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ABSTRACT

According to the European Commission, the number of scientific
publications produced annually worldwide has more than tripled
between 2000 and 2022. This rapid growth has made it increasingly
difficult for researchers to identify and keep up with relevant work.
Recommender systems (RSs) have emerged as a promising solution
to this problem by helping users navigate the expanding scientific
literature. In this paper, we introduce ScientiaRec, a novel scientific
article RS that combines user-item interactions and content-based
features, including descriptive tags and keywords automatically
extracted using a large language model (LLM). At the core of our ap-
proach is a serendipity-aware matrix factorization model, designed
to recommend relevant items while actively promoting serendipity.
The goal is to help users discover novel and potentially insight-
ful papers that go beyond their immediate research interests. We
evaluate the performance of ScientiaRec against several baseline
models using the publicly available CiteULike dataset, employing a
comprehensive set of both accuracy-oriented and beyond-accuracy
evaluation metrics. In addition, we conduct an LLM-based study
to assess the serendipity of ScientiaRec Top-N recommendations.
The experimental results demonstrate that ScientiaRec achieves a
strong balance between relevance and beyond-accuracy objectives.
Moreover, the inclusion of LLM-derived keywords significantly
enhances the RS’s overall performance.
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1 INTRODUCTION

The goal of a scientific article recommender system (RS) is to as-
sist researchers by providing personalized suggestions of relevant
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scholarly papers from a large corpus. Each user has a history of in-
teractions with articles—such as downloads, reads, or citations—and
the system must predict and rank new articles that the user is likely
to find valuable. In this paper we propose a RS named ScientiaRec
that aims to capture both collaborative signals from user behavior
and content-based signals inherent to scientific articles, such as
keywords, abstracts, and domain-specific metadata. The challenge
lies not only in recommending relevant items but also in promoting
serendipity to help users discover novel and potentially insightful
papers beyond their immediate research interests. This helps to
break the “filter bubble”, where users are stuck in a limited circle
of familiar topics [20]. Serendipity happens when the RS suggests
something the user did not expect, from a different domain, but
upon reading it, he realize: “Oh! This actually fits my work in a
cool, unexpected way”.

The authors in [26] extend Matrix Factorization (MF) with a
novelty-aware regularization. Building on this idea, we propose a
feature-aware Serendipity MF model that leverages both collabora-
tive signals and semantic features. Our main contributions are:

- Feature-aware Matrix Factorization: We enhance classic MF by
concatenating each item’s latent vector with averaged embeddings
from its tags and LLaMA3-extracted keywords.

- LLM-based Semantic Enrichment: We extract keywords from
article titles and abstracts using LLaMA3, adding rich, fine-grained
descriptors to item profiles.

-Serendipity-aware Loss Function: A Jaccard-based regulariza-
tion term penalizes recommendations that are either too similar or
too dissimilar to a user’s history, encouraging suggestions that are
surprising yet still relevant.

- LLM-based Study: We use GPT-4o to evaluate ScientiaRec Top-N
recommendation in terms of serendipity.

The rest of the paper is organized as follows. We start in Sec-
tion 2 by an overview of scientific papers, serendipity-based and
LLM-enriched RSs. Next, we describe our serendipity-driven RS in
Section 3. Section 4 details our experimental study, including the
offline and LLM-based evaluations. Finally, Section 5 summarizes
our paper and discuss our plans for future directions.

2 RELATED WORK

Recommender systems for scientific articles have gained significant
attention due to the rapid growth of academic publications [8, 35].
These systems aim to assist researchers in discovering relevant lit-
erature. Existing works in scientific RSs can be broadly categorized
into content-based filtering and collaborative filtering. We also give
a quick review of serendipity-based and LLMs enhanced RSs.
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2.1 Content-based Approaches

Content-based methods are the most commonly applied and are
based on analyzing article metadata such as titles, abstracts, key-
words, and text to recommend papers similar to those a user has
previously read. The first recommendation system for research pub-
lications was introduced in the CiteSeer project and used content-
based similarity methods [2]. The majority of the reviewed studies
employed the Term Frequency-Inverse Document Frequency (TF-
IDF) approach to assess text similarity. By down-weighting common
terms, TF-IDF emphasizes more informative words within a doc-
ument. To enhance both relevance and serendipity, Sugiyama et
al. [24] generated feature vectors based on TF-IDF and built user
profiles from the Co-Author Network. They then used cosine sim-
ilarity to identify and recommend papers with higher similarity
scores.

