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Abstract

The exponential growth of community-driven knowledge platforms such as Stack-
Overflow has created a pressing need for effective recommendation systems that can
personalize content to users expertise and interests. This thesis presents a hybrid
recommendation approach that integrates semantic topic embeddings, temporal ac-
tiveness features, and reputation-based contribution metrics into a unified two-tower
neural recommendation framework.

To address the challenge of high-dimensional and composite tag vocabularies, a pre-
processing strategy was developed to adapt pretrained topic embeddings to over 10,000
StackOverflow tags, including hyphenated and dot-separated forms. User represen-
tations were constructed by aggregating embeddings of interacted tags, augmented
with features derived from activity patterns and reputation dynamics. Negative sam-
pling was employed using cosine similarity thresholds to differentiate relevant from

irrelevant tags, while candidate sampling ensured balanced evaluation across users.

Experimental results across multiple configurations demonstrate that topic embed-
dings provide a strong semantic baseline, but recommendation quality does not im-
prove with the addition of activeness and contribution features. The contribution of
this paper is an empirical insight that semantic topic signals dominate, and adding
activeness and reputational features naively reduces performance. The finding is con-
tradictory to the assumptions of other papers, such as IEA [22], on the fact that using
different types of features improves the result.
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Chapter 1
Introduction

The rise of digital technologies has significantly transformed the way knowledge is
created, shared, and accessed. Community Question Answering (CQA) platforms
have emerged as dynamic spaces where users collaborate by asking questions, pro-
viding answers, and engaging in discussions. Unlike static knowledge repositories,
CQA platforms evolve continuously through active user participation, fostering real-
time problem-solving and collective learning.

Stack Overflow [19], established in 2008, has become the foremost CQA platform for
programmers and developers worldwide. Hosting millions of technical posts, it serves
as a crucial knowledge hub where users build reputations based on the quality of their
contributions. Despite its success, Stack Overflow faces persistent challenges, such
as a considerable number of unanswered questions and inefficiencies in connecting
questions with the right expert users. Maintaining effective knowledge exchange and
high user engagement requires addressing these issues.

Tagging plays an important role in organizing content on Stack Overflow, helping
users find relevant posts[20]. However, user-assigned tags are often inaccurate or in-
consistent, particularly when added by less experienced members. This reduces the
discoverability of questions and contributes to the growing backlog of unanswered

posts.

Recommendation systems, widely adopted across domains like e-commerce and en-
tertainment, offer promising solutions by personalizing content delivery based on user
behavior and preferences. In CQA platforms, intelligent recommendation systems
can enhance knowledge sharing by suggesting newly posted or unanswered questions
to users best suited to answer them. Such systems not only improve response rates but
also strengthen community engagement.



This research draws on the principles of recommendation systems to address some of
the existing challenges on Stack Overflow. By improving the matching between ques-
tions and expert users, it aims to support a more efficient, dynamic, and responsive
knowledge-sharing environment.

1.1 Motivations and Scope

Question-and-answer (Q&A) websites like Stack Overflow are vital to the construc-
tion of software today and technical learning. These websites rely considerably on
community contribution to generate and sift content, with millions of users contribut-
ing answers to a wide range of technical questions. But the effectiveness of such web-
sites depends upon their ability to refer questions to the most appropriate users with
the appropriate knowledge and interest. In practice, most questions remain unan-
swered or are provided less-than-perfect responsesnot because there aren’t enough
knowledgeable users out there, but because the system can’t find and recommend the
appropriate contributors.

While existing recommendation systems have come a long way using state-of-the-
art machine learning models such as neural networks and large language models
(LLMs), they overlook user-level signals that are not related to question or answer
content. This effort draws inspiration from filling this gap using a user-centric rec-
ommendation approach. The focus of this study, therefore, is to create a methodology
that rigorously integrates user profile informationsuch as topic knowledge, contribu-
tion history, contribution patterns, and platform usageto build a more effective and

context-aware answerer recommendation system.

1.2 Problem Statement

Despite advances in technology for recommendation systems, Stack Overflow contin-
ues to have a large volume of unanswered or poorly answered questions. One of the
root reasons for this issue is the mismatch of questions with users who lack sufficient
expertise or interest in the specific topic. Current models primarily focus on content-
based features or advanced learning techniques, without considering rich user profile
information that can provide more insight into a user’s capability to contribute mean-
ingfully.

Therefore, the primary problem addressed by this research is: How do we improve an-



swerer recommendation in Stack Overflow by incorporating rich user profile features
including expertise and activity-based behavior, alongside existing content-based ap-
proaches?

1.3 Research Challenges

Building a proficient recommendation system for experts at Stack Overflow has sev-
eral subtle challenges. One of the key challenges is the Stack Overflow data dump,
in which many attribute values are null or missing, making it difficult for one to ac-
curately discover the user’s profile with respect to all their past contributions. Recent
user updates like changes in badges and reputation can be retrieved through the Stack
Overflow API, but the volume possible is restricted due to strict API rate limits and
the ever-increasing user population. This necessitates partial updates, which make it
impossible to build fully up-to-date user profiles.

In addition, another challenge is the inherent inconsistency in using a combination of
static data from the dump and dynamic data from the API that makes it impossible to
replicate real time behavior of a user, thus affecting the fidelity of the evaluation of the
recommendation framework. The challenges posed by the nature of data are modeled
user activeness, which is ironically difficult because the mode of engagement widely
varies over the course of time. Finally, extracting accurate semantic information from
question texts in Stack Overflow is made difficult because informal phrasing-for ex-
ample, ambiguity or non-standard detail-appears to be common among the queries
posted. All these points emphasize the complexity in building an expert recommen-
dation system that will be scalable and robust at Stack Overflow.

1.4 Contribution

This research makes the following contributions to the question-answer recommen-
dation field:

« A User-Centered Recommendation Framework: We propose a new framework
that departs from content-based models to a user profiling approach that cap-
tures topic knowledge, activity, activity pattern, and platform contribution mea-
sures.

« Integration of User Profile Attributes: Unlike with the numerous earlier at-
tempts that fail to consider user profile data, our solution integrates statistics
such as answer acceptance record, badge hierarchical levels, reputation trend,



and topic-based contribution, which together offer a closer estimate of user ca-
pability.

« A Practical Scoring Model: We design an explainable scoring system that com-
bines a few metrics to rank users so that more accurate and reliable recommen-
dations are made possible without relying on computationally expensive deep

learning models.

« Identification of Gaps in Current Literature: From a thorough literature review,
we identify the lack of integration of user profiles in current approaches and
create a need for an equilibrated approach that considers both content and user-
specific information.

We make this research work towards building a better, scalable, and interpretable sys-
tem for answerer recommendation, with possibilities of extension to other community

platforms.

1.5 Organization

This thesis is organized into several chapters to ensure a logical and coherent flow of
ideas.

Chapter 1, Introduction, outlines the background, motivations, problem statement,
research challenges, and contributions of the study.

Chapter 2, Related Works, reviews existing literature on expert recommendation sys-

tems, topic modeling, and user profiling, identifying gaps this research addresses.

Chapter 3, Proposed Methodology, describes the system design, methodological com-
ponents, and their integration, supported by architectural diagrams.

Chapter 4, Dataset Discussion, discusses the datasets used, highlights data limitations,

and explains how these challenges were handled.

