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Abstract. Identifying user expertise through digital traces has become
a key challenge in social computing and user profiling. Social bookmark-
ing platforms, where users freely annotate and organize content with
tags, offer a valuable source for assessing individual knowledge domains.
In this paper, we extend a previous approach to expertise evaluation by
integrating tag depth into the Latent Dirichlet Allocation (LDA) topic
modeling process. Our method leverages both the content and the hi-
erarchical structure of tags to enhance topic representation and better
capture users’ actual areas of expertise. The approach is applied to data
from the Delicious platform, where we analyze tagging behaviors to in-
fer expertise profiles. Experimental results show that incorporating tag
depth improves topic specificity and provides more meaningful, quan-
tifiable indicators of expertise. This work highlights the potential of se-
mantic tag structures in refining topic modeling and supports the use of
social tagging systems as a reliable basis for expert identification.

Keywords: Topic modeling - User profile - Social bookmarking - Ex-
pertise - LDA.

1 Introduction

In a world driven by digital collaboration, organizations increasingly rely on web
communities and social networks to identify and evaluate expertise. This process
helps organizations stay competitive by finding the right people with the right
skills, which is necessary to create new opportunities and improve their per-
formance. Social bookmarking platforms, where users tag, categorize and share
resources, provide a valuable opportunity to assess expertise in specific domains.
By analyzing tagging behavior and shared content, organizations can uncover
key contributors and thought leaders in their fields. This approach has gained
attention as it bridges the discovery of human expertise with computational
analysis, addressing the nuanced and dynamic nature of skills and knowledge,
[1].

Despite advances, traditional expert finding systems often rely on user-provided
data, which can be inaccurate or insufficient, [2]. Social bookmarking platforms
offer an alternative by enabling users to save, organize, and share valuable re-
sources. Platforms like Pocket, Diigo, and Pinterest allow individuals to catego-
rize content using tags, creating a crowdsourced directory of skills and expertise.
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This practice promotes the management of personal knowledge while revealing
emerging skills and areas of interest through community engagement. In this
paper, we revisit and modify an existing approach to expertise evaluation based
on the depth of tags and apply it within the context of social media. Through
an in-depth study of Delicious, we demonstrate the potential of collaborative
platforms to identify user expertise. This research shows how online interactions
and contributions can serve as indicators of individual knowledge and skills.

1.1 Contributions of This Work

The main contributions of this paper are as follows:

— We propose an enhanced expertise estimation method by integrating tag
semantic depth into the Latent Dirichlet Allocation (LDA) model.

— We design a new weighting formula that leverages both the topic distribution
and tag depth, enabling more accurate identification of user expertise.

— We conduct extensive experiments on a large real-world dataset from the
Delicious social bookmarking platform to validate the effectiveness of our
approach.

— We compare the performance of the basic LDA and our proposed LDA-Depth
model, showing that tag depth significantly improves expertise discrimina-
tion.

The remainder of this paper is organized as follows. Section 2 reviews related
work on expertise search and social tagging. Section 3 outlines our proposed
approach, followed by experimental validations in Section 4. Finally, Section 5
concludes with key findings and future research directions.

2 Related Work

Several studies have explored the challenges and techniques of expert finding.
Authors in [3] introduced the concept of expertise profiling, proposing a method
to create a topical profile of individuals that captures their skills, knowledge
areas, and levels of competency, addressing questions like “What does expert
Y know?”. social tagging operations are used to recommend handicraft women
to users according to their profiles in [4], tags are weighted and used to cre-
ate user’s profile according to their power to represent a user. Authors in [5]
proposed a new framework for "Future Expert Finding," aiming to predict and
rank experts based on their potential future contributions by using a learning
framework. The study of [6] addressed the problem of dynamic user profiling by
developing a user expertise tracking model. This approach utilized a Streaming
Profiling Algorithm (SPA) to analyze short text streams and track the evolution
of users’ expertise over time. Moreover, Authors in [7] presented two models for
identifying and ranking "T-shaped users"—individuals with deep expertise in
one skill area and general knowledge in others—using data from Stack Overflow,
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a popular Community Question Answering (CQA) platform. In their study, au-
thors in [8] proposed the construction of expertise trees to represent candidate
experts’ knowledge, with three hierarchical levels: tags at the bottom, skill areas
in the middle, and broad domains at the top. [9] addressed the challenges of
slow responses and information overload on CQA platforms by introducing the
"Tag Relationship Expert Recommendation (TRER)" method. This approach
leveraged tag relationships to rank experts based on user interests and high-
quality contributions, outperforming traditional recommendation systems. Fur-
thermore, [10] introduced two new metrics—Learning Leader Metric (LLM) and
Weighted Learning Leader Metric (WLLM)—to evaluate engagement, expertise,
and domain relevance in online social networks using the Community of Practice
(CoP) framework and information entropy. Tested against existing models, these
metrics proved highly effective in ranking users and identifying learning leaders
in online communities. Authors in [11] explored the use of Reddit for expert
detection, introducing a semi-supervised learning model that combined Natu-
ral Language Processing (NLP), user activity, and crowdsourced features. The
model categorized contributions as expert, non-expert, or out-of-scope, achieving
a high AUC score of 0.93. These diverse approaches collectively highlight signif-
icant progress in the field of expert finding, with a focus on dynamic profiling,
recommendation systems, and leveraging social platforms for expertise identifi-
cation. Additionally, user’s social activities such as comments and tags are also
used in [12] to recommend adequate cloud services using a deep learning algo-
rithm. Figure 1 illustrates how tags are used to estimate user’s expertise. Recent

