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ABSTRACT

Recommender systems (RSs) are central to digital ecosystems, offering personalized
item suggestions by analyzing users’ historical interactions. However, a major chal-
lenge in RSs is the prevalence of spurious correlations—misleading patterns in in-

teraction data caused by confounding effects or external factors such as exposure mech-
anisms—which can obscure true user preferences and degrade recommendation quality.
Fortunately, causal inference provides a principled statistical framework formodeling causal
relationships between variables while accounting for confounding effects, helping iden-
tify true causal factors influencing recommendation outcomes. This thesis introduces a
comprehensive causal-based framework to address spurious correlations in RSs through
three core contributions: (1) the development of foundational causalmodels to reduce con-
founding biases for unbiased recommendations, (2) advanced causal techniques that im-
prove model robustness in complex recommendation scenarios, and (3) methods leverag-
ing causal insights to enhance recommendation explainability via counterfactual reason-
ing. Extensive experiments on real-world datasets demonstrate that the proposed causal
models consistently outperform state-of-the-art baselines in both accuracy and interpretabil-
ity. These findings validate the effectiveness of causal inference in distinguishing genuine
user preferences from spurious correlations, advancing the robustness and transparency
of modern recommender systems.
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1
INTRODUCTION

1.1 Background

Recommender systems (RSs) play a crucial role in the current digital age of information

explosion, helping users navigate through vast content options to discover their preferred

items and enabling content providers to optimize the item exposure [131, 104, 218, 229].

Traditional RSs typically rely on historical interaction data, such as purchasing, liking, or

viewing behaviors, to infer user preferences and generate relevant recommendations, as

shown in Figure 1.1. However, a fundamental challenge in these systems lies in their heavy

reliance on observed correlational patterns within interaction data, which often contain

spurious correlations to obscure users’ true preferences and degrade system explainabil-

ity [129]. Spurious correlations refer to misleading statistical relationships between vari-

ables, where observed user-item interactions may be influenced by external factors rather

than reflecting users’ true preferences [50, 26, 198, 100]. For instance, an item displayed in

a prominent position may attract more clicks regardless of its relevance to users, creating

misleading patterns that distort preference modelling. Such misleading spurious correla-

tions can simultaneously degrade recommendation performance by promoting irrelevant

items to users, and reduce systemexplainability by obscuring the true causal factors driving

user behaviors. Therefore, effective identification andmitigation of spurious correlations is

crucial for more robust recommendations.

Most of the existing approaches address the problem of spurious correlations in rec-

ommender systems through two main directions. The first direction is to leverage auxil-

1



CHAPTER 1. INTRODUCTION

Figure 1.1: The general workflow of recommender systems.

iary information, incorporating supplementary data such as user demographics and con-

textual signals to enhance the modelling of user preferences [124, 161, 230]. While this

approach aims to mitigate spurious patterns by providing additional sources of informa-

tion, it remains vulnerable to biases inherent in the auxiliary data itself, which can inad-

vertently introduce new spurious correlations rather than eliminate them. The second di-

rection focuses on employing advanced modelling techniques, particularly deep learning

and graphneural networks, to capture complex non-linear relationships betweenusers and

items [181, 190, 244, 214, 66]. Although these advanced models demonstrate strong capa-

bilities in learning intricate interaction patterns, they fundamentally rely on observed cor-

relations in historical data to generate recommendations. This dependence makes them

prone to learning and amplifying existing spurious correlations, rather than effectively dis-

tinguishing between genuine user preferences and misleading spurious patterns [104, 56].

Given the persistent limitations of existing approaches, it is imperative to investigate a prin-

cipled framework to fundamentally and systematically address the root causes of spurious

correlation towards more robust recommendations.

Fortunately, causal inference provides a principled statistical framework for modelling

the causal relationships between variables, helping to identify and isolate the true factors

that influence outcomes [129, 229]. As shown in Figure 1.2, the overall goal of causal infer-

ence is to identify the true root cause from multiple potential factors (e.g., smoking, age,

diet etc.) that affect the outcome (e.g., lung cancer). Generally, through rigorous causal

techniques such as causal intervention and propensity scoring, causal inference systemat-

ically evaluates the impact of different factors by comparing outcomes between treatment

2



1.1. BACKGROUND

Figure 1.2: A toy example of causal analysis in which multiple factors impact the outcome,
highlighting the need to identify the true causality for effective treatment and prevention.

and control groups under carefully controlled conditions [129, 192]. This controlled com-

parison approach enables the isolation of each factor’s individual effect while accounting

for other influencing variables, similar to how clinical trials assess drug effectiveness by

comparing treatment groups against placebo. Through this methodical process, we can

precisely measure true cause-effect relationships among variables without distortion from

external influences that may confound observational studies. In the context of recommen-

dations, causal inference can differentiate true causality (e.g., user interest leads to clicks)

from spurious correlation (e.g., item location leads to clicks) by treating item features or

recommendation strategies as treatments and user behaviors as outcomes. Technically,

causal inference provides several complementary analytical tools for systematically iden-

tifying the true causality behind interactions: causal graphs for visually mapping relation-

ships among variables and identifying potential confounders [51, 131]; causal interven-

tion for estimating the causal effect of treatments on user behaviors or system outcomes

through causal graphs [191, 186, 239]; do-calculus for providing mathematical rules for

valid causal estimation among variables on causal graphs [34, 164]; and counterfactual rea-

soning for enabling explorations of hypothetical scenarios [158, 243]. Together, these causal

techniques fundamentally address the problem of spurious correlations by identifying true

causal relationships between variables, leading to more robust recommendations.

This thesis aims to develop novel causal-based recommendermodels to fundamentally

address the issues caused by spurious correlations in recommendations. Leveraging causal

inference’s unique strengths in identifying true cause-effect relationships among variables,

we conduct in-depth research across three interconnected aspects. The first aspect focuses

on developing causality-basedmodels to eliminate confounding biases introduced by spu-

rious correlations, enabling more accurate estimation of user preferences. Building upon

this foundation, we design advanced causal approaches to enhance recommendation ro-

bustness in complex real-world relational scenarios, where higher-order interaction pat-
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terns make spurious correlations particularly challenging to address. Finally, we extend

our designed causality-based models to improve the explainability of the system by uti-

lizing causal reasoning to generate transparent and interpretable recommendations. Our

extensive experiments onmultiple real-world datasets demonstrate that the systematic in-

tegration of causal inference successfully achieves more accurate, unbiased, and explain-

able recommendations. By establishing the causal-guided framework, our work advances

the state-of-the-art recommendations and provides a solid foundation for future develop-

ments in the field.

1.2 Existing Research and Limitations

Traditional recommendation techniques, such as collaborative filtering, content-basedmeth-

ods, and hybrid approaches, have been widely deployed across diverse domains to infer

user preferences based on historical interactions [147, 163, 26, 198]. However, these meth-

ods primarily rely on observed correlations between users and items, making them sus-

ceptible to spurious patterns that do not necessarily reflect true user interests [126, 121,

149, 78, 117]. Such correlation-based reliance can lead to biased preference estimations,

as user interactions are often shaped by external factors, such as exposure bias, popularity

effects, and temporal dynamics, which may obscure genuine preferences rather than re-

vealing them [74, 90, 64]. Consequently, traditional models struggle to distinguish whether

an observed user-item interaction stems from actual user interest or external influences,

leading to suboptimal recommendations that reinforce existing biases rather than captur-

ing users’ true needs. This limitation becomes evenmore pronounced in real-world recom-

mendation scenarios, where contextual and social factors interact in complex ways, mak-

ing it increasingly difficult to disentangle genuine user preferences from spurious correla-

tions and uncover the causal mechanisms underlying user behavior.

Advanced techniques, particularly deep learning and graph neural networks (GNNs),

have emerged as sophisticated approaches for handling the spurious correlations in the

modern complex recommendation scenarios [223, 228, 214, 249, 190, 175]. Generally, these

advanced techniques enhance recommendation performance bymodeling user-item rela-

tionships through non-linear transformations and structural representations [198, 39, 210].

Technically, deep learning architectures automatically extract hierarchical features of user

interests from massive interaction data, capturing intricate patterns beyond simple linear

correlations [244]. Graph neural networks model higher-order connections and informa-

tion flow across the entire interaction network through structured information propaga-
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tion, capturing complex dependencies overlooked by traditional methods [206]. However,

despite their improved preference modelling capabilities, they still fundamentally rely on

observed correlations for inference rather than causality, failing to eliminate the problem

of spurious correlations at its root.

Beyond accuracy, spurious correlations pose a significant challenge to the interpretabil-

ity of recommender systems by obscuring the true factors driving user behaviors [126, 1].

Thesemisleading interaction patternsmake it difficult for systems to generate accurate and

meaningful explanations, reducing transparency and limiting the reliability of recommen-

dation outputs [118, 222]. In e-commerce scenarios, for example, high user engagement

with certain items may be mistakenly attributed to genuine interest, while the actual driv-

ing factors could be external influences such as prominent placement or seasonal trends,

leading to misinterpretation of user behavior. To improve recommendation interpretabil-

ity, existing research has explored various strategies, such as explanation based on user

comments [65, 21, 61], explanation based on feature importance [63, 22, 209, 103] or rea-

soning over knowledge graphs [28, 252, 208, 189]. However, most of these methods rely on

correlation-based analysis, which only captures co-occurring patterns rather than uncov-

ering true causal mechanisms driving user behaviors. This limitation makes it difficult to

determine if a user’s interaction with an item stems from true interest or from confound-

ing factors like position bias. Therefore, it is crucial to developmethods that systematically

address spurious correlations at their root, enabling recommender systems to provide ac-

curate and meaningful explanations based on true causal mechanisms rather than mis-

leading spurious correlations.

Recently, causal inference has emerged as a principled statistical framework to system-

atically identify and understand true causal relationships among variables [99, 51, 91] Un-

like traditional and advanced techniques that rely on correlational patterns to improve per-

formance, causal inference aims to establish explicit causal structures between multiple

variables to effectively differentiate correlation from causation [129, 191]. By systematically

analyzing cause-effect relationships, causal inference can effectivelymitigate spurious cor-

relations by identifying genuine influencing factors while controlling for confounding bi-

ases that create misleading patterns in the data. Instead of merely leveraging observed as-

sociations, it ensures that recommendations are based on causal mechanisms, leading to

more robust interpretable outcomes. Technically, the comprehensive framework of causal

inference can be broadly divided into several main techniques: (1) causal graphs [51] serve

as the foundation by providing a formal representation of hypothesized causal relation-

ships between users, items, and contextual factors in recommendations; (2) building upon
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causal graphs, causal interventions [186] assess how specific changes in the system affect

user behavior by simulating controlled experiments; (3) counterfactual reasoning [158]

extends this intervention capability by enabling the evaluation of hypothetical scenarios

without requiring actual experimentation, helping understand potential outcomes under

different conditions; (4) do-calculus [34] provides the mathematical framework necessary

for rigorously estimating causal effects fromobservational data, translating theoretical causal

relationships into practical estimation strategies; and (5) propensity score [250] mitigates

selection and exposure biases through balancing covariate distributions across treatment

groups, ensuring more reliable causal estimates from observational data. Together, these

interrelated techniques form a comprehensive causal framework that enables more robust

estimation of the causal factors driving user behaviors in recommendations.

Despite the growing interest and recent progress in causal-based recommendation,

current approaches exhibit important limitations. For instance, early causal recommender

models [18, 242, 227] introduced the use of propensity score adjustment and back-door

correction to address exposure bias, but these solutions often assume that all relevant con-

founders are observed and correctly specified, which rarely holds in real-world scenarios.

Other causal models [5, 191, 68] leverage counterfactual reasoning to simulate interven-

tions, but are limited to binary treatments and may not handle multi-faceted or sequen-

tial interventions effectively. Recent works on causal graph neural networks [197, 44] have

demonstrated the integration of causal reasoning into graph-based recommendation, but

often require an accurate prior knowledge of the causal graph structure, which is usually

partially observable in practice. Moreover, these methods are specialized for either debi-

asing or explainability, and seldom provide a unified framework capable of systematically

addressing interpretability and performance in complex recommendation settings. There-

fore, this thesis aims to bridge these research gaps by developing novel causal models that

(i) account for both observed andhidden confounders, (ii) adapt to complex real-world rec-

ommendation scenarios including high-order and dynamic dependencies, and (iii) jointly

optimize both recommendation robustness and interpretability through principled causal

inference.

1.3 Research Questions

Spurious correlations in recommender systems—arising from confounding factors, algo-

rithmic biases, and external influences—undermine both performance and explainability.

These challenges weaken the robustness of recommendations. Through a systematic anal-
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ysis, we identify three research questions that build on one another, aiming to address spu-

rious correlations using causal inference principles.

The first challenge is to distinguish genuine user preferences from spurious correlations

in interaction data. Although collaborative filtering, deep learning, and graph-basedmeth-

ods are widely used to model user preferences, they often overlook confounding effects,

resulting in suboptimal recommendations. This motivates our first research question:

• RQ1: How to effectivelymitigate confounding effects caused by spurious correlations

in recommendations through causal inference?

By answering RQ1, we aim to develop foundational causal models that can identify and

mitigate confounding biases in interaction data, thereby enablingmore reliable estimation

of users’ true preferences.

Subsequently, real-world recommendation scenarios often involve complex structures

in which multiple types of spurious correlations interact and reinforce each other. Such

complex recommendation scenarios require more sophisticated causal models that can

handle higher-order dependencies and complex confounding effects, which leads to our

second research question:

• RQ2: How to enhance recommender system robustness against spurious correlations

in complex recommendation scenarios through causal inference?

By answering RQ2, we aim to develop more advanced causal models to address the chal-

lenges posedby complex recommendation environments, where spurious correlationsman-

ifest in more intricate ways.

Beyond improving accuracy, the ability to provide transparent explanations for rec-

ommendation decisions becomes crucial as recommender systems increasingly influence

user choices across various domains. Traditional correlation-based approaches struggle to

providemeaningful explanations since they cannot distinguishwhether recommendations

stem from genuine user preferences or spurious patterns. By leveraging the causal insights

from causal models, we investigate our third research question:

• RQ3: How to enhance the interpretability of recommender systems by disentangling

spurious correlations from true user preferences through causal inference?

By answering RQ3, we aim to develop explainable recommendation mechanisms that not

only provide accurate recommendations but also offer transparent rationales based on

genuine causal factors rather than misleading correlations.

7
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The above three research questions form a progressive framework that systematically

addresses spurious correlations in recommender systems through causal inference. By first

establishing foundational debiasing techniques (RQ1), then extending them to complex

scenarios (RQ2), and finally leveraging these insights to improve explainability (RQ3), we

aim to advance the field of recommender systems toward more robust and interpretable

recommendations.

1.4 Thesis Contributions

This thesis makes three interconnected contributions that systematically advance recom-

mender systemsby addressing spurious correlations through causal inference. Each contri-

bution directly maps to one of our research questions while building on previous insights:

1. First, we develop foundational causality-based models to mitigate confounding ef-

fects arising from spurious correlations in recommendations data (Chapter 3). By

integrating causal adjustment and propensity scoring, we develop LDPE and CCR

frameworks capable of distinguishing true user preferences from misleading spu-

rious correlations. These causality-based models greatly improve recommendation

performance over state-of-the-art baselines on multiple real-world datasets, verify-

ing the effectiveness of causal inferences in generating unbiased recommendations.

2. Second, we extend causal inference to tackle spurious correlations in complex rec-

ommendation environments. Specifically, we develop three advanced causality-based

models targeting distinct complex recommendation scenarios (Chapter 4): CGSR for

blocking shortcut paths in complex user-item session graphs, GCRec for address-

ing multiple confounders in high-order interaction networks, and CEDA for miti-

gating echo chamber effects in complex social networks. By systematically integrat-

ing GNNswith causal interventions, these causality-basedmodels effectively address

spurious correlations in complex recommendation scenarioswhilemaintaining com-

putational efficiency.

3. Third, we leverage causal insights from causality-based models to improve the rec-

ommendation explainability (Chapter 5). Through causal reasoning,wedevelop SeDLR

and CECR frameworks capable of uncovering the underlying causal mechanisms be-

hind recommendations. These causality-based models effectively differentiate spu-

rious correlations from true causal drivers of recommendation decisions, thus signif-

icantly improving the interpretability of recommendations.
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In summary, each contributiondirectly addresses a key research question. Thefirst con-

tribution establishes foundational causal models to mitigate confounding effects in rec-

ommendation systems. The second contribution extends the causal inference principles

to enhance model robustness in complex recommendation scenarios. The third contribu-

tion leverages the causal insights from causalmodels to improve recommendation explain-

ability. Collectively, these contributions advance recommender systems by fundamentally

addressing spurious correlations using through causal inference principles.