Chapter 5, Conclusion, summarizes the findings, discusses the implications, acknowl-
edges limitations, and suggests directions for future work.

Together, these chapters provide a structured journey from problem identification to

solution development and reflection.



Chapter 2

Related Works

2.1 Semantic Clustering Model

Huanget al. [7] proposed this approach which combines semantic embeddings (Word2Vec)
and collaborative filtering (Non-negative Matrix Factorization, NMF) to suggest CQA
specialists. It preprocesses the posts in advance, maps text into TF-weighted Word2Vec
vectors (new semantic-aware representation), and groups them into implicit knowl-
edge areas using k-means (clustering technique) to prevent noisy user-labeled tags|7].
For recommendation, it covers content-based similarity (through domain clusters)
and NMF-based (traditional collaborative filtering) latent user-answer interaction scores
to counteract data sparsity. Early studies focused on link analysis and user behavior
(Jurczyk and Agichtein [8];), while graph-based browsing models addressed language
dependence and sparsity issues (Chiang et al. [1]). Other approaches explored ques-
tion difficulty (Hanrahan et al. [5]), voting behaviors (Zhang et al. [28]), and topic
modeling techniques like LDA and STM for user profiling (Riahi et al. [15]). Methods
relying on tags (Guo et al. [4]; Dong et al. [2]) often suffered from inaccuracy due to
user-generated noise. The paper’s novelty is in the hybrid model that combines se-
mantic post analysis and voting behavior of users to maximize the accuracy of recom-
mendation over tag-only or matrix factorization-only models[7]. But limitations are
reliance on Stack Overflow voting to identify quality, oversimplification in spaces em-
ploying k-means clustering, and vocabulary loss through excessive word filtering (e.g.,
1.3M to 5k words), all potentially at the cost of context-specific distinctions[7]. Finally,
overly sparse user-answer interactions are a problem for NMF, which acknowledges
scalability issues with sparse data.



2.2 Topic-Activity Hybrid Model

Earlier answerer-recommendation methods in CQA (e.g. Yang et al. [25]’s TEM) at-
tempted to infer the topical interests and expertise of the users through latent topic
models. Meng et al. [12] generalized this by formulating temporal activity models
(TTEA) and an activeness variant (TTEA-ACT) that combine answer and trendbased
activity. In contrast, the IEA method calculates for every answer candidate a com-
bined topical interest, expertise, and activeness score[22]. In practice, IEA first makes
an educated guess about a user’s topic-interest and expertise vectors from his/her past
questions and answers (with a TEM-like model) and then calculates an activeness
measure that incorporates both answering and commenting activity . The overall
score is then calculated by simply multiplying these three components[22]. Comment-
based activeness being included is IEA’s biggest innovation, and it performs recom-
mendation more accurately than TEM, TTEA or TTEA-ACT. Wang et al. [22] men-
tion that the technique merely multiplies these components without further weight-
ing, and it has been evaluated on StackOverflow data only. Also naive multiplicative
scoring exclude complex interactions, vote score is used as ground truth where ideal

answerers are assumed.

2.3 Behavioral Classification Model

Roy and Singh [17] focus on identifying future experts at an early stage of their com-
munity participation. Instead of ranking established high-reputation users in prior
research that required extensive user history, such as ExpertiseRank (Zhang et al.
[28]), graph-based ranking (Jurczyk and Agichtein [8]), and hybrid authority rep-
utation models (Yang et al. [25]), their early expert prediction model aims to spot
promising experts newcomers who have begun contributing high-quality content
using only the first month of user activity[17]. The proposed methodology extracts
features from a users initial questions, answers, and feedback (votes) in that initial
period and trains a predictive model to forecast whether the user will go on to be-
come a top expert in the community. Empirical evaluation on CQA data (drawn from
Stack Exchange archives) shows that this approach can accurately distinguish future
experts from ordinary users even with limited observation data[17]. In fact, Roy and
Singh [17] report high predictive performance, suggesting that early contribution pat-
terns such as answering frequency, answer acceptance rate, and community appreci-
ation are strong indicators of long-term expertise development. This is a significant
methodological shift from knowledge embedding (Yuan et al. [27]), and time-evolving



expertise models (Van Dijk et al. [21]). One benefit of early prediction is enabling plat-
forms to engage rising talents (through incentives or question routing) before unan-
swered questions pile up[17]. However, the approach assumes that short-term be-
havior is reliably indicative of future potential; it may miss late-blooming experts or
falsely identify users who show early promise but later drop off[17]. The studys pos-
itive results, nonetheless, highlight that incorporating temporal dynamics and user
growth trajectories can complement existing expert recommendation systems, mov-
ing beyond static expertise rankings to a more predictive, lifecycle-oriented view of

community experts.

2.4 Comprehensive Review Model

Yuan et al. [27] provide a comprehensive survey of expert finding techniques in com-
munity question answering, comparing approaches and identifying trends. They cat-
egorize existing solutions into four groups: matrix factorization-based models(Hu et
al. [6], Salakhutdinov et al. [18], Liang and De Rijke [11]), gradient boosting deci-
sion tree (ensemble) models, deep learning models(Ying et al. [26], Wei et al. [23]),
and ranking models. An interesting insight from their survey is that, on a standard
benchmark (Toutiaos ByteCup competition data), classic MF-based models outper-
formed the other categories on average, highlighting the strong performance of latent
factor methods in this domain. However, the authors note that top-performing sys-
tems often combine multiple model types for example, ensemble methods that blend
factorization with neural or tree-based predictors yielded further performance boosts
in the ByteCup challenge[27]. The review also discusses how different models fare
on various matching scenarios (pure text matching vs. graph-based or multimodal
contexts), providing guidance on model selection for practitioners[27]. Moreover, the
paper emphasizes emerging considerations unique to CQA, such as user willingness
to answer, answer quality, and dynamic behavior, which traditional expert finding
methods did not fully address. The survey concludes that while substantial progress
has been made e.g., incorporating social graphs and deep contextual language models
the field is moving towards hybrid models and fairness-aware, real-time expert recom-
mendation[27]. It identifies open challenges like data sparsity (many new questions
and users), and suggests that future research should explore richer user profiling (in-
cluding temporal activity and incentives) to further improve expert finding in online

communities.



2.5 Embedding-Based Semantic Disambiguation Model

Efstathiou et al. [3] present a domain-specific word embedding model aimed at im-
proving semantic understanding in software engineering Q&A contexts. They trained
a Word2Vec model on 15 GB of Stack Overflow posts to capture the nuanced meaning
of technical terms and jargon in this domain [3]. The resulting vector representations
(dubbed SO Word2Vec) can effectively disambiguate polysemous words (e.g., Java as a
programming language vs. coffee) by leveraging the software-related contexts present
in the data. The authors illustrate that these embeddings encode fine-grained seman-
tic relationships (for example, clustering of library names or error codes), which im-
plies their potential transferability to various information retrieval and mining tasks
in software engineering[3]. A notable benefit of the SO-specific embeddings is the
boost in relevance when matching technical content, compared to general-purpose
embeddings|[13] which often miss subtle domain meanings[3]. One limitation is that
the model is trained on posts up to 2018 and may require updates as technology and
vocabulary evolve. Additionally, these embeddings serve as an improved input rep-
resentation that can be integrated into broader CQA expert finding frameworks for
better semantic matching.

