𝑢

1
𝑍𝑢

∑︁
𝑓𝑙 ∈P𝑢

∑︁
𝑓𝑑 ∈N𝑢

(5)

𝑎𝑢,𝑓𝑙
(
1 − 𝑎𝑢,𝑓𝑑

)
max

(
0, 𝑚 − sim(®𝑢, ®𝑓𝑙 ) + sim(®𝑢, ®𝑓𝑑 )

)
where 𝑎𝑢,𝑓𝑙 and 𝑎𝑢,𝑓𝑑 indicate the degrees of 𝑢’s preference align-

ment (attunement), for the liked feature 𝑓𝑙 and the disliked feature
𝑓𝑑 , respectively. The pairwise weighting 𝑎𝑢,𝑓𝑙

(
1 − 𝑎𝑢,𝑓𝑑

)
and the

normalization 𝑍𝑢 =
∑

𝑓𝑙 ∈P𝑢
∑

𝑓𝑑 ∈N𝑢
𝑎𝑢,𝑓𝑙

(
1−𝑎𝑢,𝑓𝑑

)
follow the same

rationale as in the fidelity loss (Equation (4)).
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Figure 4: Illustration of the proposed framework. The recommendation module generates item and feature-level explanations.
The feedback collection module gathers veracity-based human feedback, which is used to update item and user embeddings in
a user-specific manner. These updates are inputs to the backbone recommendation algorithm to improve future results.

3.3 Veracity Loss
The final veracity lossL is defined as the combination of the fidelity
and attunement losses, as in Equation (6).

L𝑣𝑒𝑟 = L𝑓 𝑖𝑑 + L𝑎𝑡𝑡 (6)

During optimization, the user and item embeddings ®𝑢 and ®𝑣 are
optimized to be ®𝑢∗ and ®𝑣∗, respectively. These updated embeddings
are subsequently re-integrated into the backbone explainable rec-
ommendation algorithm to produce refined recommendations and
more personalized explanations.

4 Experiments
Our hypothesis was that using our novel veracity-based human
feedback would improve both the performance of recommenda-
tions and the quality of explanations. We start with an initial set
of recommended items and explanations generated by a backbone
explainable recommendation algorithm in round 0 (R0). As part
of this round, we collected feedback on the explanations and up-
dated the results accordingly. This feedback loop was repeated over
two rounds (R0 → R1 and R1 → R2) in two different evaluation
simulations. The first was an offline evaluation, where feedback
was derived from the dataset’s ground-truth user preferences. The
second was a pseudo-user study, where LLM agents were condi-
tioned on actual user histories to simulate realistic, persona-based
feedback. We conducted both types of evaluation as they provide us
with slightly different information. The offline study establishes a
performance baseline under the assumption of perfect information.
The pseudo-user study gives us a more realistic setting by intro-
ducing the kinds of discrepancies that can arise between an XRS’s
understanding of reality and a human user’s subjective experience.
Importantly, the pseudo-user study was a deliberate precursor to a
real user study. By first validating our approach in a controlled, low-
cost, scalable simulation, we hoped to refine our method, identify
any pitfalls, and ensure the feasibility of the feedback loop before
committing to a full-scale human subject experiment.

4.1 Dataset
For both simulations, we considered the video game recommen-
dation scenario using the Steam dataset. Steam is a popular video

game platform [19], and this study utilized two publicly available
datasets [6, 18], which were integrated into a unified knowledge
graph based on the name of the video game. The first dataset con-
tains game characteristics, while the second includes user-game
interactions. This includes data about things such as whether a
user purchased or played a game and their total playtime. Note that
there are cases where a user purchased a game but never played
it. The integrated knowledge graph comprises 10,500 user nodes,
3,005 game nodes, 5,138 feature nodes (including developer, genres,
categories, and release year), and 104,096 relationships.

Figure 5: Outline of the prompt template.