2.2 Collaborative Filtering Approaches

Collaborative filtering techniques leverage user-item interaction
data, such as reading history or citation patterns, to make recom-
mendations, and are generally divided into two main categories:
model-based and memory-based methods. Model-based approaches
rely on matrix factorization techniques, where user preferences
are inferred through learned latent factor embeddings. In contrast,
memory-based methods estimate user preferences by directly com-
puting similarities—such as correlation coeflicients or cosine sim-
ilarity—between users or items using historical rating data. For
example, to tackle the challenge of recommending newly published
papers lacking citation history, the authors in [10] proposed a strat-
egy based on Singular Value Decomposition (SVD) for matrix fac-
torization and rating prediction. This approach allows the system
to infer researchers’ interests and recommend relevant papers even
in the absence of citation data.

2.3 Serendipity-based Recommender Systems

Serendipity has emerged as a compelling concept within the field of
RSs, drawing increasing attention from researchers [3, 34]. In this
context, serendipity refers to a system’s capacity to suggest items
that are not only relevant but also pleasantly surprising—items that
users are unlikely to discover on their own [5, 18]. A serendipitous
recommendation is typically characterized by its novelty, unex-
pectedness, and relevance [14]. Relevance is generally measured
by how closely an item aligns with the user’s profile [6], while
novelty implies that the item is unknown to the user and not easily
found through conventional means [27]. However, assessing the
degree of unexpectedness remains a challenging task. One attempt
to incorporate serendipity into RSs was the content-based approach
introduced in [11]. The authors used a supervised learning model
based on item textual features to estimate the probability that a
previously unseen item would be relevant to a specific user. In this
framework, items about which the system is uncertain—neither
clearly relevant nor irrelevant—are treated as potentially serendipi-
tous and prioritized for recommendation. A different perspective
was proposed in [1], where unexpected items are identified by first
modeling what a user is likely to expect. Expected items include
those already rated by the user and those similar to them; items
falling outside this set are then considered unexpected. Additionally,
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the work in [17] introduced a RS for academic papers that leverages
BisoNets to suggest items across two distinct domains, aiming to
deliver serendipitous discoveries through domain-spanning recom-
mendations. Recently, the authors in [23] explored the impact of
serendipity on the quality of point-of-interest (POI) recommenda-
tions by introducing a novel POI RS called DISCOVERY, which
aims to enhance the balance between accuracy and serendipity.

2.4 LLMs Enhanced Recommender Systems

Recent advancements in generative models have played a pivotal
role in shaping the development of RSs [7]. The emergence of
pretrained LLMs with powerful, generalized natural language rea-
soning capabilities has marked a new era in the recommendation
domain. Over the past few years, a wave of models has shaped the in-
tegration of LLMs into RSs. A pioneering effort was BERT4Rec [25],
which laid the groundwork for transformer-based sequential recom-
mendation by modeling user behavior as masked sequences. Later
models such as GPTRec [21] explored autoregressive paradigms for
recommendation, leveraging the generative capabilities of GPT-2
architecture for next-item recommendations. As LLMs matured,
models like LLaMARec [32] began to exploit the power of open-
source LLMs such as LLaMA for domain-specific fine-tuning on rec-
ommendation tasks, demonstrating strong performance even with
limited supervision via prompt engineering. ChatRec [9] marked
a turning point by extending conversational recommender sys-
tems through dialogue-aware LLMs, enabling dynamic preference
elicitation and interactive recommendation via natural language
exchanges. A novel framework for narrative-driven recommen-
dation, where users express their preferences through free-form
natural language narratives, was proposed in [19]. Recognizing
the scarcity of labeled narrative-query data, the authors propose
leveraging a pretrained LLM (InstructGPT) to generate synthetic
narrative queries from user interaction histories. These generated
narratives, conditioned on user reviews and past items, are used to
train a lightweight retrieval model. The authors in [12] addressed
the problem of users with sparse activity or “weak” interaction
histories by proposing a hybrid task allocation framework that cou-
ples traditional recommendation models with in-context learning
using LLMs. The system first identifies weak users with below-
threshold ranking performance and minimal engagement, then
delegates their ranking tasks to an LLM, informed by their inter-
action history, while relying on standard RS outputs for the rest.
A new prompting-based representation learning method named
P4R was proposed in [4], where the Llama-2-7b model was used on
limited item descriptions to create personalized item profiles for
recommendation.