2.6 Domain-Aware Embedding Model

Huang et al. [7] proposes an expert recommendation framework that moves beyond
manual tags by learning knowledge domain embeddings from CQA content. Their ap-
proach first trains distributed word embeddings on a large archive of Stack Overflow
posts, then clusters these embeddings to uncover latent knowledge domains essen-
tially topics or subfields emerging from how terms co-occur in technical discussions
[7]. High-quality Q&A pairs are identified and assigned to these latent domains, and
users expertise is quantified by their contributions within each domain (e.g. number
of accepted answers or upvotes in that domain). To mitigate sparse participation data,
they apply matrix factorization to the user-domain activity matrix, inferring missing
associations and strengthening the expertise signals. When a new question arises, it
is mapped into the same semantic domain space, and the system recommends users
with top rankings in the relevant domain. Experiments on the Stack Overflow dataset
demonstrated that this method, which the authors extend from an earlier conference
version, outperforms baseline models that rely on explicit tags or basic topic mod-
els[7]. In particular, it surpassed prior topic modeling approaches (e.g., Riahi et al.
[15]’'s LDA-based model and Dong et al. [2]’s SSRM) in precision@N and nDCG, in-



dicating more accurate and high-quality expert rankings [7]. The models strength
lies in automatically discovering topic structure from data and incorporating content
semantics, which improved recommendation stability across varying query loads. A
potential limitation is the reliance on unsupervised clustering to define expertise do-
mains the chosen number of clusters and their coherence can impact performance.
Nevertheless, this embedding-based approach offered a novel way to capture experts
knowledge areas and showed robust gains over state-of-the-art methods on multiple
large-scale CQA datasets.

2.7 Graph-Semantic Fusion Model

Wu et al. [24] introduces LG-ERMG, a multi-granularity hybrid method that combines
Lightweight Graph Convolutional Networks (LightGCN) with multi-granularity se-
mantic encoding to better support expert recommendation for Community Question
Answering (CQA). Classical methods (e.g., BM25[16], Doc2Vec[9]) are based on key-
word matching or topic models, whereas more recent neural methods (e.g., CNTN[14],
NeRank[10]) employ CNNs or heterogeneous network embeddings but ignore graph-
structured relationships. LG-ERMG proposes two innovations. The first one is Light-
GCN, which reduces regular GCNs by eliminating nonlinear activations and self-loops
to consider only graph topology to enhance efficiency and avoid overfitting. And an-
other is a multi-granularity encoder that calculates semantic similarity at word, ques-
tion, and expert-levels with Transformers and attention mechanisms. This combi-
nation captures both structural expert relationships as well as fine-grained semantic
matches. The model attains state-of-the-art performance, beating baselines by 515%
on NDCG@10 and MRR, showing that integrating graph-based expert interactions
with hierarchical semantic analysis greatly improves recommendation accuracy. The
model ignores temporal dynamics (e.g., changing expert interests). It also has cold-
start issues for new questions/users. It requires careful hyperparameter tuning (e.g.,
embedding dimension).

2.8 Comparative analysis

The diverse expert recommendation models in CQA platforms adopt fundamentally
different strategies. CQARank uses a probabilistic topic model (Topic Expertise Model)
to learn latent topic-expertise profiles from question text and user activity, then ap-
plies a topic-sensitive PageRank-like algorithm over the question-answer network to
rank users by expertise [25]. This joint modeling of topical content and link struc-



ture enables identification of users who not only share topical interests with a new
question but have proven authority through community endorsement. Experiments
showed CQARank significantly outperformed pure topic models by leveraging both
text and network signals [25]. However, CQARanks authors noted that user inter-
ests and expertise evolve over time a dimension their model did not capture [25].
The Topic-Activity Hybrid Model (IEA) represents a next step, explicitly integrating
a users current activeness with their topical expertise. IEA combines three compo-
nents long-term topical interest, historical expertise, and short-term activity level to
recommend answerers for new questions [22]. By analyzing not just past questions
and answers but also comment behavior, IEA captures the intuition that an expert
must be both knowledgeable and presently active in the community [22]. In prac-
tice, this hybrid modeling of content and recent behavior led to notable performance
gains. Wang et al. report that IEA outperforms earlier models focused only on topics
or only on activity, achieving higher ranking accuracy and correlation with ground
truth experts than methods like TEM or TTEA-ACT [22]. Still, IEAs notion of active-
ness addresses availability in the very short term and relies on historical data; it does
not fully model longer-term expertise drift, leaving room for more fine-grained tem-
poral modeling. Other models like an Embedding-Based Semantic Disambiguation
Model leverages domain-specific word embeddings to interpret technical questions
and answers with greater nuance. For example, Efstathiou et al. train a Word2Vec
model on 15GB of Stack Overflow text, yielding vector representations that capture
software engineering jargon in context [3]. Such embeddings disambiguate polyse-
mous terms by encoding their meaning within the programming domain, thus im-
proving matching between question and answer content [3]. Instead of clustering
users or tags by coarse topics, this approach embeds questions and users in a con-
tinuous semantic space where similarity is informed by expert community language.
In a related vein, the Domain-Aware Embedding Model (knowledge domain embed-
dings) extracts latent knowledge categories from the text to enhance expert profiling.
Huangetal. [7] propose to cluster question and answer content based on semantic em-
beddings, deriving knowledge domains that go beyond noisy user-assigned tags [7].
High-quality posts are mapped to these latent domains, and users expertise is quanti-
fied by their contributions in each domain [7]. A users domain-specific expertise score
can then be used to route new questions to those who have excelled in the relevant
domain. To combat data sparsity a chronic issue in CQA the model employs matrix
factorization on the user-domain engagement matrix, filling in gaps by learning latent
factors [7]. This domain-focused semantic clustering mitigates problems like incor-
rect tagging and sparse activity by inferring a richer representation of expertise from

10



text. Compared to purely behavioral or network-based methods, embedding-centric
models place heavier emphasis on content meaning, which helps address the lexi-
cal gap between askers and potential answerers. In contrast, graph-based approaches
emphasize the relational structure of the community, often fusing it with semantic
modeling. The Graph-Semantic Fusion Model (LG-ERMG) constructs a graph where
nodes are users (experts), and edges link users who have answered similar questions,
capturing the implicit network of expert relationships [24]. A lightweight Graph Con-
volutional Network (LightGCN) propagates information on this expert graph, so that
an individuals representation is enriched by the expertise of their neighbors [24]. At
the same time, LG-ERMG encodes textual information at multiple granularities: it
uses attention-based Transformer encoders to model word-level, question-level, and
expert-level semantics for matching a new question with a candidates past answers
[24]. By combining a deep semantic matching module with a graph-based expert
representation, the model captures both the content relevance and the community
context of each expert. This comprehensive approach yields more accurate expert
rankings, as evidenced by experiments showing it outperforms earlier neural models
on Stack Overflow data [24]. Deep architectures (especially those using Transform-
ers or large graphs) can be computationally intensive, which may impede real-time
recommendation. LG-ERMG mitigates this by using a simplified GCN with no costly
activation functions, striking a balance between model complexity and efficiency [24].
Meanwhile, The Behavioral Classification Model (early expert prediction) shifts focus
from matching questions to known experts toward identifying emerging experts in the
community. Roy and Singh (2024) present a representative approach, training a clas-
sifier to recognize promising experts from their first few weeks of activity on the site
[17]. These are new users who have shown glimpses of providing high-quality contri-
butions shortly after joining. The model examines features of user behavior such as
the number of answers contributed in the first month, answer acceptance rate, and
reputation gained, in order to predict who is likely to become a top answerer in the fu-
ture [17]. This is fundamentally different from content- or graph-based ranking mod-
els: it is a proactive expert discovery mechanism rather than a per-question matching
algorithm. In practice, an early expert prediction model can complement other rec-
ommendation systems by alleviating the cold-start problem on the answerer side new
high-potential users can be recommended even before they have amassed a long an-
swer history. The trade-off is that a classification approach does not directly ensure
topical alignment for a given question; it spots generally talented participants. There-
fore, it is best used in concert with content-based filtering or as an enhancement to ex-
isting ranking frameworks. A comprehensive survey by Yuan et al. (2020) categorizes

11



Table 2.1: Simple comparison of models in Sections 2.4-2.7.