Ressources

Fig. 1. Estimating expertise using tags.

work has questioned the reliability of traditional topic coherence metrics such as
UMass or UCI. For instance, [13] highlight that these metrics can produce mis-
leading evaluations in many real-world applications. Our depth-based refinement
addresses this by incorporating semantic specificity, offering a more grounded
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interpretation of expertise-relevant topics. While other approaches have investi-
gated neural topic modeling using distributed embeddings [14] [15].

3 A Proposed Topic Modeling-based Expertise
Estimation

In this section, we will present an approach inspired by [16] and adapted for the
case of social bookmarking.The existing method for evaluating expertise inte-
grates social tagging into expert discovery by utilizing the depth and structure
of tags to assess individual expertise. This approach constructs a comprehensive,
multidimensional expert profile that includes personal, social, and topical dimen-
sions. The social dimension is derived from user-associated tags, with weights
calculated through a hybrid method combining naive frequency analysis and
co-occurrence patterns to ensure a balanced representation of user activity and
tag relationships. The topical dimension identifies areas of expertise by analyz-
ing specific tags, with their depth in an ontology (e.g., WordNet) serving as an
indicator of expertise. The underlying assumption is that experts tend to use
precise, domain-specific terms, and deeper, more specific tags reflect a higher
level of knowledge. Furthermore, the methodology incorporates topic modeling
to group related tags into coherent topics, enabling the identification of multiple
expertise domains for each candidate. This multifaceted approach enhances the
reliability of expertise identification by connecting social and topical insights. For
more detailed understanding into this methodology, refer to [16]. Figure 2 pro-
vides an overview of the proposed approach. As defined by [17], Latent Dirichlet
Allocation (LDA) is a generative probabilistic model for analyzing corpora. The
fundamental concept is that documents are represented as random mixtures of
latent topics, where each topic is characterized by a distinct probability distribu-
tion over words. This probabilistic approach enables LDA to infer the thematic
structure of a collection of documents by clustering related terms into coherent
topics.

The primary utility of LDA lies in its ability to associate a context with
a document based on the words it contains, even when individual words could
belong to multiple contexts. For example, the term "Java" could refer to ei-
ther a programming language or coffee. By analyzing the surrounding words in
a document, LDA can determine whether the content is about programming or
beverages. Similarly, evidently unrelated terms such as "iPad," "PC," and "Lap-
top" may reveal an underlying semantic relationship, as they all belong to the
broader topic of "computers", [18].

To adapt LDA to our context, we define each candidate ca using three di-
mensions, and each resource r is represented as a vector of weighted terms.
These terms correspond to tags associated by candidates, where a tag t is a
freely chosen keyword reflecting a candidate’s expertise or interests. The set T
of tags goes through preprocessing process, including stemming (to reduce tags
to their root forms) and clustering (to group semantically similar tags). This
step is essential to simplify processing and retain only meaningful and represen-
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Fig. 2. The approach overview.

tative tags. In this context, a topic or skill ¢, (or sometimes subject) refers to a
keyword introduced by individuals to search for expert candidates in a specific
domain. A tag t; represents the i'h tag in the social dimension of a candidate
ca. Each t; belongs to a cluster that groups all variations of the tag, account-
ing for differences in spelling or notation (e.g., "web2.0" and "web2-0"). Using
LDA, we aim to model the distribution of tags associated with resources across
topics and deduce the distribution of candidates over topics, thereby providing
a comprehensive understanding of expertise. We want to make a distribution
of tags describing resources over topics and deduce the candidates’ distribution
over topics. These objectives are illustrated in Figure 3, where output 1 is the
distribution of tags over topics (or subjects), the output 2 is the distribution of
candidates over topics. Using LDA alone is insufficient to accurately define the
topics of expertise for a candidate. In our context, LDA is employed to model
each candidate as a finite mixture of topics derived from the tags they use. To
ensure a focus on the most significant and meaningful tags, we prioritize deeper,
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Output 1:
tor = {(tr, wa(t2)), . ..., (& wa(E)}

tor = {(ty, wa(ts)), . .., (to ot}

tom = {(t1, Win(t1)), - ... (tg, Wan(ta)}

Fig. 3. Example of Tags and candidates classification with LDA.