4.2 Experimental Settings
The experiment involved collecting simulated human feedback us-
ing two different approaches (offline and with a pseudo-user study),
integrating the feedback into the next round’s results, and checking
whether performance is improved. Furthermore, we compared the
performance of HIVE with ELIXIR [7], a state-of-the-art model-
agnostic framework that also incorporates human feedback for XRS
[7]. While ELIXIR also collects feedback on features related to rec-
ommended items, this feedback is not user-specific and reflects only
overall like/dislike opinions. It does not collect feedback about the
information quality in explanations. Thus, our comparative experi-
ments allow us to examine whether veracity-based user feedback
provides more informative signals for improving XRS performance.
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Figure 6: Recommendation performance in terms of precision (squares, left y-axis) and recall (circles, right y-axis) across
iterations (R0 to R2). Solid lines show offline results; dotted lines show pseudo-user study results. Both metrics show consistent
gains, indicating that iterative human feedback enhanced the alignment between user preferences and recommended items.

4.2.1 Backbone Algorithm. For generating recommendations and
explanations, we adopted the Tower Bridge-Network (TB-Net) [20]
as the backbone algorithm. The TB-Net performs bidirectional em-
bedding propagation over a knowledge graph to capture key seman-
tic factors for explainable recommendation. It takes a knowledge
graph that includes users, items, and feature nodes as inputs. To
address the potential incompleteness of the predefined knowledge
graph, we updated it by extracting additional entities from each
game’s textual reviews using LLMs. As an output, TB-Net generates
recommended items and a path between the target user and the
item by identifying an important intermediate node. These out-
puts are then passed to LLMs to generate refined natural language
explanations.

4.2.2 Feedback. We collected simulated fidelity and attunement
feedback ratings for each feature-level explanation in both experi-
ments (as per Section 3). The feedback was recorded as a continuum
ranging from 0.0 (disagree/dislike) to 1.0 (agree/like). Among all
the users in our dataset, we randomly selected 20 users who had
more than 50 liked games for the test set. For each user, the system
recommended 10 games, each accompanied by 10 feature-level ex-
planations. For the recommendation performance evaluation, we
assessed whether 200 games recommended to the 20 users were
appropriate. For the explanation quality evaluation, we examined
the 2,000 feature-level explanations generated for these games.

4.2.3 Simulation Approaches. Now, we describe each feedback sim-
ulation process in detail. For the offline simulation, we used the
playtime attribute in the dataset to determine the ground truth for
user preferences. Since games vary in their typical play duration, we
first normalized each user’s playtime by dividing it by the game’s
global average playtime [11]. Next, we averaged the normalized
playtimes for each user. A game was labeled as user-liked if the
user’s normalized playtime for that game exceeded their personal
average. Otherwise, it was labeled as a user-disliked game.

As part of the pseudo-user study, we employed the pre-trained
LLM, GPT-4o mini [14], as an automatic feedback simulator. The
pseudo-user study was conducted to enable robust preliminary test-
ing before a real user study (see Section 5). This was accomplished
by generating diverse personas based on each user’s behavioral

history using an LLM (as per [3]) and using these to give feedback
on explanations as a “pseudo” user. GPT-4o mini was chosen for its
strong reasoning ability and effectiveness in instruction-following
tasks [12].When running the evaluator, the parameter ‘temperature’
was set to 0.1 to constrain randomness.

We adopted a role-play prompting (single turn method) [9] for
simulating pseudo-users. This is a simple yet effective approach
where the LLM is explicitly instructed to assume the role of a user
based on a historical profile, such as gameplay history. Each instance
provided the model with (1) a simulated user persona constructed
from historical gameplay data, (2) the recommended item’s feature
set and explanation, and (3) a structured prompt describing the
evaluation task. This setup enables automated evaluation that re-
flects a user-aligned perspective without requiring real-time human
participation. The prompt template used is briefed in Figure 5.1

4.2.4 Evaluation Metrics. As evaluation measures, we adopted pre-
cision and recall for calculating recommendation performances,
two of the most widely used metrics for recommender systems [1].
Precision is defined as the number of recommended items that the
user likes divided by the total number of recommended items. Recall
is defined as the number of recommended items that the user likes
divided by the total number of items the user previously liked. For
evaluating explanation quality, we adopted the fidelity, attunement,
and veracity scores proposed by Son and Bolton [17]. As detailed
in Section 2, these scores are calculated based on signal detection
theory, with fidelity and attunement sensitivities combined into an
overall veracity score.