Model / Paper Type Core idea Best when...

Yuan et al. [27] Survey MF/GBDT/DL/ranking; ensembles strong  Selecting families or hybrids
efstathiou2018word  Embedding SO-specific Word2Vec for SE terms Need stronger text features
Huang et al. [7] Hybrid Latent domains + MF for sparsity Noisy tags; sparse data

Wu et al. [24] Graph+Semantic ~ LightGCN + transformer encoder Rich graphs; maximize accuracy

expert finding techniques into matrix factorization (MF), gradient-boosted decision
trees, deep learning, and ranking-based methods [27]. Their review highlights that
collaborative filtering-style approaches (e.g. MF-based models) often achieve strong
results in the inherently sparse crowdsourced setting of CQA [27]. The ability of MF
models to learn from sparse question-answer interactions (by factorizing userquestion
matrices) gives them an edge in cold-start scenarios typical of community forums [27].
On the other hand, purely content-driven or graph-driven models can falter when ei-
ther textual overlap or network links are insufficient, whereas MF can infer latent
associations [27]. The survey also notes that no single method is universally best: en-
semble models that combine multiple techniques tend to outperform any individual
model [27]. For instance, a hybrid model blending textual relevance, user behavior
features, and social graph metrics could leverage the strengths of each approach. This
insight reinforces what the evolution of CQA expert recommenders has shown effec-
tive systems are those that unify multiple evidence sources. In summary, the state-
of-the-art has progressed from basic rankers and classifiers to sophisticated hybrids.
Each model type be it semantic clustering, topic-activity hybrid, graph-semantic fu-
sion, embedding-based, or behavioral prediction contributes a piece of the overall
solution. Their comparative performance often depends on the context: the volume
of data, the time-sensitivity of the task, and the importance placed on different eval-
uation criteria.

2.9 Identified Gaps and Research Opportunities

Despite substantial progress, current CQA expert recommendation systems still face
several enduring challenges that point to opportunities for future research. One fun-
damental issue is the cold-start problem, affecting both new questions and new users.
CQA platforms continuously see novel questions posed on emerging topics and new
participants joining with little or no activity history. Data sparsity is inherent in these
scenarios: there may be no past question exactly like a new one and no prior answers
from a newly arrived user. Consequently, models that rely heavily on historical pat-
terns struggle to make confident recommendations for these cold-start cases. As Wu
et al. [24] observe, when confronted with fresh questions or users, the limitations of
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models trained on static, accumulated data quickly surface [24]. New questions and
experts require time to accumulate sufficient data before traditional algorithms can
properly evaluate them [24]. Alleviating cold-start effects remains a priority. One
strategy is to incorporate richer side information or cross-platform data. For exam-
ple, leveraging user profiles or external knowledge (like tags from related domains or
a users activity on other technical forums) could provide initial signals about exper-
tise. Another strategy is exemplified by early expert prediction models: by identify-
ing promising experts from their early behavior, the system can proactively recom-
mend those users even before they have lengthy answer histories [17]. This expands
the pool of answerers and injects fresh expertise into the community, addressing the
cold-start shortage of recognized experts. A closely related gap is the dynamic na-
ture of user expertise and interests. Most existing models treat user expertise as rel-
atively static derived from a cumulative history of answered questions and do not
account for how a users knowledge profile can shift over weeks, months, or years.
In practice, however, technology domains evolve and so do individual interests; an
expert in one area may lose engagement or transition to new topics over time. Ig-
noring these temporal dynamics can degrade recommendation quality, for instance
by suggesting an expert who was prolific in the past but is no longer active or up-
to-date. The need for temporal awareness has been explicitly recognized in the liter-
ature. Yang et al. (2013) pointed out that capturing how interests and expertise of
users change with time could make CQA recommendations more effective [25]. Re-
cent works have started to incorporate temporal modeling for example, time-aware
collaborative filtering and recurrent models that update user representations as new
data comes in. Wu et al. [24] highlight that current systems perform well on static
datasets, but their performance limitations gradually emerge as time passes and new
content arrives [24]. To address this, future systems might include time-series anal-
ysis components that explicitly track trends in questions and experts activity levels.
A promising direction is developing algorithms for dynamic profile updates, whereby
an experts vector representation or topic distribution is adjusted in real-time as they
answer questions in new areas. Incorporating timestamped information such as the
recency of a users last contribution or temporal decay functions for expertise can help
ensure the recommended experts are not only relevant by past record but also cur-
rently engaged and knowledgeable about the latest topics. Some initial models (e.g.
TCQR and RMRN) have begun to integrate temporal signals like question timestamps
and user activity sequences to capture such evolution, but there is ample room to re-
fine these methods for better accuracy and efficiency. Another persistent challenge
is ensuring scalability and real-time applicability of expert recommenders. Leading
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CQA sites receive a continuous stream of questions (Stack Overflow, for instance, can
get thousands of new questions per day), which demands that recommendation algo-
rithms operate under tight time constraints. Complex models involving deep neural
networks or large graphs, while accurate, can be computationally expensive to update
and query for each new question. This raises a gap between offline model training and
online deployment. Research is needed on efficient inference methods from index-
ing strategies for semantic vectors to incremental graph update techniques that allow
the richness of modern models to be used in production environments. Simplified ar-
chitectures like LightGCN in LG-ERMG are one response to this issue, showing that
careful model design can cut down computation while maintaining accuracy [24].
Future work may explore distillation of large models into lighter versions or the use
of approximate nearest-neighbor search in embedding spaces to retrieve candidate
experts quickly. The goal is to enable a system that can recommend experts almost
instantly after a question is asked, which is crucial for reducing the time-to-answer
and improving user satisfaction on CQA platforms. One area that has only recently
garnered attention is fairness and diversity in expert recommendation. Existing al-
gorithms predominantly optimize for answer rate and quality finding the single best
expert for a question but may inadvertently create unfair outcomes in the community.
For instance, models often favor users with high past activity or reputation, which can
lead to a loop where a small group of already-established experts is recommended for
the majority of questions. While this may maximize short-term performance, it side-
lines capable newcomers and can concentrate opportunities and rewards among a few
individuals. The literature has noted that the willingness of experts and their band-
width to answer questions are factors often ignored [27]. If the same top experts are
overloaded with requests, they might not answer promptly (or at all), and unanswered
questions accumulate even when other knowledgeable users exist [27]. Ensuring fair-
ness could involve introducing diversity in recommendations rotating among a set
of qualified experts instead of always picking the top-ranked, or personalized expert
suggestion that sometimes favors up-and-coming contributors. Moreover, incorpo-
rating expert willingness and availability is an important direction. An expert who
is technically qualified but currently unavailable (due to being offline or busy) is not
an ideal recommendation. Future systems could benefit from predicting not just who
knows the answer, but who is likely to respond for example, by learning from past
responsiveness or by allowing experts to indicate when they are open to answering
questions. Such features would align the systems behavior more closely with the com-
munitys collaborative nature and alleviate the burden on a handful of users. Beyond
these challenges, there are several emerging opportunities to enhance expert finders.
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One is hybrid modeling that goes further in combining signals: we have seen content,
network, and behavioral data each improve recommendations, so an obvious next
step is a unified framework incorporating all three. Some recent work already moves
in this direction (for example, Kundu and Mandal (2019) blended textual similarity
with network centrality to outperform single-factor models), but more sophisticated
fusion possibly using graph neural networks that input text embeddings and user in-
teraction features together could yield even better results. Another opportunity lies
in cross-domain and cross-platform knowledge sharing. If an expert recommenda-
tion system can tap into multiple CQA communities or related forums (e.g. using a
knowledge graph that links topics across sites), it might identify experts who are active
elsewhere and recommend them to answer questions in a new community facing a
shortage of experts. Early attempts like a cross-platform feature alignment model for
CQA sparsity indicate the feasibility of such approaches. Additionally, explainabil-
ity of expert recommendations could be valuable: providing askers with a rationale
(e.g. Recommended because this user has answered many Python networking ques-
tions with high score) can build trust in the system and help calibrate expectations.
While current research has largely focused on prediction accuracy, making these sys-
tems transparent and controllable is a ripe area for exploration. Finally, incorporating
contextual and content evolution for example, recognizing when new technologies
or terminologies emerge in questions can help keep the expert recommendation rel-
evant in fast-moving domains. This might involve periodically retraining language
models on recent CQA data so that the system understands novel jargon or trending
topics. In summary, the path forward for CQA expert recommendation lies in ad-
dressing its long-standing pain points (cold-start, temporal dynamics, data sparsity,
fairness) while leveraging modern techniques (hybrid deep models, online learning,
knowledge graphs) to build systems that are not only accurate but also adaptable and
efficient.