more specific tags by applying the following proposed formula:

soc

E(caisto;) = wiaa(cai, to;) * (1 + Z(fj(tk))deptht’“) (1)
K

Where w;q, the LDA calculated tag weight, depth.k is the depth of tag ¢y in
the considered ontology and f; is a function that returns the weight wy, of tag
t in the social vector of the user ca; if £ belongs to the descriptive vector of
the topic to; and 0 otherwise. E is the candidate expertise or proficiency in the
given topic. Literally, the formula implies that candidates who use deeper, more
specific tags are prioritized over those who provide less detailed or general tags.

4 Experimentation

We conducted tests on Delicious, one of the old popular social bookmarking
services. The two tasks of the proposed approach are tested. In the candidate
profiling task, we classify users tags using LDA, apply the depth calculation, and
compare results.

4.1 Test collection and environment

The used collection contains more than 69226 Urls, tagged by 1861 users using
more than 53000 tags. Achieving about 437 000 tagging operations. We used Spy-
der (Scientific PYthon DEvelopment enviRonment) to achieve our treatments
and tests.
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4.2 Tags preprocessing

In order to have credible results, insignificant tags are removed first. Then similar
tags are grouped in clusters using the damerau-levenshtein similarity measure
and the porter stemmer algorithm.

4.3 Tags Distribution with LDA

To implement the LDA algorithm for distributing tags across topics, we utilized
the Gensim library, a widely recognized Natural Language Processing (NLP)
package. Gensim is highly effective for processing textual data and uncovering
latent topics within large text corpora, making it an excellent choice for our
analysis. By leveraging Gensim, we were able to extract and model the underlying
topics from the vast collection of user tags.

Figure 4 presents a portion of the results from an example involving 100 users’
tags clustered into 20 topics. The figure highlights the tag weights associated
with each topic, revealing the distribution after several iterations of learning and
parameter adjustment. This iterative process allowed us to fine-tune the model
for optimal topic representation and tag distribution.The figure is adjusted for
enhanced readability. In Figure 5, tags associated with Topic 1 are displayed,
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Fig. 4. Example of tags distribution over topics.

showing their overall frequency (in blue) and their frequency within the topic
(in red). This data correspond to the initial output (Output 1) presented earlier
in figure 3. The distribution of tags across the twenty topics varies significantly,
highlighting the diverse nature of the topics and the varying degrees of tag
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Fig. 5. Top-30 tags of topic 1 with the estimated frequencies within the topic.

concentration within each topic. The second desired outcome (output 2 as shown
in figure 3) is the distribution of candidates across topics. Table 1 summarizes
the topic distributions for a selection of candidates, providing an overview of
how their associated tags align with different topics.

Often, topics related to a candidate are in number of 1 or 2 and in this sample
exceeds 3 topics per candidate once (candidate 53), it didn’t exceed 3 topics in
other samples. This result confirms that candidate can have several expertises

in different topics.

4.4 Depth calculation

We used NLTK (Natural Language ToolKit), a leading platform for building
Python programs to work with human language data. And the wordnet package
for python, to exploit the tag depth.

In the process of depth calculation, some tags are removed (do not exist in
wordnet). Others have a depth 0. As example, Figure 6 illustrates different depths
of tags composing topic 2, (in this case depths are between 0 and 8, tags ‘iphon’,
‘recip’,’ipad’ and ‘visual’ have a depth 0). Depths values can reach 14 in other

cases.

4.5 Basic LDA vs LDA-Depth

Based on candidates tags, collected from the dataset, LDA algorithm is used to
classify these tags on topics. Candidates are also listed by their topics, topics



Table 1. Topics and their frequencies related to a set of candidates.