4.3 Results
Figure 6 reports the changes in recommendation performance in
terms of recall and precision over iterations for ours (HIVE) com-
pared with the baseline framework (ELIXIR). In terms of precision,
both methods improved steadily across rounds. In the offline evalu-
ation, our framework increased from 0.21 at R0 to 0.42 at R1 and
0.50 at R2, whereas ELIXIR rose from 0.21 to 0.30 and 0.38. In the
pseudo-user study, our framework improved from 0.21 at R0 to

1The full template can be found at https://github.com/l3207418/hitl-xrs.
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Figure 7: Explanation quality based on fidelity, attunement, and veracity score over iterations for the offline evaluation (solid
line) and pseudo-user study (dashed line). These SDT sensitivity scores range from 0.5 (no detection) to 1 (perfect; see [17]).

0.46 at R1 and 0.59 at R2, compared to ELIXIR’s 0.21, 0.32, and 0.39.
Recall followed a similar trend. In the offline evaluation, recall for
our framework increased from 0.037 at R0 to 0.066 at R1 and 0.079
at R2, whereas ELIXIR increased from 0.037 to 0.050 and 0.066. In
the pseudo-user study, our framework increased from 0.037 at R0
to 0.077 at R1 and 0.091 at R2, while ELIXIR improved from 0.037
to 0.053 and 0.074. Overall, both methods benefited from iterative
feedback, but our framework achieved comparatively higher gains
in both precision and recall. Note also that recall values remain
lower than precision due to the limited recommendation list size (10
per user) compared to the average number of 56 user-liked games.

Figure 7 shows the improvement in explanation quality in terms
of the fidelity, attunement, and veracity scores. Fidelity increased
from 0.59 at R0 to 0.63 at R1 and 0.65 at R2 in the offline evaluation,
and from 0.59 to 0.66 and 0.70 in the pseudo-user study. Attunement
scores rose from 0.60 to 0.61 and 0.62 in the offline evaluation, and
from 0.60 to 0.63 and 0.73 in the pseudo-user study. Finally, the
combined veracity [17] score also increased from 0.57 (R0), to 0.61
(R1), and ultimately 0.63 (R2) in the offline evaluation, and from 0.57
to 0.63 and 0.68 in the pseudo-user study. Compared with ELIXIR,
which showed steady but modest gains, our framework consistently
achieved higher explanation quality across all three measures.

5 Discussion
This research introduces HIVE, a human-in-the-loop framework
for XRSs that leverages veracity-based human feedback to itera-
tively refine and enhance both recommendation outputs and their
associated explanations. HIVE is grounded in the veracity metric,
which decomposes the information quality of explanations into two
dimensions: fidelity and attunement. Human feedback along these
dimensions is used to update user and item embeddings, which are
then fed into the backbone explainable recommendation algorithm
to improve future results. Because the embeddings are updated
after each round, HIVE inherently accommodates evolving or even
conflicting feedback. In other words, changes in user preferences or
inconsistencies across sessions are incorporated into the updated
representations rather than being treated as errors. To assess the ef-
fectiveness of HIVE, we conducted two simulation experiments: an
offline evaluation based on the dataset’s ground truth and a pseudo-
user study with LLM agents. We hypothesized that our framework
would improve both predictive recommendation performance and

explanation quality. Results across two iterations confirmed this
hypothesis, demonstrating that veracity-based human feedback
contributes to enhanced performance in XRSs.