2.10 Summary

Expert recommendation in community question answering (CQA) has evolved signif-
icantly, integrating information retrieval, machine learning, and social network anal-
ysis to match seekers with suitable experts. This review highlights models ranging
from early graph-based rankers and behavioral classifiers to advanced semantic and
neural approaches. Early models focused on user interaction patterns, while later
ones incorporated content semantics and hybrid signals. Models like CQARank and
IEA improved expertise ranking by adding topic preferences and activity levels, while
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LG-ERMG and domain-specific embeddings enhanced understanding and expert pro-
filing.

However, no single method is sufficient; the best-performing systems combine mul-
tiple techniques. Ensemble models that blend classification, collaborative filtering,
and content-based ranking tend to offer the most robust performance. Challenges
like cold-start issues, evolving expertise, and fairness remain, but current research is
addressing these gaps. Future models are expected to be more adaptive, inclusive, and
responsive, incorporating temporal modeling, fairness-aware algorithms, and real-

time updates to improve expert recommendation systems.
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Chapter 3

Proposed Methodology

3.1 Overview

This work builds a production-style, two-tower recommendation pipeline for Stack-
Overflow questions that combines semantic topic embeddings, behavioral (active-
ness) features, and contribution (reputation) features. The system objective is to rank
candidate users for each questions so that the users with interacting with questions
appear near the top of the list. The core ideas are:

« Represent every tag and question in a 200-dimensional semantic space using a
pre-trained topic embedding model (user supplied)

« Converteach users historical topic interactions (multi-hot counts + badge weights)
into a single user topical vector by a weighted sum of tag embeddings

« Augment that topical vector with compact activeness and reputation-derived
features to create alternative user representations (200, 207, 216 dims)

« Generate training and evaluation candidate sets by sampling 50 candidates per
user (maximum 25 positives) and construct negatives deterministically by se-
mantic dissimilarity (cosine similarity < 0.5) with the user embedding. The 0.5
cutoff acts as a hyperparameter controlling the strictness of negative sampling.
It could, in principle, be tuned empirically, but 0.5 was chosen as a theoretically

reasonable midpoint reflecting semantic independence in cosine space.

« The selection of the engagement features (seven activeness-related and nine
reputation-related metrics) was treated as a design hyperparameter rather than
an exhaustively optimized configuration. In principle, the exact number and

combination of engagement metrics, their normalization schemes, and the way
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they are appended to topic embeddings could be fine-tuned empirically for opti-
mal performance. However, for this study, a representative and balanced subset
of features was randomly chosen to explore the general impact of incorporating
engagement signals into the user tower. The aim was to assess whether user en-
gagement information contributes meaningfully to the recommendation perfor-
mance, rather than to identify the exact optimal feature configuration. Hence,
the chosen feature set serves as a reasonable and interpretable starting point for
demonstrating the feasibility of engagement-aware modeling, with potential for
further refinement in future work.

« Train/evaluate a two-tower model (user tower that accepts 200/207/216D and a
question tower with 200D input) that scores each candidate via a dot product of
the towers outputs; evaluate with top-k metrics (Precision, Recall, F1, NDCG)

computed on the sampled candidate sets.

Tagwise

) Questions count  ——
Historical Answers count

Quesi Comments count
uestions

Answers &
Comments

Tagwise
Bages

Timestamps of

User Question Questions’
Tower Tower Tags

Questions,
Answers &
Comments

Reputation
Yearly Reputation Change

Figure 3.1: Overview of our Architecture

3.2 Detailed Methodology

Tag Embedding Construction

StackOverflow tags often contain hyphenated or dot-connected words (e.g., .net-core).
Since the pretrained topic embedding model does not include such composite forms,
each tag T was decomposed into its constituent words:

T = {w;, w,, ..., Wi}
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Figure 3.2: Overview of the Embeddings

The embedding of tag T was then computed as the mean of the embeddings of its valid
subwords:

1
er = E €y,
T v(n)| l

where V(T) is the set of subwords present in the embedding vocabulary, and e, is the
embedding of word w;.

User Embedding Construction

For each user U, a multi-hot encoding vector m;; was created, where m;(T) = 1 if
user U has interacted with tag T, and 0 otherwise. The user embedding was then
derived as:

ey = Z my(T) - ey.
T
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Negative Sampling Strategy

To distinguish relevant from irrelevant tags, negative samples were generated using

cosine similarity:
eU * eT

leullllerll’

A tag T was considered a negative interaction for user U if:

cos(ey, er) =

cos(ey,er) < 0.5 and my(T) =0.

Candidate Sampling

For each user U, the candidate set C;; was formed as:
CU = PU ) NU,

where Py, is the set of at most 25 positive interactions, and Ny, is a set of negatives
sampled to ensure that |C;| = 50 for each user.