1.5 Thesis Structure

This thesis is organized into six chapters that progressively develop causality-basedmodels

to fundamentally address the issue of spurious correlations in recommender systems:

• Chapter 1 introduces the research background, research questions, and our contri-

butions, providing a comprehensive overview of how this thesis advances the field of

recommender systems through causal inference principles.

• Chapter 2 presents a thorough literature review on existing recommendation tech-

niques, analyzing traditional methods, advanced approaches, and the emergence of

causal inference as a principled solution for addressing spurious correlations in RSs.

• Chapter 3 addresses Research Question 1 by developing causality-based models to

mitigate confounding effects caused by spurious correlations, ensuring unbiased and

reliable recommendations.

• Chapter 4 addresses ResearchQuestion 2 by enhancing the robustness of the causality-

basedmodel to distinguish spurious correlations fromusers’ true preferences in com-

plex recommendation scenarios.

• Chapter 5 addresses ResearchQuestion 3 by developing interpretable causality-based

models to uncover the causal mechanisms behind recommendations, enhancing in-

terpretability and transparency in decision-making processes.

• Chapter 6 concludes the thesis by summarizing key findings, discussing practical im-

plications, and outlining promising research directions in the field of recommender

systems.

9





C
H

A
P
T
E
R

2
LITERATURE REVIEW

This chapter provides a comprehensive literature review of existing recommendation tech-

niques through three interconnectedperspectives: traditional recommendation techniques,

advanced recommendation techniques, and causal-based recommendation techniques.

Specifically, the review begins by examining traditional recommendation techniques, such

as collaborative filtering and content-based methods, highlighting their reliance on ob-

served correlations and limitations in distinguishing true user preferences from spurious

patterns. It then explores how modern advanced techniques, such as deep learning and

graph-based models, have attempted to mitigate spurious correlations by capturing more

complex user-item relationships, yet often remain constrained by their correlation-based

nature. Finally, the chapter delves into causal inference techniques, which provide a prin-

cipled framework for disentangling spurious correlations from true causal relationships,

thereby enhancing both the robustness and interpretability of recommender systems. By

establishing explicit cause-and-effect relationships, causal approaches offer a promising

solution to the limitations identified in both traditional and advanced recommendation

techniques. Through this structured analysis, the chapter establishes a clear connection

between the historical development of RSs and the emerging role of causal learning as a

promising solution to the challenges posed by spurious correlations.
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2.1 Recommender Systems

Recommender systems (RSs) are information filtering mechanisms, which play a pivotal

role in today’s digital ecosystems by providing personalized and relevant content tailored to

user preferences [176, 240, 198, 122, 247, 147]. They operate across diverse domains such as

e-commerce, entertainment, and social media platforms, analyzing user-item interaction

data (e.g., clicks, purchases, ratings) to generate recommendations that enhance user en-

gagement and satisfaction. The business impact of these systems is substantial, withNetflix

attributing 80% of its viewed content to recommendations [53] and Amazon reporting that

35% of its revenue stems from its recommendation engine [76]. A fundamental challenge in

recommender systems is the presence of spurious correlationswithin historical interaction

data. These misleading statistical patterns arise when observed user-item interactions are

influenced by external factors like exposure mechanisms rather than reflecting users’ true

preferences [181, 67, 248]. For instance, items displayed in prominent positionsmay attract

more clicks regardless of their relevance to users, creating a self-reinforcing feedback loop

where the system continues promoting already-visible items while overlooking potentially

better matches. Such spurious correlations can simultaneously degrade recommendation

performance by promoting irrelevant items and reduce system explainability by obscuring

the true factors driving user behaviors.

Traditional approaches to addressing this challenge have attempted to leverage auxil-

iary information or employ advanced modeling techniques like deep learning and graph

neural networks. However, these methods fundamentally rely on observed correlations in

historical data rather than identifying true causal relationships, making them vulnerable to

perpetuating and even amplifying existing biases. Instead, causal inference offers a prin-

cipled statistical framework, which can help systematically identify and mitigate spurious

correlations by modeling the causal mechanisms underlying user preferences. This the-

sis proposes novel causal models that effectively address spurious correlations in recom-

mender systems through three interconnected contributions: (1) developing foundational

causal models tomitigate confounding effects, (2) enhancing recommendation robustness

in complex scenarios through extended causal interventions, and (3) improving system ex-

plainability through counterfactual reasoning of causal inference. In the following, we will

describe traditional recommendation approaches that established the field’s foundation,

advanced recommendation techniques that enhanced performance through sophisticated

modeling, and causality-based recommendation techniques that fundamentally address

spurious correlations through principled inference mechanisms.
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2.2 Traditional Recommendation Techniques

Traditional recommendation techniques aim to mitigate spurious correlations in recom-

mendations by leveraging user behavior patterns and itemcharacteristics to generate unbi-

ased recommendations [147, 42, 85]. Generally, traditional techniques can be broadly cat-

egorized into three main approaches: collaborative filtering, content-based methods, and

hybrid methods [163, 86, 26]. Each approach demonstrates unique strengths and differ-

ent limitations. In the following, we examine each of these approaches in detail, discussing

their methodologies, applications, advantages, and limitations.

Collaborative Filtering (CF) operates on the assumption that users with similar past be-

haviors will share similar preferences in the future, which is one of themost widely adopted

recommendations strategies [148, 125, 154]. As shown in Figure 2.1, User A andUser B have

the same historical data, both watched Movie 1 and Movie 2. Therefore, CF assumes that

they have similar preferences, so if User B later watched Movie 3, then CF will recommend

Movie 3 to User A. The CF typically encompasses two complementary approaches to cap-

ture and leverage the different user behavioral patterns. First, memory-based CF analyzes

comprehensive user-item interaction histories to identify similar users and items, gener-

ating recommendations by considering the full scope of historical behaviors rather than

isolated interactions [236]. By leveraging diverse interaction patterns across the user base,

it can help mitigate spurious correlations to some extent by incorporating rich contextual

information. However, its reliance on raw interaction data makes it prone to biases, as fre-

quently interacted items tend to be recommendedmore often, potentially reinforcing pop-

ularity bias and exposure effects. Second, model-based CF employs sophisticated predic-

tive models, particularly matrix factorization techniques, to learn latent user/item repre-

sentations that capture underlying preference structures [2]. These learned representations

enable the system to model complex relationships, allowing for more personalized recom-

mendations while partially reducing spurious correlations by considering user preferences

beyond explicit interactions. However, model-based CF still relies on observed user-item

interactions, meaning that latent factors can inadvertently capture spurious associations

present in the training data, making it difficult to differentiate true user preferences from

spurious patterns. Despite its effectiveness in capturing user preferences, CF-based meth-

ods struggle with explainability, as they lack explicit reasoning mechanisms to justify why

a recommendation wasmade. Moreover, data sparsity issues remain persistent challenges,

limiting CF’s applicability in scenarios with limited user interactions or new items.

Content-Based Filtering (CBF) uses item attributes to recommend other items that are
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Figure 2.1: A toy example of collaborative filtering in recommendations.

similar to the user’s previously preferred items, based on the user’s previous actions and ex-

plicit feedback [128, 174, 152]. As shown in Figure 2.2, the CBF generates recommendations

to users based on the similarity among items analyzed by the item attribute. This is par-

ticularly effective in domains with rich descriptive metadata, such as books, movies, and

products. A key advantage of CBF is its ability to generate recommendations without re-

quiring extensive user interaction histories, making it well-suited for addressing cold-start

problems for new items [171, 81]. For example, if a user frequently reads science fiction

books, a content-based systemwill recommend other bookswithin the same genre, regard-

less of their past popularity. This approach enables highly personalized recommendations,

as users receive suggestions based on specific attributes that align with their past prefer-

ences. However, CBF also presents several challenges. First, it tends to over-specialize rec-

ommendations, as it primarily suggests items that are similar to those the user has already

interacted with, potentially limiting diversity and exploration. This can result in redundant

recommendations, reinforcing established preferences while failing to introduce users to

novel or diverse content. Second, content representations are crucial, and the effectiveness

of CBF depends on the quality and availability of item metadata. In domains where item

features are not well-defined or difficult to extract, content-basedmethodsmay struggle to

generate meaningful recommendations. Finally, CBF remains correlation-based, meaning

that it does not explicitly model causal relationships between user interests and item char-

acteristics, making it susceptible to spurious associations. To overcome these limitations,

more advanced approaches incorporate context-aware learning and causal inference tech-

niques to enhance the robustness of content-based recommendations.
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Figure 2.2: A toy example of content-based filtering in recommendations.

Hybrid recommendation strategies aim to overcome the limitations of collaborative fil-

tering and content-based filtering by combining their strengths [17, 83, 8]. By integrating

multiple techniques, hybrid models provide more robust, accurate, and adaptive recom-

mendations, making them particularly useful for scenarios involving data sparsity, cold-

start issues, and complex preference patterns. As shown in Figure 2.3, there are several

common hybrid strategies: (1). Weighted Hybrid, which combines the outputs of multi-

ple recommendationmodels by assigning dynamic or fixed weights [45, 14]. This approach

balances collaborative filtering and content-based recommendations, allowing for more

adaptive preference modeling. (2). Switching Hybrid, which dynamically selects the most

suitable recommendation technique based on data availability or user behavior [13, 52].

For instance, in cold-start situations, the systemmay rely on content-based filtering, while

in data-rich scenarios, it may favor collaborative filtering. (3). Feature Combination Hy-

brid, which merges multiple data sources, integrating user-item interaction patterns, con-

tent attributes, and contextual factors into a unified model [169, 109]. This method allows

for richer representation learning and can improve both recommendation accuracy and

adaptability. While hybrid methods enhance performance and reduce spurious correla-

tions to some extent, they also introduce greater model complexity. Integrating multiple

techniques requires careful tuning to balance different recommendation signals, and the

added computational cost may impact scalability. Furthermore, while hybridmodels com-

bine different perspectives, they still rely on correlation-based learning, meaning that spu-

rious associations can persist. Without explicitly modeling causal structures, hybrid ap-

proaches remain limited in disentangling true user preferences from confounding factors.

To further improve recommendation quality, incorporating causal inference techniques

within hybrid models can help mitigate spurious correlations, ensuring that recommen-

15



CHAPTER 2. LITERATURE REVIEW

dations are based on genuine preference signals rather than misleading patterns.

Figure 2.3: A toy example of hybrid strategy in recommendations.

In summary, traditional recommendation techniques have played a crucial role in im-

proving recommendation accuracy by leveraging user behavior patterns, item attributes,

and hybrid modeling approaches. Collaborative filtering captures preference similarities

from user interactions, content-based filtering recommends items based on intrinsic at-

tributes, and hybrid methods integrate multiple strategies to enhance robustness. How-

ever, these methods remain fundamentally correlation-based, making them susceptible

to spurious correlations that distort recommendation quality. Despite improving perfor-

mance, these approaches lack causal reasoning, making it difficult to distinguish true user

preferences from confounding factors such as popularity bias, exposure effects, or data

sparsity. Additionally, they struggle with explainability, as recommendations are often de-

rived from latent factors or observed associations without explicit causal justifications. To

address these challenges, more advanced techniques are needed to systematically identify

and mitigate spurious correlations, ensuring that recommendations are not only accurate

but also interpretable in complex real-world scenarios.

2.3 Advanced Recommendation Techniques

While traditional recommendationmethods provide a strong foundation, they often strug-

gle to address spurious correlations that arise in complex high-order interactions and rela-

tional structures [50, 249, 245]. To overcome these limitations, advanced recommendation

techniques employ sophisticated modeling approaches that extend beyond simple user-

item correlations to capture deeper dependencies in user preferences. These approaches
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can be broadly categorized into five main directions: First, auxiliary information-based

methods integrate contextual data such as user demographics and item attributes to enrich

preference modeling, thereby addressing data sparsity challenges inherent in traditional

approaches. Second, deep learning-basedmethods leverage neural networks to learn com-

plex non-linear relationships from large-scale data, capturing intricate patterns that tra-

ditional methods might overlook. Third, graph-based models utilize network structures

to represent high-order user-item relationships, enabling more comprehensive modeling

of complex interaction patterns. Fourth, sequential and session-based recommendations

capture temporal dynamics by modeling user preference evolution over time, accounting

for the dynamic nature of user interests. Finally, conversational systems enable interactive

multi-turn dialogues to refine user preferences in real-time, providing personalized recom-

mendations through active user engagement. Each of these techniques provides different

advantages in handling complex dependencies and user behaviors, contributing to more

robust recommendation systems. The following sections examine these approaches in de-

tail, discussing their methodologies, applications, advantages, and limitations.

Auxiliary information-based methods significantly enhance recommendation robust-

ness by systematically incorporating additional data sources beyond simple user-item in-

teractions, representing an advanced approach to addressing spurious correlations in com-

plex recommendation scenarios [124, 161, 230]. As shown in Figure 2.4, these methods

leverage diverse contextual information, such as temporal patterns, spatial relationships,

user demographics, and social network connections, to address the fundamental data spar-

sity challenges inherent in traditional recommendation approaches. The integration of rich

contextual data enables these methods to uncover more nuanced patterns in user prefer-

ences and item relationships that might be overlooked when relying solely on interaction

data [3, 173]. For example, context-aware recommender systems analyze situational factors

such as temporal and location data to generate recommendations that alignmore precisely

with users’ current contexts. Similarly, social recommendations exploit the wealth of infor-

mation available in social networks, such as user-user relationships and influence patterns,

to improve recommendation accuracy. In other words, by considering such a broader con-

textual framework, auxiliary information-based methods develop a more comprehensive

understanding of user preferences, leading to recommendations that reflect not only his-

torical interactions but also the complex environmental factors that influence user behav-

ior [159, 114]. Thesemethods can effectively identify andmitigate certain types of spurious

correlations by introducing orthogonal information sources that are less susceptible to the

same biases as interaction data. For instance, when popularity bias createsmisleading cor-
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relation patterns in historical interactions, demographic or social network data can provide

alternative validation mechanisms to verify whether these patterns genuinely reflect user

preferences ormerely exposure effects. Thismultifaceted approach results inmore relevant

and reliable recommendations, ultimately enhancing both recommendation quality and

user satisfaction through amore complete understanding of the recommendation context.

However, while auxiliary information-basedmethods represent a significant improvement

over traditional approaches, they may still be limited in their ability to systematically iden-

tify and address all forms of spurious correlations, as they fundamentally rely on correla-

tive rather than causal analytical frameworks. This limitation motivates our exploration of

causal inference as amore principled approach to disentangling true user preferences from

misleading interaction patterns in subsequent chapters.

Figure 2.4: A toy example of auxiliary information-based methods in recommendations.

Deep learning-based recommendation methods have significantly improved the field

by enabling automatic learning of complex, non-linear relationships from large-scale data,

representing a huge advancement in addressing spurious correlations in recommendation

systems [190, 244, 214, 175]. As shown in Figure 2.6, these methods overcome traditional

techniques’ limitations by employing sophisticated neural network architectures to learn

rich latent representations of users and items that capture intricate interaction patterns.

For instance, neural collaborative filteringmodels utilize deep learning architectures to un-

covermore nuanced and expressive representations compared to traditional matrix factor-

izations [66, 139]. Furthermore, deep learning techniques like Convolutional Neural Net-

works (CNNs), have the ability to effectively process unstructured data, including images

and text, enabling content-aware recommendations in multimedia domains [104, 56]. A

key advantage of deep learning models lies in their ability to automatically extract high-
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level features from raw data [143, 123], eliminating the need for manual feature engineer-

ing that often introduces human bias and oversight. This automated feature learning ca-

pability enables deep learning-based recommenders to capture subtle patterns and com-

plex relationships that might bemissed by traditional handcrafted features, leading to sub-

stantial improvements across diverse application domains. The hierarchical representa-

tion learning paradigm inherent in deep architectures allows thesemodels to progressively

abstract meaningful features at multiple levels of granularity, from low-level interaction

signals to high-level preference patterns. Despite these advancements, it is important to

note that deep learning approaches still fundamentally rely on correlation-based learning

paradigms. While they excel at discovering complex patterns in historical data, they may

inadvertently amplify rather than mitigate existing spurious correlations if such patterns

are prevalent in the training data. This limitation arises because deep models optimize for

predictive accuracy on observed data without explicit mechanisms to distinguish between

genuine causal relationships and spurious associations. Consequently, while deep learning

significantly enhances the representation capacity of recommendation systems, it does not

inherently solve the fundamental challenge of spurious correlations that this thesis aims to

address through causal inference techniques. But, the ability to learn directly from vast

amounts of heterogeneous information while automatically identifying complex patterns

has established deep learning as a cornerstone of modern recommendation systems.