To sum up, LLMs were used for various tasks to enhance rec-
ommender system, like LLM-based generative recommendation,
retrieval augmented recommendation, LLM-based feature extrac-
tion, and conversational recommendation.

3 SCIENTIAREC

This section introduces ScientiaRec for article recommendation, a
Feature-aware Serendipity Matrix Factorization model that leverages
both user-item interactions and content-based features, including
article tags and keywords automatically extracted using a LLM.
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This model is optimized using a combination of a ranking loss and
a serendipity-aware penalty based on feature dissimilarity.

3.1 Feature extraction

To enhance the semantic representation of articles, we enriched
their metadata by extracting relevant keywords from their titles
and abstracts using the Llama3! LLM. Specifically, we employed a
local instance of Llama3 (c.f. Table 1). For each document, a prompt
was submitted to the model via the ollama interface to generate a
list of 10 relevant keywords per article. The prompt used was:

Extract exactly 10 distinct and relevant keywords

from the following text. Return them in a single

line, separated only by commas, without any additional

explanation before or after the list. <text> Keywords:

To assess the robustness of keyword generation, we also ex-

perimented with gemma3? and phi-2® architectures. Both models
produced keyword outputs that were highly similar to those gener-
ated by Llama3. Given this consistency and the extended context
window offered by Llama3, we adopted it as our default choice for
the extraction process.

Table 1: LLaMA3 model configuration.

Model Property ~ Value

Architecture llama3
Parameters 8.0B
Context Length 8192 tokens

Embedding Size 4096
Quantization Q4.0

3.2 Feature-aware Serendipity Matrix
Factorization

MF is a widely-used collaborative filtering technique that represents
users and items in a shared latent embedding space. Each user u
and item i is associated with a dense vector embedding, u,,i; €
R?, learned to predict user preferences by modeling interactions
through their inner product [13]:

AT,
Yui —lluli

This captures latent factors explaining user-item interactions, such
as tastes and item characteristics, based solely on observed feed-
back.

To improve personalization and promote serendipitous recom-
mendations, our model extends classical MF by integrating content-
based features extracted from item metadata. Specifically, we lever-
age two types of textual features: user-generated tags and keywords
automatically extracted by Llama3 from item titles and abstracts.
These features are embedded into the same latent space, allowing
the model to capture semantic relationships beyond pure collabora-
tive signals.

!https://ollama.com/library/llama3
Zhttps://ollama.com/library/gemma3
3https://ollama.com/library/phi
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For each item i, we compute a feature embedding f; € R? as the
average of its associated feature embeddings:

1
fi:ﬁz

where 7 is the set of features (tags and keywords) for item i, and
er € R? is the embedding vector for feature f.

The final item representation concatenates the original item
embedding i; with the averaged feature embedding f;, yielding:

x; = [i;; f;] € R

ef

Similarly, user embeddings u, € R?? are learned to match this
augmented item representation.

The predicted preference score is then computed as the dot
product in this expanded space:

Fui = ugx; = uy, [i5; £]

Training Objective. We train the model using Bayesian Personalized
Ranking (BPR) [22], a pairwise ranking loss that encourages higher
scores for positive items i* over negative samples i~:

log ‘)'(fui‘r - fui‘)

1
Lgppr = —|—
(u,it,i")esS

N

To explicitly promote serendipity, we augment this loss with a
regularization term based on the Jaccard similarity between item
features. This penalizes both positive and negative items that are
either too similar or too dissimilar to the user’s history, encouraging
a balance between relevance and novelty:

L= LBPR ta- -ESerendipity

where
1 s
LSerendipity = E Z (Su(l),
(u,i)eB
1
S5,(i) = — 0, d(i, i — | —
(1) A Z max (0, [Jaccard(i, i') — p| — €)

i'ely,
and B contains both positive and negative candidate items used
during training. p is a target similarity (e.g., 0.30), € is a tolerance
(e.g., 0.05), and 7,, denotes the set of items previously interacted
with by user u.