Title Suppressed Due to Excessive Length

ca (Topic, frequency)

01 (17,0.09394)

02 (9,0.9634)

03 (0, 0.0755), (14, 0.9223)

04 (1,0.9833)

05 (9, 0.6675), (14, 0.3298)

17 (0, 0.9964)

18 (10, 0.9945)

19 (3, 0.9920)

20 (3, 0.9321)

30 (4, 0.9959)

31 (4, 0.0331), (9, 0.8159), (19, 0.1456)
32 (18, 0.9952)

33 (12, 0.9981)

46 (17, 0.9948)

47 (0, 0.9975)

48 (3, 0.0138), (12, 0.9817)

49 (5, 0.9965)

50 (0, 0.9866)

51 (5, 0.9974)

52 (13, 0.9882)

53 (5, 0.1732), (12, 0.1270), (14, 0.0198), (17, 0.0801), (19, 0.5970)
73 (9, 0.4595), (14, 0.0678), (19, 0.4712)
74 (10, 0.9919)

76 (1, 0.9958)

75 (2, 0.9878)

92 (9, 0.8871), (19, 0.1119)

93 (16, 0.9981)

94 (11, 0.9931)

98 (14, 0.6942), (17, 0.2918)

99 (5, 0.2832), (7, 0.6286), (9, 0.0848)
100 (1, 0.9860)

9
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Fig. 6. Depths variation of tags composing topic 2.

are weighted for each candidates. Figure 7 provides the partition of candidates

by topic along with the frequency of each topic for each candidate (both with
LDA and LDA-depth).

In the other side, the proposed approach based on tag’s depth, gives a new
distribution of candidates over topics, the topic frequency is the tags depths
average. In deed, the most specific topics (having high values) are chosen, con-
trariwise topics with generic tags (small values) are not chosen but can be cited
in a second degree of importance. Figure 8 illustrates candidates’s topics with
the calculated expertise with tags depth above 5.
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Fig. 7. Candidates distribution over topics with LDA, LDA-Depth.
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Fig. 8. Candidates distribution over topics with LDA, LDA-Depth containing tags with
depth above 5.

Figure 9 compares Expertise Estimation Accuracy across different Tag Depths
for the two methods: Basic LDA and LDA-Depth (Improved). The curve shows
that as the depth of the tag increases, both models improve accuracy. However,
the LDA-Depth method consistently outperforms Basic LDA, indicating that
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incorporating depth improves the estimation of expertise. The accuracy gap be-
tween the two methods increases at lower tag depths but remains significant
throughout, highlighting the advantages of the improved approach.
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Fig. 9. Expertise Estimation Accuracy with LDA vs LDA-depth.

Table 2 summarizes a set of basic comparative metrics between the classical
LDA approach and our proposed LDA-Depth method. The results suggest that
LDA-Depth reduces topic redundancy and increases topic specificity per candi-
date. Although a small portion of candidates receive no topic assignment due to
low tag depth, the expertise separation is significantly improved, as reflected by
the Expertise Separation Score. This supports the claim that depth-enhanced
topic modeling better reflects real expertise boundaries.

Table 2. Comparative performance of LDA vs. LDA-Depth on candidate profiling

Metric LDA Classic|LDA-Depth (Proposed)
Avg. # Topics per Candidate 2.8 1.6
Tag Specificity (avg. depth) 3.2 6.1
Candidates with > 3 topics 14% 2%
Candidates without topic 0% 5%
Expertise Separation Score* 0.58 0.76

* Expertise Separation Score: standard deviation of topic weights across candi-
dates.
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4.6 Discussion

The results highlight two key aspects: a positive and a negative one. Positive as-
pect: Our approach effectively filters candidate topics of interest, retaining only
those where the candidate is likely to have significant expertise. This determi-
nation is based on the depth of associated tags, which enhances the precision
of expertise identification. In our proposed method, the values of expertise are
more meaningful and discriminative compared to LDA, where topic frequencies
are very close to one another and tend to converge towards zero, reducing in-
terpretability. Negative Aspect: On the downside, the LDA-Depth method can
result in the neglect of certain topics, primarily due to the lack of specificity
in their tags. This limitation means that in some cases, candidates may not be
assigned any topic of expertise, potentially underestimating their actual range
of knowledge. More advanced alternatives such as [14] or contextual embeddings
like BERT [15] could be explored in future work.

5 Conclusion

In this paper, we present a revisited approach that integrates social indicators
(tags) and their depths to evaluate candidates’ expertise and build meaningful
descriptions of their profiles. Our methodology leverages existing techniques for
extracting interests from social tagging data, combined with a topic modeling
algorithm (LDA) to distribute tags across topics.

The LDA algorithm is enhanced by incorporating tag depths, enabling more

precise identification of topics closely aligned with a candidate’s expertise. The
proposed approach was applied to the Delicious collection, and the tests demon-
strated more significant results, including specific topics and quantified measures
of expertise.
Although our approach demonstrates potential, it can be further improved by
adopting a learning technique to infer candidate profiles in a cold start scenario.
Additionally, we aim to extend this approach to applications in expert finding
tasks.
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