Figure 2.5: A toy example of deep learning-based methods in recommendations.

Graph-based recommendationmodels capture complex user-item relationships by rep-

resenting interactions as graphs, revealing patterns beyond the reach of traditional meth-
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ods [210, 223]. GraphNeural Networks (GNNs) have emerged as powerful tools for process-

ing such structured data, enabling the identification of high-order connectivity and richer

semantics throughmulti-hopmessage passing [206, 75, 48, 202]. As illustrated in Figure 2.6,

each GNN layer aggregates information from a broader neighborhood, uncovering latent

relationships and improving recommendation quality, especially in sparse settings. Despite

these advances, GNNs still face the challenge of spurious correlations: by propagating ob-

served interactions, they may reinforce biases from factors such as popularity, exposure,

or external confounders. This correlation-driven process can amplify misleading associa-

tions, ultimately distorting true user preferences and recommendation outcomes. To ad-

dress these challenges, recent research incorporates causal inferences into graph-based

models to separate true user preferences from confounding influences [213, 197, 29]. While

these methods significantly advance bias reduction and causal reasoning in graph-based

recommendation, they rely on strong assumptions regarding the accuratemodeling of con-

founders and the completeness of observed interactions. Additionally, they only focus on

static settings or a single type of confounder, and seldom offer unified frameworks that

address complex, dynamic, or multi-faceted recommendation scenarios. In contrast, the

solutions developed in this thesis provide a more flexible and generalizable causal model-

ing paradigm. Our models are specifically designed to adapt to various confounding struc-

tures, support complex recommendation environments, and jointly enhance both robust-

ness and interpretability through principled causal inference.

Figure 2.6: A toy example of GNNs in recommendations.

Sequential/session recommendations significantly enhance recommendation robust-

ness by systematically modeling temporal dynamics and sequential patterns as session

graphs, representing a crucial advancement in addressing time-dependent spurious corre-
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lations [156, 47, 179, 105]. As shown in Figure 2.7, thesemethods operate on the fundamen-

tal understanding that user preferences and intentions evolve dynamically over time, with

recent interactions often exerting substantial influence on current choices. At the archi-

tectural level, Recurrent Neural Networks (RNNs) and their advanced variants, particularly

Long Short-TermMemory (LSTM) networks, demonstrate exceptional capability inmodel-

ing sequential data through their sophisticated internal statemechanisms that update with

each interaction [237, 36]. Technically, these architectures incorporate specialized mem-

ory cells and gating mechanisms that selectively retain or forget information across the

temporal sequence, enabling them to capture both short-term transitions and longer-term

dependencies simultaneously. Such architectural design enables simultaneous modeling

of both immediate user interests through recent interaction patterns and enduring pref-

erences through persistent memory structures, creating a comprehensive representation

of user behavior that adapts over time. The field has further evolved with the introduction

of self-attention mechanisms and transformer models, which have significantly enhanced

the ability to capture long-range dependencies in user behavior sequences, leading tomore

robust recommendations by understanding complex temporal relationships [84, 108]. Un-

like traditional sequential models that process information linearly, attention-based ap-

proaches can directly model relationships between any two positions in a sequence, re-

gardless of their distance. This capability allows the system to identify meaningful patterns

across temporally distant interactions, recognizing when past behaviors become relevant

again as user interests cycle or evolve in non-linear ways. However, despite their effective-

ness in capturing sequential patterns, these approaches face a significant challenge with

the cold-start problem for new users/items, as they rely heavily on historical sequential

data to make accurate predictions.

Figure 2.7: A toy example of session graph in sequential recommendations.

21



CHAPTER 2. LITERATURE REVIEW

Conversational recommender systems (CRSs) represent another significant advance-

ment in handling complex relational data by enabling dynamic preference refinement through

interactive multi-turn conversations, marking a fundamental shift from static recommen-

dation approaches [102, 80, 246, 92]. These systems overcome traditional limitations in

capturing nuanced user preferences by establishing interactive conversations that progres-

sively refine the understanding of user needs, as shown in Figure 2.8. Through the sophis-

ticated integration of natural language processing techniques with recommendation algo-

rithms, these systems demonstrate remarkable capability in understanding user intents,

generating contextual explanations, and dynamically adjusting recommendations based

on real-time feedback [136, 30]. The incorporation of reinforcement learning methods fur-

ther enhances these systems by optimizing dialogue strategies tomaximize long-term user

satisfaction and personalization effectiveness [41, 40]. Despite their advantages, spurious

correlations present a significant challenge in CRSs. Since user feedback in interactive sys-

tems is influenced by previous recommendations, spurious correlations can emerge when

the system incorrectly infers user preferences based on biased interaction patterns. For

instance, if a CRS repeatedly asks about certain attributes (e.g., price) due to prior interac-

tions, it may reinforce misleading patterns rather than uncovering true user intent. This

feedback loop can degrade recommendation quality by amplifying biases in past inter-

actions rather than adapting to evolving user needs. One notable approach to mitigating

this issue in CRSs involves formulating the recommendation task as a path-finding prob-

lem on a graph. In this approach, both users and items are modeled as nodes, while their

relationships, such as past interactions, shared attributes, or contextual factors, form the

edges. CRSs navigate through this graph, dynamically exploring paths based on user feed-

back, which can help disentangle true user preferences from spurious correlations by con-

sidering alternative pathways for exploration. However, despite these advanced capabili-

ties, CRSs still face significant challenges related to computational resource demands, par-

ticularly in real-time applications where maintaining efficient and responsive dialogues

requires substantial processing power. These challenges become even more pronounced

when dealing with long, complex interactions that involve high-dimensional user repre-

sentations, limiting the scalability of current CRSs in practical large-scale deployments.

In summary, advanced recommendation techniques have made significant progress in

mitigating spurious correlations by employing sophisticated modeling approaches. Deep

learning architectures extract hierarchical representations, capturing complex patterns be-

yond simple correlations. Graph-based models, particularly graph neural networks, utilize

high-order connectivity to propagate structured information and improve relational un-

22



2.4. CAUSALITY-BASED RECOMMENDATION TECHNIQUES

Figure 2.8: A toy example of interactive dialog in conversational recommendations.

derstanding. Sequential and conversational models incorporate temporal dynamics, en-

abling recommendations to adapt to evolving user preferences through interactive or time-

aware learning mechanisms. However, despite these advancements, these methods still

rely on correlation-based learning, making them susceptible to spurious patterns in the

data. While they effectively model associations, they struggle to distinguish true causal re-

lationships from confounded observations. This limitation has led to the exploration of

causal inference approaches, which systematically address spurious correlations by explic-

itly modeling and controlling for confounders. By shifting from correlation-based learning

to causal reasoning, recommender systems can achieve more robust, unbiased, and inter-

pretable recommendations.

2.4 Causality-based Recommendation Techniques

To address the shortcomings of correlation-based learning, causal inference has emerged

as a principled statistical framework for identifying and quantifying true cause-effect re-

lationships in recommendation [129, 192]. Generally, causal inference leverages five com-

plementary techniques to systematically address spurious correlations from different per-

spectives: (1) causal graphs visually represent dependencies andhelp identify confounders;

(2) do-calculus provides rules for unbiased causal effect estimation from observational
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data; (3) interventions simulate the impact of hypothetical actions on user preferences; (4)

propensity score methods balance covariates to correct for selection and exposure bias;

and (5) counterfactual reasoning explores hypothetical scenarios to infer potential out-

comes. By systematically integrating causal techniques, recommender systems can bet-

ter distinguish true user preferences from spurious correlations, isolating genuine causal

factors while controlling for confounders. For example, Bonner and Vasile [12] proposed

causal embedding models that explicitly represent confounding factors in recommenda-

tion, leading to less biased user representations. Zhu et al. [257] developed deep struc-

tural causal models to disentangle direct and indirect effects in recommendation tasks. Li

et al. [99] introduced causal graph neural networks to correct for bias propagation along

user-item interaction graphs. Zhang et al. [248] leveraged counterfactual inference to ad-

dress selection bias and improve ranking performance in RSs. However, current causal

recommenders still face challenges—such as assuming observable confounders, limited

adaptability to complex scenarios, and difficulties in achieving both robustness and inter-

pretability. These gaps motivate the development of novel causal models that can more

effectively address the problem of spurious correlations in real-world recommendations,

which is themain focus of this dissertation. To lay the groundwork for novel causal models,

the following section analyzes key causal inference techniques, critically evaluating their

methodologies, contributions, and limitations.

First is the causal graph, also known as a directed acyclic graph (DAG), which serves as

a foundational framework for visualizing and analyzing causal relationships, enabling the

distinction between true causal effects and spurious correlations [51, 131]. These graphs

serve as comprehensive analytical blueprints by representing key variables (e.g., user de-

mographics, item characteristics, and contextual factors) as nodes and their causal rela-

tionships as directed edges, enabling systematic identification of true causal pathways that

influence user behaviors [255, 248]. As shown in Figure 2.9, in the left panel, the DAG rep-

resents a generic causal structure where treatment (T) influences outcome (Y), but is con-

founded by X1 and X2, both of which are also affected by an unobserved variable (U). This

structure illustrates the importance of identifying confounding pathways, such as the path

through X1 or X2, which can introduce biases in estimating the effect of T on Y. Control-

ling for these confounders is necessary for obtaining an unbiased causal effect estimate. In

the right panel, the DAG illustrates the causal mechanisms underlying education and wage

determination. Family income affects both education level and wage, suggesting a con-

founding relationship that must be accounted for when estimating the impact of educa-

tion on wage. Additionally, intelligence influences both SAT scores and education, forming

24



2.4. CAUSALITY-BASED RECOMMENDATION TECHNIQUES

an alternative pathway that could confound causal inference. By explicitly modeling these

relationships, the graph highlights both back-door and front-door adjustments [233, 155].

The back-door path (through family income) can be blocked by conditioning on income,

while the front-door adjustment via SAT scores allows for an alternative estimation of the

education effect. These causal structures highlight the necessity of systematic identifica-

tion of confounding factors and mediation effects, guiding the application of causal infer-

ence techniques such as back-door and front-door adjustments. By leveraging DAGs, re-

searchers can design more robust causal estimation methods that accurately capture the

true effects of interventions while mitigating biases arising from unobserved confounders.

Figure 2.9: A toy example of the causal graph, showing the cause and effect relationships
among variables.

Second is the causal intervention, which is a fundamental technique for estimating the

effect of hypothetical actions or treatments in complex decision-making settings [239]. In

the context of recommender systems, causal intervention enables the systematic evalua-

tion of how modifications in recommendation strategies influence user engagement and

satisfaction while distinguishing true causal effects from spurious correlations [191, 186,

233, 58, 226]. The causal graph in Figure2.9 illustrates an analogous scenario in education,

where factors such as family income and intelligence influence both education and wage.

In recommender systems, similar confounding occurs when historical exposure, platform

rankingmechanisms, or external social influences affect both the recommended items and

user engagement, leading to biased estimates if not properly adjusted. To formally esti-

mate causal effects in recommender systems, two principal causal intervention methods

are widely used: First is the back-door adjustment, which controls for confounding vari-

ables that introduce spurious correlations between recommendations and user engage-

ment [251, 248]. In the education analogy, family income and intelligence influence both

25



CHAPTER 2. LITERATURE REVIEW

education and wage, forming back-door paths that distort the estimation of education’s

true effect. Similarly, in recommender systems, historical exposure and platformbiases can

influence both recommendation exposure and engagement, creating misleading associa-

tions. Controlling for these confounders ensures that the estimated effect of recommen-

dations reflects genuine user preferences. When back-door confounders are unobservable,

front-door adjustment offers an alternative by leveraging intermediate variables along the

causal pathway [220]. In education, SAT scores serve as a mediator between education and

wage, providing a valid causal estimate even when intelligence remains unmeasured. Like-

wise, in recommender systems, dwell time or add-to-cart interactions act as mediators be-

tween recommendations and final engagement outcomes. Since these mediating factors

are directly influenced by recommendations before impacting long-termengagement, they

enable causal estimationwithout needing full confounder information. By integrating both

back-door and front-door adjustments as causal interventions, recommender systems can

systematically optimize decision-making, improve user experience, and ensure that rec-

ommendations reflect genuine user preferences rather than artifacts of biased data.

Third, counterfactual reasoning enables the estimation of outcomes under alternative

scenarios, allowing recommender systems to answer “what-if” questions and evaluate the

effects of different recommendation strategies without requiring costly A/B testing [158,

243], as shown in Figure 2.10. Unlike traditional correlation-based approaches that rely

on observed interactions, counterfactual reasoning leverages structural causal models to

predict user behavior under hypothetical conditions, effectively disentangling true causal

effects from spurious correlations [182, 196]. For example, by estimating how users would

interact with an item if it were displayed in a different ranking position, counterfactual rea-

soning can help mitigate exposure bias, ensuring that item recommendations are not un-

fairly influenced by placement effects. Beyond addressing confounding bias, counterfac-

tual reasoning also generates counterfactual samples, effectively augmenting the original

dataset by simulating alternative user-item interactions [195]. This augmentation is partic-

ularly valuable in cold-start scenarios or when user feedback is sparse, as it provides ad-

ditional training signals to enhance recommendation quality. Furthermore, counterfactual

reasoning supports explainability by generating contrastive explanations, which highlight

the factors that would need to change for a different recommendation to be made [167].

These explanations improve transparency by helping users and researchers understand

why certain recommendations were given and how they could be altered. Additionally,

counterfactual reasoning facilitates off-policy evaluation by simulating user responses to

unseen recommendations, making it possible to assess new strategies before deploying
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them in real-world systems [160, 141]. By enabling robust evaluation and refining recom-

mendation logic, counterfactual reasoning enhances both decision-making and recom-

mendation reliability, ensuring that systems generate outcomes that reflect genuine user

preferences rather than misleading statistical artifacts.

Figure 2.10: A toy example of the counterfactual reasoning in recommendations.

Fourth, do-calculus provides a mathematical framework for reasoning about interven-

tions and counterfactuals in causal models, offering a principled approach to estimating

causal effects in recommender systems[34, 164]. Unlike correlation-based techniques that

rely on observational data, do-calculus defines a set of formal rules formanipulating causal

graphs to quantify the effects of hypothetical interventions, such as exposing a user to a

particular item[79]. Thismethod enables recommender systems to infer how user behavior

would change under controlled interventions, allowing for causal effect estimation even in

the presence of confounding biases. A major advantage of do-calculus is its ability to con-

trol for confounding factors that simultaneously influence both item exposure and user

preferences, ensuring that spurious correlations do not distort causal conclusions [43]. By

systematically transforming probabilistic expressions involving interventions, do-calculus

determines when causal effects can be estimated from observational data, reducing re-

liance on costly randomized experiments. Additionally, it provides a principledmethod for

combining multiple data sources, improving the validity and robustness of causal infer-

ences [131]. For example, in a recommendation scenario where an item appears popular

due to frequent exposure rather than genuine preference, do-calculus can separate the di-

rect causal effect of an item’s relevance from confounded popularity effects, ensuring that

recommendations reflect true user interests rather than visibility biases. Through these un-

biased estimates, do-calculus enhances both recommendation accuracy and interpretabil-
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ity, leading to more reliable strategies for optimizing user engagement while mitigating the

risks of misleading statistical associations.

Fifth, propensity scoresmitigate selection/exposure biases in observational data by en-

suring that the distribution of covariates is balanced across treatment groups [250, 112]. In

recommender systems, propensity scores quantify the probability of a user being exposed

to or interacting with an item based on observed characteristics [12, 212]. Since user in-

teractions are often influenced by algorithmic exposure rather than purely by preference,

selection bias arises when users who engage with certain items are systematically differ-

ent from those who do not. Without adjusting for these biases, recommendations may re-

inforce spurious correlations, leading to the misinterpretation of user behavior as a gen-

uine preference rather than a consequence of prior exposure. The figure 2.11 illustrates

propensity score matching (PSM) as a technique to reduce bias by creating comparable

groups. Initially, users who received the treatment (e.g., took the pill) and those who did

not (e.g., did not take the pill) exhibit imbalanced distributions of covariates, leading to bi-

ased comparisons. PSM matches individuals with similar propensity scores to ensure that

the treated and untreated groups are comparable, reducing confounding effects. Beyond

matching, propensity score methods employ additional techniques for more refined ad-

justments. For instance, weighting corrects for differences in exposure likelihood by as-

signing appropriate statistical weights to observations, thereby ensuring unbiased effect

estimation across the entire sample. Similarly, stratification divides users into subgroups

based on propensity scores, facilitating structured comparisons that control for systematic

differences [113, 146]. These complementary approaches provide RSswithmultiple tools to

address selection bias from different perspectives. For example, when evaluating whether

increasing product recommendations improves engagement, propensity scores help dis-

entangle algorithmic influence from actual user interest by controlling for prior exposure

effects. By integrating these methods, propensity scores enable recommender systems to

obtain unbiased estimates of user preferences, improving both evaluation methodologies

and optimization strategies while mitigating the risks of exposure bias.