Implementation Details. The embeddings are initialized using Xavier
uniform initialization and trained using the Adam optimizer. Fea-
tures are represented via an embedding matrix shared across all
tags and keywords. At each training step, the model averages the
embeddings of all features associated with an item and concate-
nates this with the item’s own embedding before computing the
prediction score. Details about training hyperparameters are pre-
sented in Table 2. After 20 epochs of training, our model achieved
a BPR loss of 0.0076, a serendipity loss of 0.2426, and a total loss of
0.0319.

4 EXPERIMENTAL STUDY

Based on the RS literature, three main types of evaluation can be
distinguished: offline evaluations, user studies, and online evalu-
ations [33]. In this work, we focus on offline evaluation, using a
pre-collected dataset that captures users’ implicit feedback. This
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Table 2: Training hyperparameters.

Hyperparameter Value

Embedding dimensiond 50

Learning rate 0.005
Batch size 512
Epochs 20
Serendipity weight 0.1
Target similarity p 0.30
Tolerance € 0.05

approach allows us to assess the performance of our RS without re-
quiring direct user involvement. To gain a deeper understanding of
the system’s effectiveness, while avoiding the cost and complexity
of user-centric evaluations, we complement the offline experiments
with an LLM-based evaluation.

We conducted a series of experiments to demonstrate the effec-
tiveness of leveraging LLMs to enrich items representation. Specifi-
cally, we compared the top-N recommendation generated by the
ScientiaRec approach with those suggested by the same model
without LLM-derived features. Additionally, we evaluated our RS
against several baseline models based on various evaluation met-
rics. Finally, we conducted an LLM-based study to evaluate the
serendipity of ScientiaRec.

Experiments were run from a laptop equipped of an Intel® Core™
17-13800H Intel CPU and a NVIDIA RTX A1000 6 GB Laptop GPU.
All models were implemented and trained with scripts written in
Python 3.12.

4.1 Dataset Description

We use the well know public dataset citeulike-a* collected from
CiteULike and Google Scholar and contains abstracts, titles, and
tags for each article [29]. Its main characteristics are presented in
Table 3. We partition the dataset into training data (the earliest 70%
papers) and test data (the most recent 30%) for each user.

Table 3: Dataset statistics.

Dataset  Users Articles Tags Citations User-Article

citeulike-a 5,551 16,980 46,391 44,709 204,987

After the LLM-based enrichment, the number of tags in the
citeulike-a dataset reached 99, 696.

4.2 Evaluation Metrics

To assess the effectiveness of using LLMs to enrich items tags and to
compare our RS with baseline models, we use two categories of eval-
uation metrics: accuracy-based, including Precision@N, Recall@N,
and F-measure@N, and beyond-accuracy, including Unexpected-
ness@N, Diversity@N, Novelty@N, and Explainability@N, with
N € {5,10,15, 20}.

4 https://github.com/js05212/citeulike-a
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Precision@N. Measures the proportion of recommended items in
the top-N that are relevant.

|Recommendedfj N Relevant, |
N
Where RecommendeduN refers to the list of recommended items
@N to the user u and Relevant,, is the list of relevant items to u.

Precision@N =

Recall@N. Measures the proportion of relevant items that are suc-
cessfully recommended.

|RecommendeduN N Relevant,, |

Recall@N =
ecall@ |Relevant,, |

F-measure@N. Harmonic mean of Precision@N and Recall@N that
balances the trade-off between precision and recall.
2 - Precision@N - Recall@N
Precision@N + Recall@N

F-measure@N =

Unexpectedness@N. Measures the average dissimilarity between
recommended items and the user’s history. It captures surprising
but relevant recommendations.

Z (1_|FimFu|)
|FiUFu|

ieRecommended})

1
Unexpectedness@N = N

Where F; is the feature set of item i and F,, is the union of feature
sets from the user’s u history.