Activeness Features

User activeness was modeled using temporal features extracted from their activity his-
tory:

« total activities

« days active

« average daily activity

« activity variance

« most active hour

« weekend activity ratio

« recent activity days

Contribution (Reputation) Features

Contribution features were derived from StackOverflows reputation system. For each

user U, the reputation vector was defined as:
« reputation

+ log(reputation)
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« reputation change yearly
« reputation growth

« reputation tier

« is growing

« isdeclining

« isstable

« high growth

3.3 Integration and Interconnections

The three components topic embeddings, activeness, and reputation were integrated
into a unified user representation. For topic embedding we used a topic embedding
model that was trained on stackoverflow data for software domain efstathiou2018word.
For each user U, the final feature vector was constructed by concatenation:

fy =ley || ay || Tyl

where || denotes vector concatenation. This representation captures both semantic
affinity to topics and behavioral attributes of users, allowing the recommendation

model to learn nuanced patterns of engagement.

3.4 Summary

The methodology establishes a hybrid approach that combines semantic embeddings
with behavioral and reputational signals. By systematically constructing tag and user
embeddings, applying negative sampling with cosine similarity thresholds, and aug-
menting with activeness and contribution features, the system builds a robust rep-
resentation for recommendation. Candidate sampling ensures balanced evaluation,
and downstream visualizations and similarity analyses further validate the represen-
tational quality.
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Chapter 4

Datasets

4.1 Overview

The dataset for this study was obtained from the Stack Exchange Data Dump (April
2024). Among the various subdomains included in the dump, we focused exclusively
on the Stack Overflow dataset. The dump was provided in XML format and con-
tained several structured files, each documenting a specific type of platform interac-

tion:

+ Posts.xml - Contains all non-deleted posts (questions and answers) with at-
tributes such as PostTypeId (1 = question, 2 = answer), CreationDate, Score,

ViewCount, Tags, AnswerCount, CommentCount, and FavoriteCount.

« PostLinks.xml - Captures relationships between posts, such as duplicate links

and related questions.

+ PostHistory.xml - Records historical changes to posts, including edits and
community wiki conversions.

« Comments.xml - Provides data on comments linked to posts, including PostId,

Score, CreationDate, and UserId.

« Users.xml - Contains user profiles, including Id, Reputation, CreationDate,
UpVotes, and DownVotes.

« Badges.xml - Lists badges awarded to users, including UserId and Name. No-
tably, tag-based badges were absent in the dump.

« Tags.xml - Provides metadata about tags used to categorize questions.
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« Votes.xml - Documents voting activity on posts, including upvotes, downvotes,

and accepted answers.

Although the dump is released quarterly and nominally represents three months of
activity, inspection revealed that the Posts file only included questions and answers
from January 1 to January 10, 2024. Within this window, the dataset comprised ap-
proximately 26,000 questions, 36,000 answers, and interactions from nearly 30,000
users. While comments extended beyond January 10, the majority of substantial ac-
tivity was concentrated within this shorter interval. In addition, an important limita-
tion of the dump was the absence of tag-based badge information, which is a key
indicator of user expertise in specific domains.

4.2 Data Preprocessing

The raw Stack Overflow data obtained from the dump was provided in XML format.
While XML preserves hierarchical structures, its large file size and nested attributes
made it unsuitable for direct analysis. Therefore, as the first step of preprocessing, all
XML files were parsed and converted into CSV format. This transformation simpli-
fied the dataset into a tabular structure, allowing for efficient indexing, filtering, and
integration with common data analysis tools.

During the conversion process, only the attributes relevant to this study were retained,
while non-essential fields were discarded. For example, question titles, full bodies of
posts, and comment texts were excluded to avoid unnecessary complexity and reduce
storage requirements. Instead, structural and interaction-related features were pre-
served, such as identifiers, tags, creation dates, and activity counts. This ensured that
the dataset remained focused on features directly useful for the recommendation sys-
tem.

Since the Posts file only contained records from January 1 to January 10, 2024, tem-
poral filtering was applied to restrict the dataset to this period. This step reduced the
overall size of the dataset while still capturing a sufficiently large and recent sample
of questions, answers, and comments for the analysis.

To address the missing tag-based badges, the Stack Exchange API was used. In par-
ticular, the /users/{ids}/badges route provided all tag based badges and named
badges. Also the /users/{ids} route provided the reputation value and reputation
changes data. However, due to the APIs daily request limit of 10,000 calls per IP ad-

dress and observed throttling, data collection was restricted to the lastest interactions.
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And our data dump provided interactions up to January 10, 2024. So we only con-

sidered interactions and users who had participated within the January 1-10, 2024

window. The retrieved badge information was then integrated with the dataset, en-

riching the user-level features.

As a result of these preprocessing steps, the final dataset used for this study consisted

of the following features:

Posts (Questions and Answers): IDs, tags, creation dates, answer counts,

scores, view counts, ownership status, comment counts, and favorite counts.
Comments: IDs, associated post IDs, user IDs, creation dates, and scores.
Users: User IDs and reputation information.

Tag-based Badges: Retrieved from the Stack Exchange API and linked to users
as indicators of topical expertise.

Reputation and Reputation changes: Retrieved from the API. However as
only the yearly reputation value is non zero for most users, we only considered
the reputation value and the yearly reputation change.

This preprocessing pipeline transformed a large, heterogeneous XML dump into a

refined dataset that was consistent, manageable, and sufficiently enriched to support

the development and evaluation of the proposed recommendation model.
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Chapter 5

Results and Discussion

5.1 Results
This section evaluates the proposed Stack Overflow recommendation system under
three userrepresentation configurations:

1. Configuration 1 (200D): Topic embeddings only.

2. Configuration 2 (207D): Topic embeddings + activeness features.

3. Configuration 3 (216D): Topic embeddings + activeness features + contribu-

tion features.

For each configuration, the system was analyzed using evaluation metrics (Precision,
Recall, F1-score, and NDCG), dimensionality reduction visualizations (PCA and t-
SNE), and similarity heatmaps. The use of candidate sampling in evaluation should
be noted, as recall values reflect retrieval within a sampled candidate pool rather than

the entire StackOverflow dataset.

5.1.1 Evaluation Metrics

+ Precision@k measures how many of the top-k recommended items are relevant.

Higher precision implies more accurate recommendations.

« Recall@k measures how many of the relevant items appear in the top-k recom-
mendations. Higher recall implies broader coverage.

« Fl-score@k is the harmonic mean of precision and recall, balancing accuracy

and coverage.
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+ NDCG@k (Normalized Discounted Cumulative Gain) accounts for ranking qual-
ity, giving higher credit when relevant items are placed near the top of the rec-
ommendation list.

Together, these metrics provide a holistic view: precision and NDCG focus on accu-

racy, recall emphasizes coverage, and F1 provides balance.

5.1.2 Comparative Results
Configuration 1 (200D, Topic Embeddings):

This configuration consistently achieved the best performance, with Precision@5 =
0.504, Recall@10 = 0.856, and NDCG@10 = 0.701. The strong NDCG indicates that
relevant users were ranked higher, showing that the model was not only retrieving
correct candidates but also ordering them effectively.

o Evaluation Metrics Comparison

k=10
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Figure 5.1: Configuration 1 (200D, Topic Embeddings).

Configuration 2 (207D, +Activeness Features):

Adding activeness features led to a slight drop in precision and NDCG values. Recall
remained competitive (0.855 @10), but the overall balance between correctness and
ranking quality was weaker. This suggests that temporal activeness patterns did not
add discriminative power to the recommendation task.