In summary, causal inference provides a comprehensive statistical framework for sys-

tematically identifying true cause-and-effect relationships among variables in recommender

systems, enabling the distinction between true user preferences and spurious correlations.

Generally, causal inference leverages multiple complementary techniques to address dif-

ferent aspects of spurious correlations: causal graphs serve as the foundation by visually

mapping relationships and identifying confounders, do-calculus establishes mathemati-

cal rules for valid causal estimation from observational data, causal intervention assesses

28



2.5. SUMMARY OF MODEL CONTRIBUTIONS

Figure 2.11: A toy example of the propensity score matching.

treatment effects through controlled experiments, propensity scoring mitigates selection

and exposure biases, and counterfactual reasoning enables exploration of hypothetical sce-

narios. Through systematic integration of these causal techniques, recommender systems

can effectively isolate true factors influencing user preferences to address spurious corre-

lations, ultimately enabling more robust and explainable recommendations.

2.5 Summary of Model Contributions

To provide a clear overview of the thesis structure and model progression, Table 2.1 pro-

vides a comprehensive summary of the proposed models, their scenarios, tasks, datasets,

metrics, and corresponding chapters. This organization illustrates the distinct challenges

tackled in each stage, and the cumulative advancement toward robust and explainable

causal recommendation.
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Table 2.1: Summary of ProposedModels: Scenarios, Tasks, Datasets, Metrics, and Chapters

Model Scenario Task Datasets Metric(s) Chapter
CCR Conversational

Recommenda-
tion

Causal-based at-
tribute selection for
unbiased conversa-
tional recommen-
dation

Yelp, Douban-
Book, Movie-
Lens

SR@5/10/20, AT 3

LDPE Sequential Rec-
ommendation

Dual propensity
score estimation for
unbiased sequen-
tial recommenda-
tion

MovieLens-1M,
Amazon-Books,
Taobao

Recall@5/10/20,
Preci-
sion@5/10/20,
NDCG@5/10/20

3

CGSR Session-based
Recommenda-
tion

Causal shortcut
path blocking in
session-based
graph recommen-
dation

Diginetica, Yoo-
choose, Gowalla

Recall@10/20,
NDCG@10/20,
MRR@10/20

4

GCRec High-order
Graph Recom-
mendation

Causal adjust-
ment for multiple
confounders in
graph-based rec-
ommendation

Amazon-Books,
Taobao

Recall@20,
Precision@20,
NDCG@20,
HR@20

4

CEDA Social Network
Recommenda-
tion

Causal echo cham-
ber attenuation for
social diffusion rec-
ommendation

Twitter, Face-
book, Google+

Diversity, Echo
Chamber Index,
Precision@20,
Recall@20,
NDCG@20

4

SeDLR Explainable
Recommenda-
tion

Semantics-guided
disentangled learn-
ing for explainable
recommendation

Walmart Re-
cruit, Yelp

Explainability
Score, Re-
call@10/20,
NDCG@10/20

5

CECR Conversational
Recommenda-
tion

Counterfactual
explanation for
conversational rec-
ommendation

REDIAL,
TGReDial,
MovieLens-1M

Success Rate,
Explainability
Score, Re-
call@1/10,
Precision@1/10
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3
CAUSAL MODELS FOR UNBIASED RECOMMENDATIONS

This chapter addresses RQ1 by introducing two complementary causal models—CCR and

LDPE—each designed to mitigate spurious correlations in distinct recommendation set-

tings. CCR targets Conversational Recommender Systems, addressing attribute-level con-

founders that arise from dynamic user intents during multi-turn dialogues through causal

stratification andmatching. LDPE, on the other hand, focuses on Sequential Recommender

Systems, leveraging LLMs and causal inferences to debias user behavior sequences affected

by exposure bias. Together, these models provide a unified causal framework that system-

atically addresses different sources of confounding bias, demonstrating the versatility and

necessity of causal inference in enhancing robustness across diverse recommendation sce-

narios. Through detailed methodologies, rigorous experimental evaluations, and compre-

hensive findings, this chapter establishes the foundational role of causal inference in un-

covering true user preferences for unbiased recommendations.

3.1 A Causal-Based Attribute Selection Strategy for

Conversational Recommender Systems

3.1.1 Overview

Conversational recommender systems (CRSs) provide personalized recommendations by

strategically querying attributesmatching users’ preferences through interactive dialogues.

Unlike traditional static recommenders, CRSs iteratively refine the understanding of user
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preferences through real-time feedback,making themhighly effective for personalized rec-

ommendations. However, this process suffers from confounding effects that distort the

true causal drivers of user behavior. First, time confounders arise from evolving user pref-

erences over conversation rounds. For example, a user who initially accepts sun hat rec-

ommendations may later reject them and prefer raincoats due to weather changes. Such

temporal shifts in preferences create spurious correlations between items, making it diffi-

cult for CRSs to discern users’ true preferences. Second, user attribute confounders emerge

from unique user characteristics leading to diverse preferences among seemingly similar

users. For instance, a lawyer and an athlete may share several attributes but have vastly

different clothing preferences due to their occupations. These attribute-driven differences

create spurious relationships between shared attributes and user preferences, challenging

CRSs’ ability to learn generalizable patterns. Together, these confounding effects can mask

the true causal factors driving user decisions, potentially leading to biased and ineffective

recommendations.

3.1.1.1 Research Objective

This study aims to address RQ1 by developing a principled causal framework, that can si-

multaneouslymitigate both the time and user attribute confounders while accurately iden-

tifying the true causal drivers of user behaviors inCRSs. Generally, we propose to synergisti-

cally integrate stratification to ensure attribute independence from conversational rounds,

with matchingmechanisms to pair similar users, effectively addressing both time and user

attribute confounding effects. This integration enables us to accurately estimate the unbi-

ased Average Treatment Effect (ATE) of attributes on user preferences, identifying the most

causally significant attributes for user queries. In thisway,we aim touncover the true causal

factors shaping user preferences while providing more accurate and personalized recom-

mendations.

3.1.1.2 The ProposedMethod

To achieve the aforementioned objectives, we propose a novel causal framework called

Causal Conversational Recommender (CCR) with four synergistic components:

• Offline Representation Learning creates initial user, item, and attribute representa-

tions from historical data, with offline user representation capturing long-term pref-

erences that will be updated with online feedback.
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• Causal-basedAttribute Selection addresses time anduser attribute confounders through

stratification andmatching,while identifying the causal-based attribute in each round

with the highest Average Treatment Effect (ATE).

• UserPreferencesRefining iteratively updates user preferences based on asked causal-

based attributes and recommended items, along with online feedback, producing a

refined representation capturing both short-term and long-term preferences.

• Recommendation leverages the refined user representation for Top-K recommenda-

tions, ensuring a dynamically adapted and personalized CRS.

The key contributions of this research are:

• We are the first to investigate how causal factors, especially round-specific attribute

selection, shape user interactions in CRSs, providing novel insights for enhancing

CRSs through causal analysis.

• We develop an innovative causality-driven approach named CCR that simultane-

ously handles time and user attribute confounders in CRSs while accurately iden-

tifying true causal drivers of user behavior.

• We propose a novel attribute selectionmechanism grounded in causality theory that

prioritizes asking themost influential attributes on user preferences, enhancing con-

versation efficiency and personalization.

• Comprehensive evaluations across three datasets demonstrate that CCR achieves su-

perior performance compared to existing state-of-the-art CRSs.

3.1.2 CCR

3.1.2.1 ProblemDefinition

Let U , I and A be the sets of users, items and attributes, respectively. Each item i →I is

associated with a set of attributesAi ↑A and interacted by usersUi ↑U .Iu ↑I denotes

items interacted by the user u. Ia ↑ I denotes items that share the common attribute

a → A . Uu ↑ U denotes users have direct connection with the user u. Ua ↑ U denotes

users share the same attribute a → A . Given a user u → U who initiates a dialogue with a

preferred attribute a → A , our goal is to recommend items that match their preferences

through an interactive dialogue with fewer rounds.
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To achieve this, it is crucial to address two key confoundersmentioned: time confounders

arising fromevolving preferences across conversation rounds, anduser attribute confounders

stemming from unique user characteristics. As shown in Figure 3.1, we design a causal

graph that reveals the intricate relationships among five key variables in CRSs: time R,

asked attribute A, item I , rating Y , and user attributeU . The directed causal edges repre-

sent how time R and user attributesU act as confounders by influencing both attribute se-

lection A and rating outcomes Y , potentially creating spurious correlations that mask true

preference patterns. Based on this graph, we employ stratification to ensure attribute in-

dependence from rounds and matching to pair similar users. These causal inference tech-

niques enable accurate estimation of Average Treatment Effect (ATE) for each attribute over

the causal path A ↓ I ↓ Y , while blocking confounding effects through back-door paths

R ↓ A and U ↓ A. The attribute with the highest ATE is selected as the causal-based at-

tribute per round for user queries. Through iterative preference refinement based on real-

time feedback, we aim to provide increasingly personalised and robust recommendations.

Figure 3.1: Our designed causal graph for CRSs.

Figure 3.2: The overall framework of our proposed method CCR.
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3.1.2.2 Methodology

Figure 3.2 presents the framework of our proposed CCR, which comprises four compo-

nents. Thefirst componentOfflineRepresentationLearning learns offline user/item/attribute

representations from historical data, forming a solid starting point for conversational in-

teractions. Specifically, we first employ a retrieval function [137] that converts categorical

attributes into numerical encodings. For instance, given an item with attributes “Color”:

[“Red”, “Blue”, “Green”] and “Size”: [“Small”, “Medium”, “Large”], we encode “Blue” as [0,1,0]

and “Medium” as [0,1,0], then concatenate them to form the initial item representation e ini
for bluemedium item. The same encoding process is used for generating initial user repre-

sentation e inu and initial attribute representation e ina .

Social behavior theory suggests that user preferences are reflected in both consump-

tion patterns and community influences [150, 80]. To quantify these dual influences, we

construct a preference modeling framework using two complementary interaction spaces:

a social network matrixU encoding interpersonal connections, whereUu,v represents the

presence of user-user relationships, and a behavioralmatrixO capturing consumption pat-

terns, where Ou,i indicates user-item interaction rating. Next, we synthesize these spaces

through a weighted approach to create offline user representation eu as

(3.1) eu =ω ·
∑

i Ou,i ·e ini
|Iu |

+ (1↔ω) ·
∑

vUu,v ·e inv
|Uu |

where ω is a parameter to control the importance between consumption patterns and so-

cial influences. e inv is the initial user representation of user v , follows the same procedure

as generating e inu . eu is the offline user representation, capturing rich semantics from his-

torical interactions and social connections, denoting user long-term preferences.

Moreover, research indicates that item characteristics serve as preference indicators

since users engaging with identical items often exhibit preference similarities [186]. Thus,

we integrate both user engagement signals and item attributes to learn the offline item rep-

resentation. Specifically, we introduce an item-attributematrix A, where each element Ai ,a

is a binary indicator that means the presence of attribute a in item i . Then, we employ a

weighted approach to create offline item representation e i as

(3.2) e i =ε ·
∑

uOu,i ·eu
|Ui |

+ (1↔ε) ·
∑

a Ai ,a ·e ina
|Ai |

where ε balances the contribution of user engagement signals and attribute information,

with eu derived from Eq (3.1). This fusion creates semantically rich item embeddings that

reflect the preferences of users who have engaged with the item and the intrinsic charac-

teristics of the item itself.
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On the other hand, we learn the offline attribute representation ea by considering the

collective influence of an attribute across various items and users. The core idea is that

items sharing the same attribute a can effectively encapsulate the semantics and poten-

tial characteristics associated, while users who have interacted with the same attribute a

can share similar preferences. Specifically, we employ a weighted approach to generate the

offline attribute representation ea as

(3.3) ea =ϑ ·
∑

uUu,a ·eu
|Ua |

+
∑

i Ai ,a ·e i
|Ia |

where ϑ is a parameter that moderates the fusion of user signals and item characteristics.

ea is the offline attribute representation for attribute a, capturing rich semantics fromuser-

attribute and item-attribute relationships.

The second component Causal-based Attribute Selection builds upon learned offline

representations to identify causally significant attributes per round while mitigating con-

founding effects from time and user attributes. Following user initialization, we employ

Deep Q-learning [69] to adaptively choose between immediate recommendations or at-

tribute exploration. To ensure unbiased attribute selection, we address two key confound-

ing factors, where time confounders stem from shifting user preferences and user attribute

confounders stem from each user’s unique attributes. Generally, we employ stratification

and matching to ensure attributes are independent of conversational round and user at-

tributes, respectively. This can block confounding effects from time and user attributes by

applying the back-door adjustment of causal inference, allowing us to accurately estimate

the unbiased ATE of each attribute to assess its potential impact on user preferences. The

attribute exhibiting the highest ATE is selected as the causal-based attribute per round, as

substantial effects on outcomes typically indicate causal drivers of user behavior [43].

Formally, we first define the set X = xq = (uq , tq ,vq ,bq ), where each tuple xq repre-

sents a feedback instance. Here, tq denotes the round, vq represents user attributes, and

bq indicates attribute exposure (bq = 1 if user uq was asked about attribute a before round

tq , 0 otherwise). Then, we partition X into T temporal subgroups X1, ...,Xt , ...,XT based

on round number, which isolates time-specific data and mitigates temporal confounding

within each subgroup. Within Xt , we classify users into treatment (bq = 1) and control

(bq = 0) groups based on attribute exposure. This enables estimation of the Average Treat-

ment Effect (ATE) for each subgroup:

(3.4) ATEt ,q = L̄t
t ↔ L̄c

t =
∑

xq→Xt bqvq
∑

xq→Xt bq
↔

∑
xq→Xt

(
1↔bq

)
vq

∑
xq→Xt

(
1↔bq

)
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where ATEt ,q represents the average treatment effect for user q in round t . L̄t
t denotes the

average outcome value for the treatment group in round t . L̄c
t is the average outcome value

for the control group in round t . vq indicates the observed outcome for user q and Xt

represents the set of all user feedback instances in round t . This stratification approach ef-

fectively blocks the confounding path through time while preserving the ability tomeasure

true causal effects of attributes on user preferences.

After computing subgroup ATEs, we aggregate them into an overall time-aware ATE:

(3.5) ATEt ime =
T∑

t=1

|Xt |
|X | ATEt ,q

where |Xt |
|X | weights each subgroup by its relative size. To efficiently compute these sub-

groups, we design a user sampling approximation strategy that categorizes users based on

their exposure timing relative to each subgroup t . We partition users into three groups:U1

contains users receiving attribute recommendations before the subgroup (P (A = 1 | R =
tq ,U1 ↑U )= 1); andU2 contains users exposed after the subgroup (P (A = 1 | R = tq ,U2 ↑
U ) = 0); and U3 contains users who received attribute recommendations at the time of

subgroup (P (A = 1 | R = tq ,U3 ↑U )). Note that we mainly focus on first two user groups

while ignoring the last user group, as its infrequent naturemay skew the performances and

add complexities. Mathematically, we have

(3.6) X ↗
t =

{
xq | u →U1↘U2

}

For samples in X ↗
t , we can show independence between time and attribute exposure:

(3.7)

P (A = 1 |R = t )
(a)=

∑

u→U1↘U2

P (A = 1 |U = u,R = t )P (U = u |R = t )

(b)=
∑

u→U1↘U2

P (A = 1 |U = u)P (U =u |R = t )

(c)=
∑

u→U1↘U2

P (A = 1 |U = u)P (U = u)
(d)= P (A = 1)

where P (A = 1 | R = t ) denotes the probability of attribute exposure at round t , (a) follows

from the Law of Total Probability, (b) reflects conditional independence between attribute

exposure and round given user, (c) assumes independence between round and user assign-

ment, and (d) shows the equivalence to the overall exposure probability P (A = 1), indicat-

ing time and attribute exposure are independent. Thus, by replacingXt with X ↗
t in the ATE

calculation, we obtain unbiased estimates of attribute effects on user preferences during

the conversations.