Diversity@N. Measures the dissimilarity between the recommended
items themselves (intra-list dissimilarity). Diversity aims to reduce
redundancy within the recommendation list, providing users with
a richer and more varied selection of options that better satisfy
his/her diverse interests.

2 |Fi N Fjl
Diversity@N = ——— (1 -
NN-1) ; F; UF|

Novelty@N. Measures how uncommon or rare the recommended
items are, based on their popularity. Novelty promotes discovery by
encouraging exposure to unpopular content the user is less likely
to have encountered on their own, thereby enhancing engagement
and exploration.

1 pop(i) +1
Novelty@N = — -1 —_
ovelty@ N Z 0g, ( 0]
i€Recommended?)
Where pop(i) is the number of users who have interacted with
item i and |U]| is the total number of users. The normalized version

of the novelty is defined as follow:
Novelty@N
log, (1U)

Explainability@N. Measures how many of the top-N recommended
items can be explained to the user by explicitly linking them to
his/her past interactions. An item is considered explainable if it
shares at least one feature (i.e. tag or keyword) with the items the
user has previously consumed. These shared features act as inter-
pretable justifications for why a particular item was recommended.

Norm_Novelty@N =
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It helps build trust in the system by offering human-understandable
reasons for each suggestion.

|{i € RecommendedY : F; N F, # 0}]
N

Explainability@N =

Where F;NF, # 0 indicates that item i shares at least one feature
with the user’s u history.

4.3 Baseline models

We compared our RS with other recommendation models. Our goal
is to show the effect of using LLMs to enrich items descriptions, and
also to compare our recommendation model versus other baselines.
The details of the compared methods are listed below:

- Doc2Vec+kNN: a content-based RS that suggests research pa-
pers by matching a user’s profile with top-k similar papers using
Doc2Vec [15] abstract embeddings and cosine similarity.

- CTR: a simplified variant of the Collaborative Topic Regression
model [28], where article topics are extracted via Latent Dirichlet
Allocation (LDA) applied to abstracts, and combined with trainable
user and item embeddings in a neural framework.

- CDAE: an implementation of the Collaborative Denoising AutoEn-
coder [31] that learns user preferences by combining a corrupted
user-item interaction vector with a trainable user embedding in a
latent space, reconstructing item scores to predict unseen research
papers. The model is trained on implicit feedback from citeulike-a
using binary cross-entropy loss, and recommends papers by rank-
ing decoded scores while excluding already read articles.

- Mult-VAE: an implementation of the Multinomial Variational
Autoencoder for collaborative filtering [16]. The model encodes
user interaction vectors into a latent space via a variational autoen-
coder and reconstructs item probabilities using a decoder. Trained
on citeulike-a, the model optimizes a loss combining multinomial
log-likelihood and KL divergence for regularization.

- SGL: implements the architecture of the Self-supervised Graph
Learning model for collaborative filtering [30]. The model con-
structs a normalized user-item bipartite graph from interaction data,
and performs GCN-based embedding propagation across multiple
layers. During training, two augmented graph views are generated
via random edge dropout, enabling contrastive learning between
them. The final loss combines BPR loss for recommendation accu-
racy and a self-supervised loss to enhance embedding quality.

- ScientiaRec: our feature-aware serendipity matrix factorization
model for scientific articles recommendation.

- ScientiaRec"/® M: 3 second version of our RS ScientiaRec with-
out the use of LLMs to enrich the articles tags.

4.4 Offline Evaluation

We conduct an offline study to compare our RS to other models
implemented based on the state of the art architectures. As de-
picted in Figures 1- 4, ScientiaRec stands out as a balanced model
that achieves an effective trade-off between accuracy and beyond-
accuracy objectives. It delivers strong performance not only in
traditional accuracy metrics like F1@20 (i.e. 0.0259), but also ex-
cels in beyond-accuracy metrics including Unexpectedness@20
(i.e. 0.9723), Diversity@20 (i.e. 0.9630), and Explainability@20 (i.e.
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0.9824). In particular, from an explainability perspective, Scien-
tiaRec offers the most transparent recommendations, facilitating
clear communication with users through statements like: “You are
recommended this paper because you previously read articles about
Recommender Systems”.