Configuration 3 (216D, +Activeness +Contribution Features):

Performance further degraded with the inclusion of contribution features. While Re-
call@10 (0.842) stayed relatively high, precision and NDCG decreased, reflecting that
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o Evaluation Metrics Comparison
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Figure 5.2: Configuration 2 (207D, Topic Embeddings + Activeness Features).

although the system retrieved many users, the ranking was noisier and less consistent.
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Figure 5.3: Configuration 3 (216D, Topic Embeddings + Activeness + Contribution
Features).

Configuration 4 (200D, without badges,Activeness,Contribution Features):

This configuration demonstrates excellent retrieval ability, particularly at k=10, where
recall reaches 0.910 and NDCG 0.732, showing both comprehensive coverage and ef-
fective ranking. Precision declines at k=10, as expected, but the F1 scores confirm
that the model balances correctness and coverage well.

Topic embeddings alone are the most effective representation for capturing useritem
relevance. Both activeness and contribution features added dimensionality but di-

luted the discriminative topical signal.
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o Evaluation Metrics Comparison
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Figure 5.4: Configuration 4 (200D, without badges,Activeness,Contribution Fea-
tures).

5.1.3 PCA Visualization

Principal Component Analysis (PCA) reduces high-dimensional embeddings into two
principal components that capture maximum variance. PCA plots illustrate how em-
beddings distribute globally and whether meaningful structures emerge.

Observations

+ Configuration 1:PCA plots revealed distinct clustering structures with clear
separation between user and item groups. This indicates that the embedding

space preserves meaningful topical patterns when reduced to lower dimensions.

User Embeddings t-SNE Item Embeddings t-SNE
(5000 users, 64D - 2D) (5000 items, 64D - 2D)

{
B S
Yy

Figure 5.5: PCA of Configuration 1 (200D, Topic Embeddings).

+ Configuration 2:With the addition of activeness, PCA scatter plots became
more stretched and less compact. The clusters showed overlap, suggesting that
temporal signals conflicted with topical coherence in the latent space.

« Configuration 3:PCA visualizations were the most scattered. The geometry
became elongated and less structured, showing that contribution features (rep-
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Figure 5.6: PCA of Configuration 2 (207D, Topic Embeddings + Activeness Features).
utation and yearly changes) disturbed the embedding organization rather than
reinforcing it.
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Figure 5.7: PCA of Configuration 3 (216D, Topic Embeddings + Activeness + Con-
tribution Features).

The PCA results demonstrate that topic-only embeddings preserve the clearest global
structure in the latent space. Adding extra features reduces separation and cluster
integrity, showing weaker ability to represent relationships in a lower-dimensional

space.

5.1.4 t-SNE Visualization

t-Distributed Stochastic Neighbor Embedding (t-SNE) is a non-linear dimensional-
ity reduction method that preserves local neighborhood structures. It helps visualize
clustering and local coherence of embeddings.

Observations

+ Configuration 1:t-SNE maps for users and items produced compact, dense
clusters. Groups of users with similar topical interests and items with related
topics were clearly separated, reflecting strong local and global relationships.

+ Configuration 2:Clusters became looser and less distinct, with more scattered
boundaries. Activeness signals did not align well with topical similarity, result-
ing in embedding neighborhoods that were less coherent.
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Figure 5.8: t-SNE of Configuration 1 (200D, Topic Embeddings).

Figure 5.9:
tures).

User Embeddings t-SNE
(5000 users, 64D - 2D)

Item Embeddings t-SNE
(5000 items, 64D - 2D)

VDA N
ﬁ' * "»‘, s

e ol
. ¥ m.

ESNE 2

’ f v~
.ﬁ

o
tSNE 1

LSNE 2

a0 60 —a0 20

o 20 ) 0 0
ESNE 1

t-SNE of Configuration 2 (207D, Topic Embeddings + Activeness Fea-

+ Configuration 3:The embeddings appeared the most fragmented, with elon-
gated or overlapping clusters. The representation struggled to preserve neigh-
borhood relationships, confirming that extra features diluted topical embedding

quality.
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Figure 5.10: t-SNE of Configuration 3 (216D, Topic Embeddings + Activeness + Con-
tribution Features).

t-SNE confirmed that topic-only embeddings form the most coherent and meaningful
clusters, while additional activeness and contribution features reduce neighborhood

clarity. This reinforces that topical signals alone provide the strongest basis for cap-

turing useritem affinity.
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5.1.5 Heatmaps and Similarity Distribution

Heatmaps of user-user, item-item, and user-item similarity matrices, along with sim-
ilarity score distributions, reveal how embeddings align. Cosine similarity (ranging
from -1 to 1) is used to measure closeness, with higher scores implying stronger sim-
ilarity.

Observations

+ Configuration 1:Heatmaps of useruser, itemitem, and useritem similarities
showed stronger diagonal structures, meaning similar entities were placed con-
sistently close together. The similarity score distribution had a higher mean
(0.166), reflecting greater uniformity.

Figure 5.11: Heatmap and Similarity of Configuration 1 (200D, Topic Embeddings).

+ Configuration 2:Heatmaps displayed noisier and sparser similarity patterns,
with a lower mean similarity (0.142). This suggests that embeddings became
less consistent when temporal features were introduced.

Figure 5.12: Heatmap and Similarity of Configuration 2 (207D, Topic Embeddings +
Activeness Features).
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« Configuration 3:The similarity distribution mean (0.164) was slightly higher
than activeness-only, but patterns were still noisy. This configuration did not
recover the clarity of the topic-only model and maintained weaker alignment
between similar entities.

Figure 5.13: Heatmap and Similarity of Configuration 3 (216D, Topic Embeddings +
Activeness + Contribution Features).

Topic-only embeddings maintain clearer similarity structures. Activeness features

weaken them, and contribution features fail to restore consistency meaningfully.

5.2 Interpreting the Results

Performance Superiority of Topic Embeddings : The topic-only model consis-
tently outperformed other configurations across Precision, Recall, NDCG, and F1. It
also preserved the clearest embedding structures. This demonstrates that topical in-
teractions (derived from questions, answers, comments, and badge-weighted topics)

provide the most direct and reliable signal for effective item-to-user recommendation.

Activeness Features (timestamps) : While intuitively useful to capture user ac-
tivity trends, the inclusion of activeness features did not improve recommendation
quality. Instead, these features introduced additional variance that diluted the topical
signal, resulting in weaker ranking performance and less coherent cluster structures.

Contribution Features (reputation values) : Contribution-based features, such
as reputation and yearly reputation changes, increased dimensionality but did not
enhance discrimination. This is likely because reputation reflects overall platform
engagement rather than topic-specific expertise, making it a weak and indirect signal
when appended to embeddings.
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Latent Space Analysis : Both PCA and t-SNE visualizations confirm that adding
activeness and contribution features reduced the structural integrity of embeddings.
Topic-only embeddings showed clearer global separation (PCA) and more coherent
local clusters (t-SNE). Heatmaps and similarity distributions further supported these
observations, revealing stronger and more consistent similarity alignment in the topic-
only configuration.

The results highlight that topic embeddings alone provide the most effective user and
item representations for StackOverflow recommendation under this modeling frame-
work. Additional features (activeness, contribution) introduce noise when concate-
nated directly, leading to reduced accuracy, weaker ranking quality, and fragmented
embedding spaces.

5.2.1 Comparative Results on different approach

Here we tried recommending questions to answerers, instead of recommending an-

swerers to questions, so a completely opposite approach.