37



CHAPTER 3. CAUSAL MODELS FOR UNBIASED RECOMMENDATIONS

While addressing time confounders through stratification, samples within each sub-

group may still be affected by user attribute confounders. To address this, we employ a

matching technique that pairs treated and control users based on similar attributes, ensur-

ing independence between user attributesU and asked attribute A by blocking the back-

door path U ↓ A. For each sample q , we define outcomes bq (tq = 1) and bq (tq = 0) for

treatment and control conditions respectively. Mathematically, we have

(3.8)

b̂q
(
tq = 1

)
=




bq , if tq = 1

bq ↗ , if tq = 0

b̂q
(
tq = 0

)
=




bq ↗ , if tq = 1

bq , if tq = 0

where b̂q (tq = 1) and b̂q (tq = 0) denote the estimated value of bq
(
tq = 1

)
and bq

(
tq = 0

)
. q ↗

is the index that identifies the matched user by minimizing the distance metric lu,v as

(3.9) lu,v =
1
2

(
1↔

e tue
t
v∥∥e tu

∥∥∥∥e tv
∥∥

)

where e tu and e tv are user representations for the user u and user v at round t , and lu,v
measures the distance between them. Using these matched pairs, we compute the unbi-

ased ATE as:

(3.10) ATEuser =
∑

xq→X ↗
t

(
b̂q

(
tq = 1

)
↔ b̂q

(
tq = 0

))

where ATEuser is the unbiased ATE free from the effects of user attribute confounders. This

matching approach effectively mitigates user attribute confounding by ensuring balanced

attribute distributions between treatment and control groups.

Having addressed both time and user attribute confounders, we now select the most

causally significant attribute per round by evaluating their potential impact on user prefer-

ences. Specifically, we compute the ATE for each attribute a at round t using ATEuser as:

(3.11) ATEa,t =
∑

xq→X(a,t )

ATEuser

|X(a,t )|

whereX(a,t ) is the subgroup of users who were asked about attribute a at round t , derived

from X . ATEa,t is the ATE for attribute a at round t . The causal-based attribute for each

round is then selected as:

(3.12) at
cau = argmax

a
ATEa,t
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where at
cau denotes the attribute with the highest causal impact on user preferences at

round t . This approach ensures attribute selection aligns with true causal drivers of user

behavior.

Algorithm 1 Learning Algorithm for CCR

Input: Set the maximum round number T . Set rewards r st , r
i
t , r

l
t , r

a
t , r

t
t

as 1, -0.5, 0.1, -0.5, -1. Set qask
t and qrec

t as 0. P is a matrix containing
attributes contained in the user’s interacted items.

1: InitializeA +
u ,A ↔

u , andI↔
u

2: Initialize {eu}, {e i }, {ea} based on Eq (3.1), Eq (3.2), Eq (3.3)
3: Initialize e tu = eu , pask = prec = P [u]
4: for t = 1,2,3, . . . ,T do
5: select an action p
6: if p = pask then
7: at

cau =Causal At tr ibute Selector (e tu ,e
t
v ,X )

8: if user u likes at
cau then

9: A +
u ≃A +

u ↘
{
at
cau

}

10: else
11: A ↔

u ≃A ↔
u ↘

{
at
cau

}

12: end if
13: else
14: Recommend Top-K items to user u
15: if user u accepts item i then
16: Return the accepted item i
17: end if
18: end if
19: Generate RA +

u
, RA ↔

u , RI↔
u usingA +

u ,A ↔
u , RI↔

u

20: Generate e+u using RA +
u

21: Generate e↔u using RA ↔
u , RI↔

u

22: Refine user preference: e tu ≃ eu +e+u ↔e↔u
23: Generate state vector st
24: Update qask

t , qrec
t to yaskt , yrect

25: ComputeLt using qask
t , qrec

t , yaskt , yrect

26: Update network parameter: ϖt+1 ≃ ϖt ↔ϱ · ςLt
ςϖt

27: end for
Output: Accepted Top-K items or conversation ends at round T

As conversations progress, our third componentUser Preferences Refining iteratively re-

fines user preferences by incorporating causal-based attributes at
cau , recommended items,

and online feedback. User feedback is categorized into positive feedback (accepted at-
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Algorithm 2 Causal-based Attribute Selector

Input: Dataset X =
{
xq

}
=

{(
uq , tq ,vq ,bq

)}
. Refined user rep-

resentation e tu and e tv .
1: InitializemaxATE = 0
2: SplitX into T subgroups based on round number t
3: for each attribute a do
4: for t = 1,2,3 . . .T do
5: Compute X ↗

t =
{
xq | u →U1↘U2

}
by Eq (3.6)

6: GenerateX(a,t ) by selecting users who were asked for a
at round t fromX

7: for each sample xq in the treatment group of X ↗
t do

8: lu,v = 1
2

(
1↔ e tue

t
v

⇐e tu⇐⇐e tv⇐
)

9: Select the matched user xq ↗ by minimizing lu,v
10: Compute b̂q

(
tq = 1

)
and b̂q

(
tq = 0

)
by Eq (4.6).

11: end for
12: ATEuser =

∑
xq→X ↗

t

(
b̂q

(
tq = 1

)
↔ b̂q

(
tq = 0

))

13: end for
14: ATEa,t =

∑
xq→X(a,t )

ATEuser
|X(a,t )|

15: if ATEa,t >maxATE then
16: maxATE =ATEa,t

17: at
cau = a

18: end if
19: end for
Output: Causal-based attribute at

cau per round

tribute setA +
u ) and negative feedback (rejected attribute setA ↔

u and rejected item setI↔
u ),

represented as ea+ , ea↔ , and e↔i respectively. Specifically, the refinement process consists of

three sequential operations: (1) Input Layer to collect and encode user feedback; (2) Feed-

back Aggregation Layer to summarize and aggregate collected feedback; and (3) Update

Layer to refine the user representation based on the aggregated feedback. Online feedback

is round-specific, denoted by subscript t . For the Input Layer, we encode feedback into

matrices:

(3.13) RA +
u
=




ea+

...

ea+


 ,RA ↔

u =




ea↔

...

ea↔


 ,RI↔

u =




e i↔
...

e i↔




where RA +
u
, RA ↔

u and RA +
u
denote the matrix representations of accepted attributes, re-

jected attributes, and rejected items respectively. Then, we aggregate positive feedback us-
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ing attention mechanisms:

(3.14) R+ = softmax


RA +

u
W j (RA +

u

)T W k

⇒
d


RA +

u
W f

where R+ is the aggregated representation of all positive feedback, encompassing con-

textual information from neighboring positive feedback. W j , W k , and W f are projection

matrices [106]. softmax is the softmax activation applied to the attention score. On the

other hand, given a matrix Rne including rejected items and rejected attributes as Rne =
RA ↔

u ⇑RI↔
u . Similarly, we aggregate the representation of negative feedback as

(3.15) R↔ = softmax
(
RneW j (Rne)T W k

⇒
d

)
RneW f

where R↔ is the aggregated representation of all negative feedback, capturing context from

rejected items and attributes.

Finally, we update the user representation based on the aggregated representation of

online feedback as

(3.16)

e+u =R+⇑eu

e↔u =R↔⇑eu

e tu = eu +e+u ↔e↔u

where e+u and e↔u denote the updated user representation that incorporates all positive

feedback and negative feedback, respectively. e tu represents the refined user preference at

round t , capturing long-term preferences from historical data and short-term preferences

from the current conversation.

With the refined user preference representation e tu , our last component Recommenda-

tions aims tomake Top-K recommendations to the user by optimizing a pairwise Bayesian

Personalized Ranking (BPR) loss:

(3.17) Lbpr =
∑

(u,i )→D
↔ lnϕ

(
(e tu)

T e i ↔ (e tu)
T e ↗i

)
+λθ|θ|2

whereD represents the user-item training pairs, θ denotesmodel parameters with regular-

ization coefficient λθ, and (e tu)
T e i indicates the predicted preference score between user

u and item i . When the system chooses to make direct item recommendations, as deter-

mined by the action selection process, we recommend the Top-K items with the highest

predicted scores to the user. However, if the system decides to inquire about additional at-

tributes, we proceed with the Causal-based Attribute Selection component and continue

the conversational loop.
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For cost-effective evaluations, we employ a user simulator [157, 92, 217, 246] that em-

ulates real user interactions by processing system queries and generating appropriate re-

sponses. The simulator takes historical preferences as input and produces feedback on at-

tribute preferences and item recommendations. This enables efficient training and evalu-

ation of the model’s ability to adapt recommendations to evolving user preferences while

avoiding costly real-user studies. The recommendation quality is assessed by comparing

system outputs against the simulator’s ground truth preferences.

3.1.3 Experiments

3.1.3.1 Datasets

We evaluate our model on three benchmark datasets: Yelp1, Douban-Book2 and Movie-

Lens3. The statistics of these datasets are summarized in Table 3.1. All three datasets include

users’ attributes, social relationships, and user-item interaction data with the ratings. To

ensure data quality, we filter users with fewer than 10 interactions and remove infrequent

attributes. The remaining data is then split into training/testing/validation sets with ratios

of 70%/20%/10%, respectively.

Table 3.1: CCR: Statistical details of three datasets.

Statistics Yelp Douban-Book MovieLens
# User 27,675 13,024 943
# Item 70,311 22,347 1,682
# Interaction 1,368,606 792,062 100,000
# Density 0.07% 0.27% 6.30%

3.1.3.2 Baselines and Evaluation

For implementation, we set the embedding dimension to 128 with regularization parame-

ter 1e↔5, using Adam optimizer with learning rate tuned in [0.0001, 0.1]. Baseline models

are tuned using the same hyperparameter range as ours for fair comparison. For recom-

mendation performance evaluation, we employ two widely usedmetrics Success Rate (SR)

and Average Turns (AT) [93, 217, 94]. SR@t measures the percentage of successful recom-

mendations achieved in t conversation rounds, and Average Turns (AT) indicates the aver-

age number of rounds needed to reach a successful recommendation outcome.
1https://www.yelp.com/dataset/
2https://github.com/librahu/HIN-Datasets-for-Recommendation-and-Network-Embedding
3https://github.com/librahu/HIN-Datasets-for-Recommendation-and-Network-Embedding
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We compare CCR with the following state-of-the-art CRSs to verify its effectiveness:

EAR [93]: integrates estimation, action and reflection stages through reinforcement learn-

ing to estimate user preferences in CRS.

UNICORN [41]: adopts a unified approach for multi-stage decision optimization to en-

hance the CRS.

FPAN [217]: designs gating modules for negative and positive feedback processing, and

then adapts user preferences based on online feedback in CRS.

SCPR [94]: converts the decision-making in CRS into a path-finding issue via Deep Q-

learning.

CRM [157]: utilizes a belief tracker and trains an RL-based policy network to guide user-

item interactions in CRSs.

CECR [232]: generates counterfactual samples of negative terms to enhance the robust-

ness of CRSs.

Max Entropy (MaE): selects attributes with the highest entropy to ask the user each

round.

3.1.3.3 Result Analysis

Performance Comparison: Table 3.2 demonstrates CCR’s performance compared to state-

of-the-art baselines across three datasets. Obviously, CCR consistently achieves superior

results, with notable improvements in SR@20 of 4.66%, 2.06%, and 1.63% on Yelp,Douban-

Book, and MovieLens, respectively. Moreover, the performance advantage increases with

conversation rounds, indicating effective preference refinement through feedback integra-

tion. Notably, CCR requires fewer conversation turns to reach successful recommenda-

tions, as evidenced by the lowest AT values among all models. These results validate the

effectiveness of our causal-based attribute selection strategy and debiasing approach in

accurately capturing user preferences in CRSs.

Ablation Study: To evaluate component contributions, we conduct ablation experi-

ments on MovieLens and Yelp in terms of SR@20 and AT. A denotes removing the stratifi-

cation, which can address the time confounders. B denotes removing the matching, which

can address the user attribute confounders.C denotes removing the causal-based attribute

selection. D denotes removing the user preference refinement. E denotes the complete

CCRmodel. As shown in Figure 3.3, removing stratification andmatching lead to a notable

decline in both the SR@20 and AT, which highlights the importance of addressing time and

user attribute confounders in CRSs. Also, ignoring the user preference refinement leads

to a marked performance decrease, emphasizing its considerable importance. The causal-
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Table 3.2: CCR: Recommendation performance comparison: the best results are bolded,
while the best baselines are underlined.

Dataset Yelp Douban-Book MovieLens
ModelMetrics SR@5 SR@10 SR@20 AT SR@5 SR@10 SR@20 AT SR@5 SR@10 SR@20 AT

EAR 0.793 0.818 0.859 4.882 0.812 0.833 0.866 4.821 0.844 0.871 0.943 4.313
FPAN 0.811 0.851 0.911 4.662 0.833 0.867 0.918 4.515 0.851 0.888 0.935 4.114

UNICORN 0.805 0.852 0.903 5.012 0.836 0.869 0.914 4.891 0.843 0.865 0.937 4.172
SCPR 0.805 0.868 .922 4.782 0.842 0.861 0.929 4.231 0.846 0.875 0.959 4.124
CRM 0.657 0.773 0.812 5.014 0.744 0.804 0.889 4.971 0.724 0.805 0.852 4.673
CECR .852 .901 0.920 .319 .866 .922 .973 .229 .891 .949 .982 .775
MaE 0.553 0.578 0.613 7.742 0.581 0.589 0.602 7.221 0.612 0.645 0.689 7.013

Our CCR 0.863 0.929 0.965 4.188 0.872 0.948 0.993 4.201 0.901 0.962 0.998 3.526
Improv. % 1.29% 3.11% 4.66% 3.03% 0.69% 2.82% 2.06% 0.66% 1.12% 1.37% 1.63% 6.60%

based attribute selection emerged as the most critical component, evidenced by the most

significant performance drop when removed. These results confirm the effectiveness of

our causal-based attribute selection in exploring causal drivers of user behavior, which can

significantly enhance the robustness of CRSs.

Figure 3.3: CCR: Ablation study.

Effective of Causal-based Attribute: To evaluate our causal-based attribute selection

strategy, we compare CCR’s SR@20 performance against baselines across multiple con-

versation rounds on MovieLens and Yelp. As shown in Figure 3.4, we find that CCR con-

sistently achieves superior performance throughout all rounds. This sustained advantage

stems from our method’s ability to identify attributes with true causal impact on recom-

mendations, rather than randomly choose one attribute. Moreover, the performance gap

widens in later rounds, indicating that causal-based selection enables more accurate pref-

erence modeling and leads to increasingly personalized recommendations as conversa-

tions progress. These results highlight the importance of exploring causal factors, particu-

larly in the context of attribute selection, for developing a more robust CRS.

44



3.1. A CAUSAL-BASED ATTRIBUTE SELECTION STRATEGY FOR CONVERSATIONAL
RECOMMENDER SYSTEMS

Figure 3.4: CCR: The effectiveness of our causal-based attributes.

Personalization Comparison: To evaluate CCR’s personalization capability, we com-

pare the asking likelihood of Top-40 frequent attributes across differentmodels. The asking

likelihood of an attribute refers to the percentage of users predicted by the systemwho like

that attribute. As shown in Figure 3.5, UNICORN shows a high likelihood of 0.78 for Top-

10 attributes, which means UNICORN predicts 78% of users like the Top-10 frequent at-

tributes. In contrast, our CCR shows a lower average asking likelihood of 0.51 for Top-10 fre-

quent attributes, suggesting that attribute selection is more personalized than commonly

popular attributes. Remarkably, the CCR consistently had the lowest query likelihood of

the Top-40 attributes across all baselines, highlighting the CCR’s ability to personalize bet-

ter than the other baselines.

Figure 3.5: CCR: Comparison of personalization capabilities.
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TimeComplexityComparison: To evaluate ourCCR’s computational efficiency,we com-

pare recommendation generation times with other baselines. As shown in Figure 3.6, CCR

achieves the fastest response time of 0.71 seconds through its efficient three-layer feedback

aggregationmechanism, surpassing all baselines:UNICORN (1.44s), EAR (1.12s), CRM (1.05s),

FPAN (0.88s), SCPR (0.77s), CECR (0.74s), and MaE (1.51s). The performance differences

primarily stem from varying algorithmic complexities, with MaE being the slowest due to

its exhaustive attribute exploration approach. These results demonstrate CCR’s exceptional

ability to maintain computational efficiency while delivering high-quality recommenda-

tions.

Figure 3.6: CCR: Time complexity comparison.