When the LLM-derived features are removed, as in the model
ScientiaRec"/° ™M performance drops notably across all metrics,
highlighting the importance of the semantic information provided
by LLM-generated keywords.

Doc2Vec+kNN demonstrates excellent scores in Novelty and
Diversity, however, its extremely low Explainability limits its inter-
pretability. While CTR and SGL achieve the highest Unexpectedness
scores (e.g 0.9960 and 0.9949, respectively for Top-20 recommen-
dation) and strong Novelty, yet they suffer from poor accuracy,
suggesting a bias toward exploration over relevance. In contrast,
Mult-VAE achieves the highest accuracy overall, with a F1@20
reaching 0.0319, while maintaining competitive scores in terms
of Unexpectedness and Diversity, making it the most competitive
baseline.

4.5 LLM-based Evaluation

Since the concept of serendipity is very complex to assess, we
conduct an LLM-based study to measure the serendipity of the list
of recommendations generated with our RS ScientiaRec.

4.5.1 Study Design. We selected a sample of 10 users from the
citeulike-a dataset, chosen to represent a range of research domains
(e.g. recommender systems, social network analysis, bibliometrics,
neuroscience, market dynamics, etc.) and asked GPT-4o to evaluate
the serendipity of their Top-20 recommended articles generated
with our RS ScientiaRec, giving a total of 200 evaluated recommen-
dations.

We asked GPT-40° via the web interface to evaluate how serendip-
itous a Top-N recommendations are. We used the following prompt:

You are simulating an academic researcher with
the following reading history:

1. ID: <text> | Title: <text> ...

Each article consists of a title and you can get
its abstract online (if you need more details
about the article). Based on this history, we
show you a list of recommended articles.

Please evaluate each recommended article from the
perspective of the user. For each recommendation,
provide:

1. Serendipity score: Does it strike a balance
between being relevant and novel —i.e., something
the user wouldn’t expect, but might find useful
or interesting?

2. Short explanation (1 sentence)

where score is: Very Low (1), Low (2), Moderate
(3), High (4), Very High (5)

Here is the list of recommended articles:

1. ID: <text> | Title: <text> ...

You can get its abstract online (if you need more
details about the article).

Start by summarizing Key Themes of the user’s
reading history items by (domain, examples), like:

5 https://openai.com/index/hello-gpt-40
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Figure 2: Top-10 recommendation metrics comparison for offline evaluation of different models.

<domain> IDs: <text> ...

Next, evaluate the serendipity of the recommendations

— that is, how well they suggest papers that are
not only relevant to the researcher’s interests,
but also novel and unexpected.

Format your answer as a table of entries, like:
*xRecommendation 1x*x title, domain

Serendipity: [score, Comments]

*xAverage Serendipity: [score, Comments]

1. Ben Sassi

ScientiaRec
ScientiaRec"/° tt"
Doc2Vec + kNN

Mult — VAE
SGL

ScientiaRec
ScientiaRec"/° tt"
Doc2Vec + kNN
CTR

CDAE

Mult — VAE

SGL

4.5.2  lustrative example. We select a user from the previously

sampled users, having the following training history:

1. ID: 120 | Title: semantic blogging and decentralized

knowledge management

2. ID: 917 | Title: linked how everything is
connected to everything else and what it means
3. ID: 1836 | Title: the artificial life roots of

artificial intelligence

4. ID: 2489 | Title: evaluating collaborative

filtering recommender systems

5. ID: 2792 | Title: content boosted collaborative
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Figure 4: Top-20 recommendation metrics comparison for offline evaluation of different models.
filtering system

6. ID: 2793 | Title: recommendation as classification
using social and content-based information in
recommendation

7. ID: 3981 | Title: the structure of collaborative
tagging systems

8. ID: 4050 | Title: the symbol grounding problem
9. ID: 5034 | Title: folksonomy as a complex
network

10. ID: 6515 | Title: evolving grounded communication
for robots

11. ID: 6598 | Title: feature-based recommendation

12. ID: 8504 | Title: information retrieval in
folksonomies search and ranking

13. ID: 8731 | Title: semiotic dynamics for embodied
agents

14. ID: 9542 | Title: the grounding and sharing
of symbols

15. ID: 10180 | Title: dont look stupid avoiding
pitfalls when recommending research papers

16. ID: 10296 | Title: content-boosted collaborative
filtering for improved recommendations

17. ID: 10629 | Title: evolutionary conditions
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for the emergence of communication in robots