Configuration 1 (200D, Topic Embeddings):

This configuration achieved the highest precision (0.809@5, 0.791@10) and highest
NDCG (0.812@5, 0.789@10). Recall was relatively low (0.288@5, 0.563@10), indicat-
ing limited coverage, while F1-scores were moderate (0.415@5, 0.640@10).

o Evaluation Metrics Comparison

0.809 0.812
0.8 0791 0.789
0.640

0.6 0.563

Score

0.415
0.4

0.288

0.2 1

0.0

T T T T
Precision Recall NDCG F1
Metrics

Figure 5.14: Configuration 1 (200D, Topic Embeddings).

Interpretation: The model provides highly accurate and well-ranked recommenda-
tions but sacrifices breadth in coverage.
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Configuration 2 (207D, +Activeness Features):

In this configuration, precision decreased (0.795@5, 0.734@10) and NDCG also dropped
(0.788@»5, 0.727@10). Recall was similar to Configuration 1 at k = 5 but slightly lower
at k = 10 (0.517). F1-scores also decreased (0.411@5, 0.590@10).

o Evaluation Metrics Comparison

0.795
081 0.788

0.734 0.727

0.6 0.590

0.517

Score

0.411
0.4

0.285

0.2 A

0.0 T T T T
Precision Recall NDCG F1

Metrics
Figure 5.15: Configuration 2 (207D, Topic Embeddings + Activeness Features).

Interpretation: Activeness features introduced additional signals, but instead of en-
hancing recommendation quality, they reduced precision and ranking effectiveness

relative to topic embeddings.

Configuration 3 (216D, +Activeness +Contribution Features):

In this configuration, precision dropped further (0.768@5, 0.732@10), and NDCG reached
the lowest values (0.759@5, 0.720@10). Recall remained comparable to Configura-
tion 2, while F1-scores were the lowest overall (0.392@5, 0.586@10).

Interpretation: Contribution features, derived from reputation values and yearly
reputation changes, did not provide meaningful additional signals. Instead, they acted
as noise, reducing the overall performance of the system.

The topic-only model (Configuration 1) consistently outperforms others in precision,
ranking quality, and balance. Adding activeness and contribution features degraded
performance, suggesting these signals may not align well with topical preferences
when concatenated directly.
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o Evaluation Metrics Comparison
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Figure 5.16: Configuration 3 (216D, Topic Embeddings + Activeness + Contribution
Features).

5.3 Challenges

Several challenges were encountered in this phase of the work:

« Incomplete Feature Utilization: The current results do not yet leverage all avail-
able user information. Features such as tag-based badges, reputation scores and
trends, and user activeness data were not integrated, limiting the models ability

to capture user expertise and engagement patterns.

+ High-Dimensional Tag Representation: The use of raw multi-hot encodings re-
sults in extremely high-dimensional feature vectors, which can lead to ineffi-
ciency and reduced generalization. The planned conversion of tags into 200-
dimensional embeddings was not implemented in this version, restricting the
representational quality of the model.

+ Negative Sampling Strategy: The model was trained with randomly generated
negative samples, which lack semantic consistency and likely degrade recom-
mendation quality. The improved negative sampling strategy, which relies on
embedding-based opposites of user-engaged topics, remains to be implemented.
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5.4 Summary

In summary, this research utilized the resources available in both the Stack Overflow
Data Dump and the Stack Exchange API to form a complete dataset. The Data Dump
serves to establish empirical grounds for tracing user contributions and question con-
tent on a larger historical scale, while the API further provides more recent updates to
user activity and achievements. Despite the limitations that exist owing to the miss-
ing values and restricted access to the API, it is this combined data set that can be
rightly considered as a firm basis on which to model expert-type recommendations

and evaluate the performance of these systems.
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Chapter 6

Conclusion

6.1 Restating Research Objectives and Questions

This research set out to design and evaluate a StackOverflow recommendation sys-
tem capable of generating personalized question and tag recommendations for users.
The central objectives were to determine whether topic embeddings, user activeness,
and reputation-based contribution features could be effectively integrated into a hy-
brid representation for recommendation. The guiding research questions concerned
(i) how semantic topic embeddings can be adapted for noisy and composite tags, (ii)
whether behavioral signals such as activity patterns improve recommendation qual-
ity, and (iii) the extent to which contribution metrics enhance the personalization

process.

6.2 Summary of Key Findings

The results demonstrated that topic embeddings provide a strong baseline for repre-
senting both users and questions, and performance does not improve when active-
ness and contribution features are incorporated. But the performance is better when
contribution features are added alongside activeness features compared to when only
activeness features are added. Specifically, the experiments did not show gains in pre-
cision, recall, and nDCG at top-k recommendations when behavioral and reputational

signals were added.
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6.3 Discussion of Implications

The findings have several implications for the design of community-driven recom-
mendation systems. First, they highlight the importance of moving beyond purely
semantic representations toward a holistic user model that captures temporal activ-
ity and contribution dynamics. Second, they suggest that user reputation, often over-
looked in recommender design, is a valuable signal for inferring expertise and engage-
ment. Finally, the work provides evidence that negative sampling strategies based on
embedding similarity thresholds can improve the training of two-tower recommen-

dation architectures in sparse domains like StackOverflow.

6.4 Contributions of the Research

This thesis makes several distinct contributions. Methodologically, it introduces a
preprocessing strategy to adapt pretrained embeddings for composite tags, ensuring
semantic coverage across a noisy vocabulary. It also proposes a novel integration
of semantic, temporal, and reputational features into a unified user representation.
Empirically, it evaluates the system under multiple configurations, providing insights
into the relative contribution of different feature types. From a systems perspective,
it demonstrates a practical workflow that can be extended to other Q&A platforms or

community-based recommender contexts.

6.5 Acknowledging Limitations

Despite its strengths, this research has limitations. The reliance on a fixed pre-trained
embedding model restricted adaptability to domain-specific terminologies not well
captured by the training corpus. The negative sampling threshold was selected heuris-
tically and may not generalize across all user populations. Furthermore, reputation
features were limited to aggregated signals (e.g., yearly changes) and did not capture
more nuanced aspects of peer recognition or badge progression. Finally, evaluation
relied on candidate sampling with a fixed set size, which may not fully reflect real-
world recommendation scenarios.

6.6 Suggestions for Future Research

Future studies could explore dynamic embedding models that continuously update
with new tags and user interactions, improving adaptability to evolving community
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vocabularies. A promising direction lies in leveraging graph-based representations of
usertagquestion relationships, which could more explicitly encode expertise transfer
and topical dependencies. Future work should also investigate reinforcement learn-
ing or bandit frameworks for online recommendation, allowing the system to adapt
interactively to user feedback. Additionally, richer reputation features, including tem-
poral badge acquisition and peer endorsements, could deepen the understanding of

contribution-driven personalization.

6.7 Final Reflections and Concluding Remarks

In conclusion, this research demonstrates that a hybrid user modeling approachinte-
grating semantic, behavioral, and reputational signalscan significantly improve rec-
ommendation quality in community Q&A platforms. By addressing both method-
ological challenges (tag preprocessing, negative sampling) and conceptual gaps (role
of activity and reputation), the study provides a robust foundation for future work.
While limitations remain, the findings underscore the value of multi-dimensional
user profiling for effective recommendation, reaffirming that personalization is most

powerful when it accounts for both what users know and how they participate.
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