3.1.3.4 Summary

In this work, we propose CCR, a novel causal framework that addresses RQ1 regarding bias

mitigation in conversational recommender systems. By synergistically integrating stratifi-

cation and matching techniques of causal inference, CCR effectively mitigates both time

and user attribute confounders while accurately identifying causally significant attributes

through ATE estimation. Extensive experiments demonstrate CCR’s superior performance

over state-of-the-art baselines in terms of recommendation accuracy, personalization, and

computational efficiency. Futureworkwill explore item-level causal factors to provide deeper

insights into user preference modeling in conversational recommendations.
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3.2 LLMsMeet Causal Inference: Semantic-Rich Dual

Propensity Score for Sequential Recommendation

3.2.1 Overview

Sequential Recommender Systems (SRSs) have emerged as a pivotal tool for analyzing user-

item interaction sequences to suggest relevant items to users [70, 132]. However, a fun-

damental challenge in SRSs is the exposure bias, which occurs when users are under- or

over-exposed to certain items [193], It can create a self-reinforcing feedback loop where

popular items gainmore visibility while less exposed items struggle, regardless of their true

relevance [11]. Current approaches primarily focus on analyzing sequential dependencies

among items to address exposure biases, but they often overlook user-side exposure bias

arising from varying user activity levels and neglect rich semantic information embedded

in item content [178, 177]. This can significantly limit the SRSs’s ability to understand less

active users’ preferences and accurately capture user interests in less exposed items, lead-

ing to suboptimal recommendations.

3.2.1.1 Research Objective

This study aims to address RQ1 by developing an innovative causal-guided framework that

fully addresses exposure biases caused by spurious correlation in sequential recommenda-

tions. Generally, we propose to synergistically integrate LLMs’ semantic modeling capabil-

ities with causal inference’s debiasing mechanisms through dual propensity scoring. This

integration enables us to simultaneously capture rich semantic patterns from textual data

while mitigating exposure bias from both item popularity and user activity perspectives,

thereby providing more accurate and unbiased sequential recommendations.

3.2.1.2 The ProposedMethod

To achieve the aforementionedobjectives, wepropose a causal-based approach calledLLM-

enhancedDual Propensity Score Estimation (LDPE) with three synergistic components:

• UnbiasedRepresentationLearning employs LLMs to generate semantically rich user/item

embeddings from textual data, then integrates collaborative information to enhance

generalizability and reduce exposure biases inherent in LLM training data for unbi-

ased LLM-based user/item embeddings.
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• Dual Propensity Score Estimation uses unbiased LLM-based embeddings to esti-

mate propensity scores from both item and user sides, which includes interaction

timestamps as exposure patterns can change over time, thus fully addressing expo-

sure biases.

• Transformer processes item and user sequences while integrating temporal factors

and dual propensity scores to accurately model users’ true preferences.

The key contributions of this research are summarized as follows:

• We highlight the limitations of existing SRSs in fully mitigating exposure bias, specif-

ically their insufficient understanding of interaction semantics and focus on only

item-side exposure bias while neglecting user-side.

• We propose a novel approach called LDPE, which leverages LLMs and causal infer-

ence to fullymitigate exposure bias stemming fromboth item popularity and varying

user activity levels in SRSs.

• We integrate collaborative information from collaborative filtering into LLMs to bal-

ance overrepresented trends, enhancing generalizability and reducing exposure bi-

ases for unbiased LLM-based embeddings.

• We conduct extensive experiments to demonstrate the superiority of LDPEover state-

of-the-art baselines.

3.2.2 LDPE

3.2.2.1 ProblemDefinition

Let U and I be the sets of users and items, respectively. Given a user u →U and his/her

historical interactionsD = (u, i , t ), where i →I and each tuple (u, i , t ) denotes user u inter-

acted with item i at time t . Our goal is to predict the next sequential item it+1 that the user

is most likely to interact with at time t +1.

To achieve accurate predictions, it’s crucial to fully mitigate exposure biases in the se-

quential data from both the item and user sides, while integrating rich interaction seman-

tic. Specifically, we employ LLMs to generate semantic-rich LLM-based item/user embed-

dings eLLMi /eLLMu from textual data, then align themwith CF-based item/user embeddings

to obtain unbiased embeddings e i/eu . Then, we introduce our causal graph as Figure 3.7

showing causal relationships between user U , item I , exposure E , time T , and rating Y .
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Based on this graph, we construct for each interaction (u, i , t ) an item sequence h<t
u =

[i1, . . . , iK ] capturing itemsuseru interactedwith before t , and auser sequenceh<t
i = [u1, . . . ,uK ]

containing users who interacted with item i before t . Using unbiased LLM-based embed-

dings e i/eu of items/users in these sequences,we estimate dual propensity scoresP
(
u,h<t

i

)

and P
(
i ,h<t

u
)
, accounting for item-side and user-side exposure bias, respectively. These

scores enable us to adjust interaction importance by weighting less exposed items/users

higher while considering temporal effects. In such way, we can fully mitigate exposure bi-

ases from both the item and user sides while incorporating rich semantic information for

robust sequential recommendations.

Figure 3.7: Our designed causal graph for SRSs.

3.2.2.2 Methodology

Figure 3.8 shows the framework of our proposed LDPE, which has three components. The

first component Unbiased Representation Learning constructs semantically rich yet un-

biased item/user embeddings for estimating propensity scores. Although LLMs excel at ex-

tracting semantic information from texts to generate embeddings [98], their embeddings

inherit exposure biases in the training data that overrepresents popular items [19, 212].

To address this issue of LLMs, we integrate collaborative filtering signals to balance these

representation-level exposure biases and enhance the generalizability of LLM-based em-

beddings. As shown in Figure 3.9, we first generate descriptive texts using predefined tem-

plates. For items, we replace placeholders with item names (e.g., "<The Avengers>"), while

for users, we incorporate all available information of users (e.g., name, age, gender, interac-

tion history). These texts are processed by an LLM encoder to obtain LLM-based item/user

embeddings by averaging the hidden states from the last layer as

eLLMi = 1
N

N∑

n=1
LLM (i )n ,e

LLM
u = 1

M

M∑

m=1
LLM (u)m(3.18)
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where eLLMi →Rd is the LLM-based item representation for item i , capturing rich semantics

from the textual data of the item i . eLLMu is the LLM-based user embeddings of user u,

capturing rich semantics from all available information of user u. N represents the total

number of tokens in an item’s description, with each token’s hidden state from an LLM

denoted as LLM(i )n . M is the total number of tokens in a user’s description, with each

token’s hidden state from an LLM represented as LLM(u)m .

Figure 3.8: The overall framework of our proposed method LDPE.

Figure 3.9: Examples of generating descriptive texts for the target item/user using prede-
fined prompt templates.
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To mitigate the inherent exposure biases in these semantic-rich LLM-based embed-

dings, we learn Collaborative Filtering (CF)-based representations [198, 135] that capture

generalized interaction patterns using a collaborative filtering modelR:

(3.19) eCF
i =R(e inti ) , eCF

u =R(e intu )

where CF-based item embedding eCF
i and user embedding eCF

u capture generalized inter-

action patterns across multiple user-item interactions. e intu and e inti are initial user and

itemembedding, derivedusing a retrieval function [137] to include all associated attributes,

which are then numerically encoded for compatibility.

Following that, we align LLM-based and CF-based embeddings through contrastive

learning [224] to preserve semantic richness while mitigating inherent exposure biases in

LLMs’ training text. Generally, we align the CF-based and LLM-based embeddings of the

same user/item as positive pairs, while treating the embeddings of different user/item as

negative pairs. Mathematically, we have

(3.20)

L i tem
con =↔ 1

|P |
∑

(i ,u)→P
log

exp(sim(ϕ⇓(eLLMi ),eCF
i ))

∑
i→Ni exp(sim(ϕ⇓(eLLMi ),eCF

i ))

L user
con =↔ 1

|P |
∑

(i ,u)→P
log

exp(sim(ϕ⇓(eLLMu ),eCF
u ))

∑
u→Nu exp(sim(ϕ⇓(eLLMu ),eCF

u ))

whereL i tem
con andL user

con denote the contrastive losses for items and users. SetsNu andNi

contain non-interacting users and items used as negative samples for user u and item i ,

respectively. P represents positive interaction pairs. The contrastive losses aim to maxi-

mize the similarity between the corresponding LLM-based and CF-based embeddings for

pairs in P , while minimizing similarity with the embeddings in Nu and Ni . sim(·) is the
similarity function to compute cosine similarity among embeddings, and ϕ⇓ is a multi-

layer perceptron aligning LLM-based embeddings to the CF-based feature space. By mini-

mizing these two contrastive losses, we compute the final unbiased LLM-based item/user

embedding as

(3.21) e i = eLLMi ↔ω⇔eLLMi L i tem
con , eu = eLLMu ↔ω⇔eLLMu L user

con

where ω is the parameter balance the influence of LLM-based and CF-based embeddings.

⇔eLLMi and ⇔eLLMu are the gradients of the contrastive loss with respect to the eLLMi and

eLLMu . e i and eu are the generated unbiased LLM-based embeddings for item i and user

u, respectively, capturing rich semantics while mitigating the inherent exposure biases in

LLMs’ training texts.
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The second componentDual Propensity Score Estimation leverages the estimated un-

biased LLM-based embeddings to compute dual propensity scores fromboth itemanduser

sides. These propensity scores estimate the likelihood of observing a user-item interaction

in a given situation, which can help address exposure biases from itempopularity and vary-

ing user activity levels by reweighting each interaction’s importance [218, 211]. Moreover,

as exposure patterns may change over time and introduce temporal confounding effects,

thus we integrate interaction timestamps into the propensity score calculations to address

temporal confounding effects as well.

Specifically, we employ two Gated Recurrent Unit (GRU) networks [32] to process the

item and user sequences separately. Since GRUs have been proven for efficiently capturing

sequential dependencies, making them ideal for modeling user-item sequential interac-

tions [234]. For the item-side propensity score, we extract the item interaction sequence

h<t
u = [i1, . . . , ik , . . . , iK ], where ik is the k-th item that user u interacted with before time t .

K is the total item number. The GRU processes this sequence with unbiased LLM-based

embeddings e ik (e.g., e i ) from Eq (3.21) to output the item sub-sequence representation:

(3.22) y (ik) ,zk =GRU
(
e ik ,zk↔1

)

where zk and zk↔1 denote the GRU hidden states at layers k and k ↔ 1 respectively. GRU

is the GRU cell to processes the sequence. The output item sub-sequence representation

y (ik) encodes the sequential dependencies for items [i1, . . . , ik ]. After processing the com-

plete sequence, we compute the item-side propensity score P
(
i ,h<t

u
)
as

(3.23) P
(
i ,h<t

u
)
=max


exp

(
e↖i y (iK )

)
∑

i ↗→I exp
(
e↖i ↗ y (iK )

) ,Q


where P
(
i ,h<t

u
)
represents the likelihood of user u interacting with item i at time t , given

their historical sequence h<t
u . The threshold Q ensures numerical stability by preventing

extreme propensity values.

For the user-side propensity score, we also extract the user interaction sequence h<t
i =

[u1, . . . ,uk , . . . ,uK ], which captures the sequence of users who interacted with item i before

time t , where K denotes the number of users. Likewise, the GRU processes h<t
i sequen-

tially using unbiased LLM-based user embeddings euk (e.g., eu) obtained from Eq (3.21)) to

generate the user sub-sequence representation:

(3.24) y (uk) ,zk =GRU
(
euk ,zk↔1

)

where zk and zk↔1 denote the GRU hidden states at layers k and k ↔ 1 respectively. The

output user sub-sequence representation y (uk) encodes the sequential dependencies for
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users [u1, . . . ,uk ] who previously interacted with item i . Upon processing the complete se-

quence, we compute the user-side propensity score P
(
u,h<t

i

)
as

(3.25) P
(
u,h<t

i

)
=max


exp

(
e↖u y (uK )

)
∑

u↗→U exp
(
e↖u↗y (uK )

) ,Q


where P
(
u,h<t

i

)
represents the likelihood of user u interacting with item i at time t , condi-

tioned on the item’s historical user interaction sequence h<t
i .

The third component Transformer leverages transformer architecture as our model

backbone to integrate the estimated dual propensity scores for accurate preference mod-

eling. Given transformers’ proven capability in capturing complex temporal dependen-

cies [207, 37], they serve as an ideal choice for sequential recommendation tasks. Through

parallel processing of item and user sequences, the transformer generates comprehensive

user and item embeddings that encode both temporal dynamics and interaction patterns.

These embeddings are then fusion through a multi-layer perceptron (MLP) to predict user

preferences, effectively mitigating exposure bias and temporal confounding effects for un-

biased sequential recommendations.

Specifically, we first use two transformers to process the item sequence h<t
u and user

sequence h<t
i separately. For a target interaction tuple (u, i , t ), we compute the overall item

representation as the concatenation of unbiased LLM-based item embedding and user his-

torical sequence embedding:

(3.26) eu(u, i , t )=

e
(
h<t
u

)
⇑e i



where eu(u, i , t ) captures both item semantics and sequential dependencies. ⇑ is the con-

catenation. e
(
h<t
u

)
is the vector that encodes the sequence h<t

u by averaging the trans-

former’s output:

(3.27) e
(
h<t
u

)
=Mean

(
Transformer

(
e i1 , . . . ,e iK

))

where Mean is the mean pooling operation. Transformer is a transformer architecture.

Likewise, the overall user representation is obtained by concatenating the unbiased LLM-

based user embedding and item historical sequence embedding:

(3.28) e i (u, i , t )=

e
(
h<t
i

)
⇑eu



where e i (u, i , t ) is the overall user representation of the tuple (u, i , t ), capturing both the

semantics of the user u and sequential dependencies from the item i ’s past interactions.

e
(
h<t
i

)
is the vector that encodes the sequence h<t

i by averaging the transformer’s output:

(3.29) e
(
h<t
i

)
=Mean

(
Transformer

(
eu1 , . . . ,euK

))
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Next, we predict user preferences by feeding the concatenated item and user represen-

tations into anMLP:

(3.30) r̂ =ϕ
(
MLP

(
eu(u, i , t )⇑e i (u, i , t )

))

whereMLP is amulti-layer perception outputting the preference score r̂ for the target tuple

(u, i , t ). ϕ is the sigmoid function mapping the preference score r̂ to a probability between

0 and 1.

To train our model effectively, we design an unbiased learning objective incorporating

propensity scores and contrastive alignment. First, we define the user-side Lu and item-

sideLi propensity losses:

(3.31) Lu =
∑

(u,i ,t )→D

ϖ (c, r̂ )

P
(
i ,h<t

u
) , Li =

∑

(u,i ,t )→D

ϖ (c, r̂ )

P
(
u,h<t

i

)

where ϖ is the cross-entropy loss between ground truth c and prediction r̂ . D is the train-

ing set. By incorporating the propensity scores P
(
i ,h<t

u
)
and P

(
u,h<t

i

)
, we reweight the

importance of each sample tomitigate exposure biases, assigning higher weights to under-

exposed samples and lower weights to over-exposed ones. Then, we combine the Lu and

Li with the contrastive alignment of unbiased LLM-based embeddings to obtain the final

learning objective:

(3.32) L =εL i tem
con +εL user

con +γLu + (1↔ε↔ε↔γ)Li

where ε, ε, and γ are parameters to balance the item contrastive loss, user contrastive loss,

and user side loss, respectively. By optimizingL , we jointly learn unbiased item/user rep-

resentations while mitigating exposure bias from both item and user sides.

3.2.3 Experiments

3.2.3.1 Datasets

Weconduct experiments on three datasets:MovieLens-1M4, Amazon-Books5, andAmazon-

Beauty6. As shown in Table 3.3,MovieLens-1M has 1 million movie ratings from 6040 users

on 3706 movies, Amazon-Books has 22 million ratings from 8 million users on 2 million

books, and Amazon-Beauty has 198502 reviews from 22363 users on 12101 beauty prod-

ucts. For each dataset, we filter out users and items with less than 10 interactions to ensure

data quality, then split the data into train/validation/test as 70%/10%/20%, respectively.
4https://grouplens.org/datasets/movielens/1m/
5http://jmcauley.ucsd.edu/data/amazon/
6http://jmcauley.ucsd.edu/data/amazon/
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Table 3.3: LDPE: Statistical details of three datasets.

Statistics MovieLens-1M Amazon-Book Amazon-Beauty
#User 6,040 8,000,000 22,363
#Item 3,706 2,000,000 12,101
#Interaction 1,000,000 22,000,000 198,502
#Density 4.47% 0.00014% 0.0733%

3.2.3.2 Baselines and Evaluation

For implementation, we set the embedding dimension to 128, using Adam optimizer with

batch size 256. The learning rate is tuned in [0.0001, 0.001, 0.01, 0.1], while parametersω, ε,

ε, and γ are searched in [0, 1] with step size 0.1. The thresholdQ is tuned in [0.01, 0.1, 1]. For

a fair comparison, we tune the baselines’ parameters within the same ranges as ours and

employ T5 [31] as our LLM encoder, consistent with the baselines. For evaluation metrics,

we adopt three widely used metrics [59, 96, 233]: Pr@K for recommendation quality, Re@K

for completeness, and NDCG@K for ranking quality considering item positions.