18. ID: 11203 | Title: google news personalization
scalable online collaborative filtering

19. ID: 12205 | Title: collaborative filtering
recommender systems

20. ID: 12206 | Title: content-based recommendation
systems

We started by asking the LLM to generate a profile for this user
based on his/her reading history. The LLM used the following key
themes to define the user’s profile:

1. Domain: Recommender Systems | IDs: 2489, 2792,
2793, 6598, 10296, 11203, 12205, 12206, 2759,
10180

2. Domain: Tagging & Folksonomies | IDs: 3981,
5034, 8504, 9542

3. Domain: Symbol Grounding & Embodied AI | IDs:
1836, 4050, 6515, 8731, 9542, 10629

4. Domain: Collaborative Filtering | IDs: 2489,
2792, 2794, 4685, 2759

5. Domain: Decentralized Knowledge/Web | IDs: 120,
917, 11205

6. Domain: Evaluation of AI Systems | IDs: 10180,
2759, 4685, 2254

Then, we asked the LLM to evaluate the serendipity of the Top-20
recommendations obtained with our RS. The obtained serendipity
scores and explanations are detailed in Table 4. The overall serendip-
ity of the Top-20 recommendations was estimated as follows:

Average Serendipity: 3.85 (High)

Explanation: The recommendations offer a rich
and diverse expansion from recommender systems
and tagging into social media analysis, incentive
theory, trust epistemology, and tagging dynamics;
many of which are relevant but not obvious, reflecting
genuinely serendipitous discoveries for a user
with strong grounding in symbolic grounding and
folksonomies.

4.5.3 Study Results. We detail the results of our LLM-based study
in Table 5. This table presents an evaluation of the serendipity of
the Top-20 scientific recommendations provided by ScientiaRec to
the 10 users sampled for our study, each characterized by different
interdisciplinary research domains.

As we can remark, users with broad research interests like
Userl, User8, and User10, get the recommendations with the high-
est serendipity score. In these cases, recommendations effectively
connect their research domains (extracted from their reading list)
to other areas, such as trust epistemology, architecture, or evo-
lutionary psychology. However, User3, with a well-defined and
tightly scoped research domain (bibliometrics), encounters moder-
ate serendipity.

As expected, serendipity increases with cognitive distance (when
recommending papers that explore new topics or angles), but only
when latent coherence is maintained (only if those recommended
papers still somehow connect back to the user’s research interests).
For example, the Top-20 recommendations of User6, interested in
search engines and web structure, include collaborative filtering
and latent semantic modeling. These two domains are different
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from classical web search topics, but still connected through shared
themes like user behavior, relevance, and information access. Then,
ScientiaRec offers something new but not random.

We can also notice that the LLM understood well the notion
of serendipity: if a paper is different enough to be surprising, yet
still relevant or useful, it hits the sweet spot. So, in its evaluations,
high serendipity coincides often with a delicate balance between
relevance and unexpectedness. For instance, User5 receives rec-
ommendations that combine core neuroscience themes with some
surprises like decision variables and synaptic plasticity.

5 CONCLUSION

This paper studied the usefulness of LLMs to enhance scientific
papers RS. We first build our RS named ScientiaRec aiming to
recommend articles by balancing relevance and serendipity. We
used Llama3 to enrich the papers representations by generating
keywords from their title and abstract. In addition, we used GPT-40
to evaluate the Top-N recommendations of ScientiaRec in terms
of serendipity. Our findings show that LLM-derived keywords can
enhance RSs performance. We find out also that LLMs may simulate
an academic researcher and evaluate a list of recommendations from
a complex notion like serendipity.