As shown in 7, fidelity scores exhibited a consistent upward trend
in both evaluations. This indicates that the iterative feedback loop
effectively enhances the factual alignment of explanations with
item features. Notably, the improvement was substantially larger
for the pseudo-user study than for the offline evaluation. Similar
trends were also seen for attunement and veracity, with larger
improvement in attunement, particularly observed in the pseudo-
user study going from R1 to R2. We attribute this to the offline
evaluation being based on a fixed set of ground truth data, which
led to more conservative and stable improvements. In contrast, the
pseudo-user study employed flexible evaluation responses informed
by each persona’s behavioral history. The LLM-based simulated
feedback may have facilitated more effective refinement, potentially
due to its ability to capture nuanced, user-aligned rationales not
present in the static knowledge graph, especially for the attunement
dimension. These findings highlight a potential major advantage of
HIVE. Overall, performance improvements were consistently larger
in the pseudo-user study compared to the offline evaluation. Thus,
it appears that accounting for human subjective interpretation of
information improves performance beyond what can be achieved
by just looking at the ground truth.

Beyond these contributions, we demonstrated that HIVE out-
performed the existing SOTA framework, ELIXIR. While both ap-
proaches leverage user feedback on explanations to refine future
recommendations, the key distinction lies in how feedback is rep-
resented and utilized. ELIXIR relies on binary like/dislike signals
on (rec, exp) pairs, which provide useful but coarse adjustments to
user preference models. In contrast, HIVE collects feedback along
two veracity dimensions and captures these as continuous degrees
rather than binary judgments. These graded signals are directly
incorporated into fidelity and attunement loss functions, allowing
the system to update embeddings with finer granularity. Based on
our results, this richer representation of feedback translates into
more substantial and consistent improvements in both recommen-
dation accuracy and explanation quality, highlighting the value of
modeling explanation veracity beyond simple preference signals.
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Although outside the primary scope of this research, one addi-
tional implication emerges from our pseudo-user feedback simu-
lation. We observed that attunement scores, which capture align-
ment with user preferences, improved more substantially in the
pseudo-user study than in the offline evaluation. This suggests
that LLM-based personas may serve as a promising direction for
addressing the long-standing cold-start problem in recommender
systems. The cold-start problem, a critical challenge in RS research,
arises because recommendation performance improves with larger
amounts of user preference data. Yet, in real-world systems such
data are often sparse or difficult to collect [8]. Existing work has
largely focused on extracting the best possible performance from
limited datasets. However, our findings indicate that a complemen-
tary approach could be to collect an initial sample of preference
information from real users, instantiate an LLM-based target user
persona, and then elaborate or augment this information to gen-
erate sufficient synthetic preference data. Feeding this enriched
data into the recommendation algorithm may yield stronger perfor-
mance and offer a practical path forward in mitigating cold-start
scenarios.

While this study shows clear benefits of HIVE, it also raises
questions for future research. First, while veracity-based feedback
appeared to be successful in our analysis, it remains unclear how
its performance will compare with that of other mechanisms uti-
lizing human feedback. Along these same considerations, ELIXIR
is based on user feedback concerning the overlapped feature of
a recommended item and an explanation item, whereas HIVE is
based on feedback about explanations itself. This is by design as
veracity (and its fidelity and attunement dimensions) is meant to
enable the assessment of explanations independently of recom-
mendations. This suggests that additional information could be
gained by HIVE also incorporating direct feedback about the rec-
ommended item. These subjects should be investigated in future
analyses. Next, although HIVE is applicable to any XRS beyond
those generating textual explanations, our experiments were lim-
ited to the assumption that explanations are in text format. Future
work should investigate how veracity concepts can be translated
and applied to other modalities. In addition, our evaluation was lim-
ited to a single game recommendation scenario; therefore, applying
the framework to diverse datasets and domains will be necessary
for demonstrating its generalizability. Finally, the results presented
here are preliminary. Future work will seek to replicate the condi-
tions of our simulation in a human subjects study to validate our
findings. Together, these directions will be crucial for establishing
HIVE as a practical framework that advances both the accuracy
and user-centeredness of future recommender systems.

GenAI Usage Disclosure
GenAI tools were used during the research, but the authors are
fully accountable for the content. A sufficient detailed statement of
the exact use is included in this paper.
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