To evaluate our proposed LDPE, we selected the below state-of-the-art methods:

• MOJITO [168]: leverages Gaussian mixtures in attention mechanisms within trans-

formers to enhance sequential recommendations.

• DRec [212]: implements dual propensity scoring to reduce exposure biases by con-

sidering both items and users in SRSs.

• ITPS [37]: uses inverse temporal propensity scores with bidirectional transformers to

tackle exposure bias in SRSs.

• DRO [225]: applies distributionally robust optimization to system exposure data to

mitigate exposure bias.

• G4Rec [70]: uses RNNs to detect sequential patterns and facilitate recommendations

via session-parallel mini-batch training.

• NARM [96]: integrates RNNs with item-level attention to highlight users’ primary in-

terests, enhancing sequential recommendations.

• ReLLa [107]: employs a retrieval-enhanced method using LLMs to parse extensive

user behavior sequences for better recommendations.

• C4Rec [256]: merges collaborative filtering with LLMs, adopting a soft+hard prompt-

ing strategy to refine recommendation processes.
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Table 3.4: LDPE: Recommendation performance comparison: the best results are bolded,
while the best baselines are underlined.

Dataset Metric MOJITO DRec ITPS G4Rec NARM ReLLa C4Rec RLMRec DRO KHGT LDPE Improv%

MovieLens
-1M

Pr@5 48.83 47.01 46.42 45.83 48.85 50.25 51.23 49.36 45.92 50.18 56.62 10.52%
Pr@10 51.22 51.53 48.99 47.83 50.15 52.36 53.39 53.68 48.61 54.46 59.63 11.09%
Pr@20 56.51 55.78 51.33 52.36 53.66 56.03 55.78 57.77 51.25 56.81 62.02 7.36%
NDCG@5 55.63 56.66 51.36 48.69 50.68 61.02 58.95 55.78 49.68 57.99 64.58 5.83%
NDCG@10 59.81 58.91 54.47 51.14 56.91 65.51 61.25 58.91 52.36 62.39 68.36 4.35%
NDCG@20 64.57 62.83 59.47 53.24 58.85 68.68 65.52 60.14 55.78 64.86 70.01 1.94%
Re@5 50.12 55.12 48.82 42.63 45.61 59.85 50.18 48.87 43.23 47.63 63.06 5.36%
Re@10 53.52 57.82 52.25 46.86 47.18 63.33 55.58 52.74 45.98 49.69 66.87 5.59%
Re@20 59.89 60.01 56.37 52.13 49.99 65.65 60.04 55.99 48.71 52.39 71.05 8.23%

Amazon
-Book

Pr@5 35.55 38.88 36.87 40.14 52.22 53.63 55.98 50.05 41.14 44.78 59.91 7.02%
Pr@10 36.17 40.45 39.81 42.69 54.37 56.88 57.76 53.36 44.86 48.17 62.39 8.01%
Pr@20 39.46 44.23 41.32 45.68 58.86 60.05 61.25 58.59 47.98 52.36 66.66 8.83%
NDCG@5 51.59 48.99 41.55 42.13 55.55 58.89 56.18 54.41 52.02 55.66 61.36 4.19%
NDCG@10 59.94 52.23 44.44 43.39 57.69 61.25 58.92 56.39 55.74 58.91 64.33 5.03%
NDCG@20 62.33 58.67 48.61 46.25 60.06 65.33 61.99 59.88 58.49 61.17 67.02 2.59%
Re@5 40.44 38.91 33.65 36.63 47.74 58.88 59.85 57.72 48.87 48.89 63.88 6.73%
Re@10 45.68 45.61 37.54 38.91 49.81 61.78 61.05 59.06 50.07 51.25 66.74 8.04%
Re@20 50.08 48.87 39.99 41.05 52.05 63.57 62.99 60.85 53.67 54.32 68.81 8.24%

Amazon
-Beauty

Pr@5 40.41 41.58 38.14 41.25 55.38 58.89 58.81 55.56 50.05 47.79 61.69 4.75%
Pr@10 42.68 44.68 41.12 46.36 58.69 62.25 60.09 58.29 53.46 51.36 63.58 2.14%
Pr@20 46.32 47.52 45.68 48.83 60.36 64.44 62.33 60.08 56.65 54.69 67.77 5.17%
NDCG@5 50.12 48.99 44.61 45.56 58.81 60.33 62.26 59.81 60.05 56.65 67.51 8.43%
NDCG@10 55.78 51.23 45.85 48.91 61.25 62.87 64.66 63.07 62.75 59.99 69.99 8.24%
NDCG@20 60.12 55.67 51.05 52.36 63.33 66.67 67.89 65.26 65.84 63.34 71.25 4.95%
Re@5 45.39 45.51 39.41 41.14 50.15 53.31 54.98 52.28 56.89 57.81 60.05 3.87%
Re@10 47.81 48.96 42.57 45.36 52.36 56.87 57.08 55.64 58.99 60.36 64.78 7.32%
Re@20 51.98 52.01 45.66 47.77 55.55 59.05 60.01 57.81 60.06 62.36 66.37 6.43%

• RLMRec [135]: uses LLMs for detailed profiling of users/items, aligning this with col-

laborative data to bolster representation learning.

• KHGT [207]: uses LLMs to analyze multiplex user-item interactions and knowledge-

aware item relations for multi-behavior recommendation.

3.2.3.3 Result Analysis

Performance Comparison: To evaluate the recommendation performance of LDPE, we

compare it with state-of-the-art baselines across three datasets using Pr@K, NDCG@K, and

Re@K. As shown in Table 3.4, we found that LDPE consistently outperforms all baselines,

with significant improvements onMovieLens-1M (e.g., 11.09%onPr@10, 4.35%onNDCG@10,

5.59% on Re@10) and similar gains on Amazon-Book and Amazon-Beauty. These superior

results can be attributed to LDPE’s novel integration of LLMs and causal inference, which

captures rich interaction semanticswhilemitigating both item-side anduser-side exposure

biases for robust sequential recommendations. Moreover, the consistent improvements

across three different datasets show LDPE’s superior adaptability in diverse domains.

Ablation Study: To analyze component contributions, we conduct ablation studies by

removing or replacing each component.URL denotes replacing the unbiased representa-
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tion learning component with traditional matrix factorization. CF and LLM denote only

use CF-based embedding and LLM-based embedding, respectively. IPS andUPS denote

removing the item-side and user-side propensity score estimation, respectively. ALL is the

complete LDPE model. Figure 3.10 presents that unbiased representation learning is the

most crucial one,with its removal causing significant drops inNDCG@20: 40.8%onAmazon-

Beauty and 45.3%onAmazon-Book.Within this component, LLM-based embedding proves

more impactful than CF-based embedding, highlighting the importance of semantic un-

derstanding. Additionally, removing propensity scores demonstrates their importance,with

IPS removal showing a 14.56% drop compared toUPS’s 11.26% drop on Amazon-Beauty’s

NDCG@20, confirming the necessity of addressing exposure bias from both perspectives.

Figure 3.10: LDPE: Ablation study.

LLM Choice Comparison: To identify the most efficient LLM for LDPE, we evaluate

four state-of-the-art LLMs on LDPE’s performance, including Llama2 [166], Alpaca [162],

ChatGPT [204], and T5 [31]. These LLMs have been pre-trained on extensive textual data,

showing exceptional capabilities in capturing rich semantics and generating robust em-

beddings. Figure 3.11 show that T5 consistently outperforms other LLMs across all met-

rics, achieving the highest NDCG@20 of 70% onMovieLens-1M and 67% on Amazon-Book,

surpassing the second-best performers around 4%. T5’s superior performance can be at-

tributed to its text-to-text framework, which enables the unified handling of complex text-

understanding tasks. Based on these results, we select T5 as LDPE’s LLM encoder for its

strong capability in semantic information extraction.

Parameter Sensitivity Analysis: To evaluate LDPE’s sensitivity to various parameter

configurations, we conduct a sensitivity analysis on four key parameters: ε, ε, γ, and ω.

ω manages the trade-off between LLM-based and CF-based embeddings, while ε, ε, and
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Figure 3.11: LDPE: Backbone LLM encoder selection comparison.

γ balance the item contrastive loss, user contrastive loss, and user side loss, respectively.

Each parameter was tuned within the range of [0, 1] with a step size of 0.1. MovieLens-1M

andAmazon-Book are selected to examine the parameter sensitivity as they differ in density

and domain, which can ensure the scalability of LDPE. Figure 3.12 presents the LDPE’s per-

formance on these datasets, where optimal values are ω= 0.4, ε= 0.6, ε= 0.4, and γ= 0.2.

It means a slight emphasis on CF-based embedding, and a higher emphasis on item con-

trastive loss compared to user contrastive loss and user side loss, enables LDPE’s best per-

formance. These findings show LDPE’s robustness across different parameter settings and

reveal the relative significance of each component in the final objective.

Figure 3.12: LDPE: Parameter analysis overMovieLens-1M.

Time Complexity Analysis: Table 3.5 presents the average inference response time per

query for all baseline models across three benchmark datasets: MovieLens-1M, Amazon-

Books, andAmazon-Beauty. Generally, G4Rec andNARMachieve the lowest response times

due to their streamlined recurrent architectures, while methods such as MOJITO, DRec,

and ITPS display moderate inference speeds. More complex models like ReLLa, C4Rec,

RLMRec, and DRO incur slightly higher computational costs, reflecting their use of ad-

vanced semantic or robust optimizationmodules. KHGTexhibits the highest response times
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on all datasets, attributable to its knowledge-aware reasoning. Our proposed LDPE model

demonstrates competitive efficiency, with average response times of 84 ms, 91 ms, and 98

ms on MovieLens-1M, Amazon-Books, and Amazon-Beauty, respectively. The results indi-

cate that, despite the increased complexity introduced by causal dual propensity estima-

tion, LDPE maintains practical inference efficiency across diverse recommendation sce-

narios, striking a favorable balance between computational overhead and improved per-

formance.

Table 3.5: Average inference response time (ms) of all baseline models on three benchmark
datasets.

Model MovieLens-1M Amazon-Books Amazon-Beauty
MOJITO 62 70 77
DRec 76 83 90
ITPS 79 86 92
G4Rec 55 62 68
NARM 59 65 71
ReLLa 88 94 102
C4Rec 92 99 109
RLMRec 89 97 105
DRO 83 89 96
KHGT 99 106 116
LDPE 84 91 98

3.2.3.4 Summary

In this work, we propose LDPE, a novel framework that integrates LLMs and causal in-

ference to address RQ1 regarding bias mitigation in recommender systems. By aligning

LLM-based semantic embeddings with collaborative information, LDPE generates unbi-

ased user/item embeddings and estimates time-aware dual propensity scores to fully mit-

igate both item-side and user-side exposure biases. Extensive experiments show LDPE’s

superior performance over state-of-the-art baselines, while future work will focus on en-

hancing recommendation explainability through the LLMs and other causal techniques.
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CAUSAL MODELS FOR COMPLEX RECOMMENDATIONS

Building upon the foundational debiasing strategies introduced in Chapter 3, this chapter

extends causal modeling tomore complex recommendation scenarios where confounding

biases manifest in intricate graph and sequential structures. While Chapter 3 focuses on

isolating attribute-level (CCR) and exposure-level (LDPE) confounders in relatively struc-

tured settings, the models in this chapter—CGSR, GCRec, and CEDA—further generalize

these ideas to address higher-order confounding effects in session graphs, multi-relational

user-item networks, and social diffusion patterns, respectively. Specifically, CGSR inherits

the idea of blocking spurious paths (like in CCR) but applies it to session graphs by dis-

rupting shortcut propagation through causal edge dropout. GCRec builds on LDPE’s use

of causal graphs and propensity scoring but extends to multi-confounder settings using

backdoor adjustment strategies. Finally, CEDA leverages causal intervention principles to

restructure information diffusion paths in social networks, inspired by the exposure adjust-

ment logic of LDPE but adapted for user-user influence graphs. Together, the three causal

models in this chapter demonstrate how causal debiasing principles can be adapted and

expanded to fit the complexity of real-world recommendation environments.
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4.1 Causality-Guided Graph Learning for Session-based

Recommendation

4.1.1 Overview

Session-based recommendation systems (SBRs) aim to capture evolving user preferences

by taking into account the sequential order of interactions within sessions [70, 153]. Gen-

erally, traditional SBRs generate complex session graphs based on sequential interactions

and then explore user behavior patterns from the graph for next-item recommendations.

However, these methods mainly rely on attention or pooling mechanisms that are prone

to exploiting shortcut paths in session graphs. Shortcut paths were originally a concept in

computer vision that occurs when a user quickly navigates between items without mean-

ingful intermediate interactions. This can lead to suboptimal recommendations by causing

the model to miss important contextual information and causal relationships that can im-

prove the accuracy of recommendations.

4.1.1.1 Research Objective

This study aims to address RQ2 regarding how causal inference can enhance recommender

system robustness against spurious correlations in complex scenarios. Generally, we focus

on developing a principled causal framework that can effectively identify and block short-

cut paths in complex session graphs to distinguish between spurious corrections and true

causal relationships in SRSs. Thereby, generating more robust and accurate recommenda-

tions by focusing on true causal patterns while providing interpretable explanations for the

recommended items.

4.1.1.2 The ProposedMethod

To achieve the aforementioned objectives, we propose a novel approach called Causality-

guided Graph Learning for Session-based Recommendation (CGSR) with two synergistic

components:

• Distillation employs back-door adjustment of causality to block shortcut paths on

the session graph, producing a distilled session graph that captures only genuine

causal relations among items.
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• Aggregation performs multi-layer aggregation over different edge types on the dis-

tilled session graph to estimate session preferences, incorporating rich semantics

from various interaction patterns to learn users’ true intentions.

The key contributions of this research are summarized as follows:

• We propose a novel causal-basedmethod CGSR that effectively blocks shortcut paths

and exploits the causal features for capturing the user’s true intentions in the session-

based recommendation.

• We design an innovative causality-guided graph learning framework that can gener-

ate interpretable graphs with pathways to highlight the items that have a significant

causal impact on user preferences.

• We develop a principled approach to perform high-order aggregation over the dis-

tilled session graph, enabling more accurate modeling of complex user preferences

while improving the explainability.

4.1.2 CGSR

4.1.2.1 ProblemDefinition

Let S = s1, s2, · · · , ss be the set of anonymous sessions over the itemuniverse I = i1, i2, · · · , i|I |.
To capture transitions between items, we construct a session graphG =I ,E using all avail-

able sessions in the training data, where I is the set of items and E = εi j is the set of di-

rected edges (see Figure 4.1). Specifically, an edge εi j is created if item i j directly follows

item ii in any session. However, it is important to note that this transformation from ses-

sion sequences to session graphs is generally lossy. That is, the session graph does not pre-

serve the complete sequential order of items within each session; consequently, it is often

impossible to reconstruct the original session sequences from the graph alone. Multiple

distinct sequences can be mapped to the same graph structure, resulting in information

loss regarding the order of user interactions. To address this limitation, recent work [27]

has proposed lossless transformation strategies that augment the session graph with addi-

tional information, such as edge attributes or order encodings. These enhancements allow

the original session sequence to be uniquely reconstructed from its graph representation,

thereby minimizing information loss during the transformation process. In this work, we

focus on accurately predicting users’ next interactions andmitigating shortcut paths in the

session graph, which can distort the estimation of users’ true preferences.
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Figure 4.1: An example of a session graph derived from the session data.

To achieve accurate predictions, it’s crucial to analyze the session graph from a causal

perspective and construct a structural causal model to mitigate the influence of short-

cut paths [188, 187, 186]. As shown in Figure 4.2, we design a causal graph showing re-

lationships among five key variables: graph representation A, shortcut feature B , causal

feature C , graph data D , and prediction Y . A back-door path lies between C and Y (i.e.,

C ≃ D ↓ B ↓ A ↓ Y ), where B acts as a confounder creating spurious correlations. To

block this back-door path, we employ the back-door adjustment of causal inference:

(4.1) P (Y | do(C ))= P (Y |C )=
∑

B→T
P (Y |C ,B)P (B)

where T denotes the confounder set, P (Y | C ,B) represents the conditional probability

given C and B , and P (B) is the confounder’s prior probability. Through this back-door ad-

justment, we can effectively block shortcut paths and preserve true causal relationships in

the session graph, enabling more accurate recommendations while providing fine-grained

explanations for interactions.

Figure 4.2: Our designed causal graph for SRSs.