Despite the encouraging results presented in this paper, there
remains room for improvement. A promising direction for future
work is to incorporate article citation information into the rec-
ommendation algorithm, rather than relying solely on user—item
interactions and item features. Additionally, we plan to evaluate
the generalizability of our approach by testing it on other scholarly
datasets, such as those from ACM or DBLP. Finally, we also consider
leveraging LLMs to address cold-start situations, where user inter-
action data is limited or unavailable, to improve the applicability of
our RS in real-world scenarios.
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Table 5: LLM-based evaluation study results.

Users Research domains Serendipity Explanation

User1 Recommender Systems, Tagging & High The recommendations offer a rich and diverse expansion from
Folksonomies, Symbol Grounding & recommender systems and tagging into social media analysis,
Embodied AI, Collaborative Filtering, incentive theory, trust epistemology, and tagging dynamics—many
Decentralized Knowledge/Web, Evaluation of which are relevant but not obvious, reflecting genuinely
of AI Systems serendipitous discoveries for a user with strong grounding in

symbolic grounding and folksonomies.

User2 Social Network Analysis & Theories, Moderate The recommendation 1list balances core relevance with some
Complex Networks & Scaling Laws refreshing interdisciplinary and theoretical insights. The most

serendipitous items draw from outside pure Social Network Analysis,
including web science, economics, and network-driven science
communication.

User3 Scholarly Publishing & Open Access, Moderate While many recommendations are tightly aligned with the user’s
Citation Analysis & Bibliometrics history, about 6-7 provide meaningful novelty, especially where

altmetrics, usage data, access barriers, preprint repositories,
and methodological shifts (e.g., PCA) are involved.

User4 Popular Psychology & Behavioral High Several standout recommendations successfully bridge novelty and
Economics, Children’s Literature, relevance. The strongest entries introduced new domains (food,
Inspirational/Life Advice, Art, politics, negotiation, fiction) while still resonating with the
Photography & Design, Collaboration user’s core themes of introspection, lifestyle, and emotional
& Societal, Finance & Lifestyle richness.

User5 Cognitive Neuroscience & Sensory High Overall, this is a very strong and serendipitous set of
Processing, Neuropsychology of Cognition recommendations. It offers a balanced mix of familiar topics
& Culture (visual cortex, oscillations) and new cognitive or mechanistic

directions (reward, plasticity, decision-making, synaptic timing).
The best surprises come from papers that introduce reward
prediction, decision variables, and spike-timing-dependent
plasticity—topics likely just outside the user’s expected scope.

User6 Web Browsing Behavior & Search Engines, High The recommendations strike a strong balance between reinforcing
Information Retrieval & Clustering, core themes (web search, wuser modeling, clustering) and
Internet Topology & Network Structure introducing novel domains (collaborative filtering, social

networks for IR, latent semantic modeling). Several papers offer
unexpected yet meaningful extensions of the user’s interests.

User7 AI, Machine Learning & Pattern Moderate This recommendation set is highly relevant, but leans heavily
Recognition, Information Retrieval on expected foundational papers. Its serendipity is elevated
&  Search, Recommender  Systems & by articles exploring social tagging, search optimization, and
Collaborative Filtering, Web Mining, privacy —which effectively bridge distinct domains from the user’s
Folksonomies & Social Tagging interests.

User8 Complex Systems, Networks & Emergence, High The recommendation 1list is well-aligned with the wuser’s
Web Mining & Semantic Web, Social interdisciplinary curiosity, blending network science, social
Cognition & Information Filtering, cognition, design, and philosophy. High serendipity arises from
Information Seeking & Relevance, recommendations that present familiar themes (like networks
Meta-Science & Career Advice and relevance) through unfamiliar or cross-domain lenses (e.g.,

architecture, sociology, design).

User9 MicroRNA Function & Regulation High The recommendations strike a strong balance between relevance
and novelty. Several entries extend into plant systems, oncology,
evolutionary genetics, and transposon biology, offering unexpected
yet intellectually rewarding avenues.

User1@ Market Dynamics & Agent-Based Modeling, High The recommended set effectively balances relevance (market theory,

Financial Market Theory & Efficiency,
Reinforcement Learning & Game Behavior

modeling, decision-making) with novelty (evolutionary psychology,
behavioral economics, complex systems). Several suggestions expand
the user’s view toward human behavior, emergent phenomena, and
non-traditional modeling, which are valuable extensions of their
current focus.
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