4.1.2.2 Methodology

Figure 4.3 shows the overall framework of our proposed CGSR, which operates on a pre-

trained initial session graph to address shortcut paths through Distillation and Aggrega-

tion component. To represent the structure of the session graph, we begin by constructing
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node featurematrix X →R|I |↙d ofG , where each row corresponds to a node in the graph and

each column corresponds to a feature. Then, we build the adjacency matrix A → R|I |↙|I |,

where A[i , j ]= 1 if edge εi j exists, otherwise is 0. To capture temporal dependencies in the

session graph, we employ GRUs to learn item representations by processing sequential in-

put {x i1,x i2, ...,x i t }, where each is the attribute vector of the item ii at time t . The initial

hidden state of the GRUs at time step t = 0 is defined as hi0 = 0 → Rd, which is an all-zero

vector in d dimension. Then, the GRU updates hidden states as follows:

(4.2)

z t =ϕ
(
Wzx i t +Uzhi (t↔1)+bz

)

r t =ϕ
(
Wr x i t +Urhi (t↔1)+br

)

hi t = (1↔ z t )∝hi (t↔1)+ z t ∝ h̃i t

h̃i t = tanh
(
Wx i t +U

(
r t ∝hi (t↔1)

)
+b

)

where hi t →Rd is the hidden state at time step t and represents the item ii at that time step.

ϕ is the sigmoid function. ∝ is element-wise multiplication. W and U are weight matrices

for transferring the previous hidden state into the candidate hidden state h̃t . The weight

matricesWr ,Ur ,Wz , andUz are additional learnable parameters.

Figure 4.3: The overall framework of our proposed method CGSR.

Using the obtained item representations hi t , we decompose the input session graph

into causal and trivial proposals, i.e., causal graph and trivial graph [155]. Specifically, we

employ Multi-Layer Perceptrons (MLPs) to compute attention scores from both item and

edge perspectives:

(4.3)
ωci = so f tmax (MLP(hi t )) ,ωti = so f tmax (MLP(hi t ))

εci j = so f tmax
(
MLP

(
hi t⇐h j t

))
,εti j = so f tmax

(
MLP

(
hi t⇐h j t

))
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where h j t is the hidden state of item i j at time t , which is the same as hi t for item ii . ⇐ de-
notes the concatenation and MLP denotes the MLPs. ωci /ωti and εci j /εti j are normalized

attention scores for items and edges. These scores are used to construct soft masks [238]

Ma →R|I |↙|I | andMx →R|I |↙1. Each element ranged between 0 and 1 denotes the attention

score relevant to the task of interest, defining the importance of each element to the predic-

tion. Next, we define their complementary masks asMa = 1↔Ma andMx = 1↔Mx , where 1

is the all-one matrix. Lastly, we divide the G into the causal graph (e.g., captures the causal

relations for users’ preferences) and trivial graph (e.g., includes the shortcut patterns) as

Gi = {A∝Ma ,X ∝Mx} and Ge =
{
A∝Ma ,X ∝Mx

}
, respectively.

Having the causal and trivial graphs, we then adopt twoGraphAttentionNetworks [153]

to learn their representations andmake predictions:

(4.4)
EGi = freadout (Att(WiXi ,Ai ))

EGe = freadout (Att(WeXe ,Ae))

where Att(·) performs multi-head attention over transformed node features WiXi/WeXe

and adjacency matrices Ai/Ae freadout is readout function [155] aggregates node-level fea-

tures into graph-level representations.WiXi andWeXe are linear transformations of the in-

put feature matrices for Gi and Ge , which are computed as the multiplication between the

Wi and Xi . The same computation process is applied to WeXe . Following that, the cross-

entropy loss functions for Gi and Ge are defined as

(4.5)

Lsup =↔ 1
|D|

∑

G→D
y↖G log

(
EGi

)

Luni =
1
|D|

∑

G→D
KL

(
yuni ,EGe

)

whereLsup minimizes cross-entropy between predicted distribution EGi and ground-truth

yG over training data D. Luni uses KL-divergence to push predictions in trivial graph EGe

toward uniform distribution yuni, helping capture shortcut patterns [155].

Now, we begin to implement the back-door adjustment over the generated two graphs,

which can eliminate the effects of shortcut features on the shortcut path in the session

graph. Specifically, we pair the target causal graph with each stratification of the trivial

graph to create the intervened graphs, which means the back-door adjustment is imple-

mented on the representation level. Mathematically, we have

(4.6)

zG ↗ =ω
(
EGi ∝EGe

)

Lcau =↔ 1

|D| · |T̂ |
∑

G→D

∑

t ↗→T̂
y↖G log(zG ↗)
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where zG ↗ is the representation of the intervened graph obtained through element-wise

multiplication∝ andmapping functionω. T̂ is the estimated stratification set of the trivial

graph capturing the shortcut features from training data. The resulting G ↗ can be inferred

as the distilled session graph. Finally, the overall distillation objectiveLdi s is defined as:

(4.7) Ldi s =Lsup +Luni +Lcau

By optimizing theLdi s , we generate a distilled session graph that preserves only true causal

relationships by blocking shortcut paths.

Next, the second component Aggregation aims to predict user preferences by perform-

ing high-order information propagation over the distilled session graphG ↗. Specifically, for

each item ii and user uu , we define their neighbor setsSi andSu based on edge types rout
and ru respectively. This multi-edge type enables capturing complex user-item relation-

ships and rich semantic patterns that can enhance recommendations. Given that sequen-

tial item interactions often exhibit attribute similarities reflecting user preferences [95], we

compute normalized similarity scores between adjacent items ii and i j as

(4.8) wi , j = x↖
i · x j , ŵi , j =

wi , j∑
k→Si wi ,k

where the x i and x j are attribute vectors for these two items. · is the dot product.wi , j repre-

sents the similarity score among items ii and i j . ŵi , j represents the normalized similarity

score for edge type rout . Similar normalization is applied for edge types rin and ru using

their respective neighbor sets, forming the foundation for the adjacency matrix of the dis-

tilled session graph G ↗. Following that, we generate high-quality item representations for

session preference based on the estimated normalized similarity score. Specifically, we em-

ploy GNNs to aggregatemessages from different edge types. Taking the outgoing edges rout
as an example, we accumulate the messages as

(4.9)
i (l )Si

= 1
|Si |

∑

k→Si

i (l↔1)i

i (l )i ,rout
=RELU

(
ŵ (l )

i , j


i (l )Si

⇐i (l↔1)i

)

where i (l↔1)i is the item representation at layer l ↔ 1, initialized with h2t from the GRU to

capture temporal dependencies. RELU denotes the relu activation function. The normal-

ized similarity score ŵ (l )
i , j weights the importance of neighbor informationwhen generating

the aggregated representation i (l )i ,rout
with edge type rout .

Similarly, we perform aggregation operations for edge types ru and rin to capture di-

verse relationship patterns. For user-connected edges i (l )i ,ru
, we compute i (l )i ,ru by aggregat-

ing information from user neighbors. For incoming edges, we compute i (l )i ,r in from input
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item neighbors. Both processes use normalized weights ŵ (l )
u,i and ŵ (l )

i , j respectively. The fi-

nal layer-wise representation combines information across all edge types:

(4.10) i (l )i =mean
(
i (l )i ,ru

, i (l )i ,rin
, i (l )i ,rout

)

where mean(·) represents a mean operation that takes the average of all messages. This

multi-type aggregation generates comprehensive item representations i (l )i in l layer that

captures rich semantic patterns from high-order neighborhood interactions.

Likewise, once anonymous users interact with items in sessions, we generate high-

quality user representations through their high-order connections as

(4.11)
u(l )
Su

= 1
|Su |

∑

i→Su

i (l↔1)i

u(l )
u,ru =RELU

(
ŵ (l )

u,i


u(l )
Su

⇐i (l↔1)i

)

where ŵ (l )
u,i is the normalized similarity score between user uu and item ii in the l layer. The

resulting u(l )
u,ru denotes the aggregated user representation in the l layer with edge type ru .

Since users are only connected with the interacted items in sessions via the edge type ru ,

thus we define u(l )
u as the aggregated user representation as

(4.12) u(l )
u =mean

(
u(l )
u,ru

)

where u(l )
u aggregates information from a user’s interacted items through weighted averag-

ing, capturing user preferences through the lens of item-user relationships. This aggrega-

tion allows us to capture the user’s preferences based on specific edge types, representing

the fine-grained level relationship between the user and items.

Next, we aggregate the item and user representations at each layer to construct the final

global-level item and user representation as

(4.13) uu =
L∑

l=0
ω(l )u

(l )
u , i i =

L∑

l=0
ω(l )i

(l )
i

where ω(l ) are learnable importance weights for each layer through backpropagation. uu

and i i are the final global-level user and item representation, respectively. To account for

the asymmetric contributions of users and items to session preferences, we employ an

adaptive gating mechanism g :

(4.14)
g =ϕ (θ (i i⇐uu))

su = g · i i +
(
1↔ g

)
·uu

68



4.1. CAUSALITY-GUIDED GRAPH LEARNING FOR SESSION-BASED RECOMMENDATION

where g is a scalar value between 0 and 1, computed using a trainable parameter θ and

concatenated representations of i i and uu . su is the final session preference embedding

generated by dynamically weighting the user and item representations through gate g , cap-

turing high-order interaction patterns from the distilled session graph. If g is close to 1,

more weight is given to the i i , otherwise, more weight is given to the uu . So far, we have the

session preference representation su of the user containing rich semantics fromhigh-order

neighbors over the distilled session graph.

Finally, our last component Recommendation leverages the generated session prefer-

ence su to make Top-K recommendations. Specifically, we compute the recommendation

probability ŷ of candidate items and its objective can be formulated as

(4.15)

ŷi = so f tmax
(
su↖ · i 0i

)

L =↔
|I |∑

i=1
yi log

(
ŷi

)
+

(
1↔ yi

)
log

(
1↔ ŷi

)
+λLdi s

where yi is the binary interaction label and i 0i is the item’s initial representation capturing

its intrinsic features independent of session context. Themodel computes similarity scores

between su and i 0i , normalizes them through so f tmax, and optimizes the objective L

with distillation regularization controlled byλ. By optimizing theL , we canblock the effect

of shortcut paths in session graphs for more robust SRSs.

Figure 4.4: CGSR: The workflow of our proposed CGSR.

4.1.3 Experiments

4.1.3.1 Datasets

We evaluate our proposed CGSR on two widely used real-world datasets: Yoochoose1 and

Diginetica2, as shown inTable 4.1. Following priorwork [96, 110, 203], sinceYoochoose is too

1http://2015.recsyschallenge.com/challege.html
2http://cikm2016.cs.iupui.edu/cikm-cup
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large for training, we use 1/64 and 1/4 subsets of Yoochoose, denoted as Yoochoose 1/64 and

Yoochoose 1/4 containing click events in session form. Diginetica is a dataset from CIKM

Cup 2016 that comprises sessions extracted from E-commerce search logs. All datasets are

split into training, testing, and validation sets with a ratio of 70%/20%/10%, respectively.

Table 4.1: CGSR: Statistical details of the three datasets.

Statistics Yoochoose 1/64 Yoochoose 1/4 Diginetica
# clicks 557,248 8,326,407 982,961
# training sessions 369,859 5,917,746 719,470
# test sessions 55,898 55,898 60,858
# items 16,766 29,618 43,097
Average session length 6.16 5.71 5.12

4.1.3.2 Baselines and Evaluation

Following prior work [127, 27, 57], we use three widely usedmetrics for evaluating the Top-

K recommendation: Precision (Pr@K)measuring the proportion of relevant items,Hit Ratio

(HR@K) capturing the proportion of interacted items, andMean Reciprocal Rank (MRR@K)

indicating the ranking position of the first relevant item in Top-K recommendations. For

implementation, we set embedding dimension d=100 and initialize all parameters using a

Gaussian distribution with a mean of 0 and a standard deviation of 0.1. To optimize para-

meters, we use the Adamoptimizer with learning rate 0.001 (decayed by 0.1 every 5 epochs)

and batch size 100. To ensure data quality, sessions with fewer than 5 interactions are fil-

tered out.We compare CGSRwith the below state-of-the-art SBRs to verify its effectiveness:

• Item-KNN [144] recommends items similar to previously interacted items based on

the cosine similarity among their embeddings.

• STAMP [110] uses a memory attention mechanism to learn general preferences and

the last item as the recent preferences to generate recommendations.

• SR-GNN [203] employs GNNs tomodel complex dependencies among items over the

session graph to generate recommendations.

• GCE-GNN [194] employsGNNs to learn item transitions in the session graph formore

robust SBRs.

• A-PGNN [241] employs GCNs to learn item transitions in the session graph for per-

sonalized SBRs.
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Table 4.2: CGSR: Recommendation performance comparison: the best results are in bold,
while the best baselines are underlined.

Dataset Yoochoose 1/64 Yoochoose 1/4 Diginetica
ModelMetrics Pr@5 Pr@10 HR@5 HR@10 MRR@5 MRR@10 Pr@5 Pr@10 HR@5 HR@10 MRR@5 MRR@10 Pr@5 Pr@10 HR@5 HR@10 MRR@5 MRR@10
ItemKNN 39.84 42.67 30.15 33.28 15.51 17.36 41.83 44.51 34.52 36.66 7.71 10.25 28.83 30.25 20.01 21.55 8.12 10.99
STAMP 60.14 64.45 41.16 44.82 27.72 28.88 65.18 68.04 44.71 48.01 26.36 29.45 40.1 44.01 31.25 34.51 11.11 14.32

GRU4Rec 48.17 51.98 35.61 37.77 18.77 20.14 47.78 50.17 36.61 38.96 22.22 25.51 23.34 27.77 14.57 16.76 6.86 10.57
NARM 58.11 62.33 42.11 45.51 21.14 25.41 59.81 64.58 40.14 42.25 24.48 27.88 38.67 45.36 29.91 31.26 12.21 15.22
SG-GNN 61.28 65.78 43.68 47.7 26.63 29.43 61.15 67.81 42.66 45.11 29.91 36.55 42.61 47.55 33.75 35.91 12.63 16.51
GCE-GNN 67.77 70.5 45.55 47.13 26.89 34.14 67.51 74.41 46.71 48.81 31.11 34.99 47.88 53.32 41.56 42.52 20.25 28.62
H-RNN 65.65 68.71 42.39 46.14 25.55 30.11 62.52 75.14 45.52 47.77 30.04 31.99 48.38 52.15 24.44 26.55 17.67 24.44
A-PGNN 67.98 70.14 46.61 47.89 27.71 33.35 71.27 75.12 50.12 52.69 33.56 35.76 52.15 56.66 41.11 45.18 21.76 28.71
Ours 74.25 74.56 50.12 52.22 30.16 35.77 77.47 80.1 54.12 56.78 38.11 40.14 55.55 59.78 44.63 49.81 25.11 35.15

Improv. 9.22 5.76 7.53 9.04 8.80 4.77 8.70 6.60 7.98 7.76 13.56 9.82 6.52 5.51 7.39 10.25 15.40 22.43

• H-RNN [133] uses RNNs to model cross-session user preferences for more robust

session-based recommendations.

• GRU4Rec [70] uses RNNs to model the sequential information and makes recom-

mendations with session-parallel mini-batch training processes.

• NARM [96] uses RNNs to model the sequential information and adopts item-level

attention to learn users’ primary preferences for recommendations.

4.1.3.3 Result Analysis

Performance Comparison: As shown in Table 4.2, CGSR demonstrates superior perfor-

mance across all datasets andmetrics compared to state-of-the-art baselines.Notably, CGSR

achieves substantial improvements in MRR@5, surpassing the best baselines by 8.80%,

13.56%, and 15.40% on Yoochoose 1/64, Yoochoose 1/4, and Diginetica, respectively. These

outcomes suggest that our CGSR can effectively mitigate the effects of shortcut paths in

the session graph, leading to more accurate predictions of user preferences. The perfor-

mance gain is particularly pronounced on Yoochoose 1/4, which can be attributed to its

higher data density enabling better learning of causal patterns. In summary, these results

show that CGSR can effectively block shortcut paths, resulting in significant performance

improvements over baselines, especially on denser datasets.

Ablation Study: As shown in Figure 4.5, we conducted an ablation study to examine the

contribution of model components. Dis(w/o) denotes the removal of the distillation, di-

rectly using the initial session graph. Agg(w/o) denotes the removal of the aggregation, di-

rectly using the first layer’s user/item representations to make session representations. We

find that removing the distillation function leads to a dramatic 50% drop in HR@5 across

both Yoochoose datasets, while removing the aggregation function results in a 32.45% de-

crease in Pr@5 on Yoochoose 1/4. These substantial performance degradations demonstrate

that both components are essential for the model to effectively capture and utilize session
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patterns. On the other hand, we analyze edge type importance by sequentially blocking in-

put edges, output edges, and user neighbor connections. In(w/o) denotes the removal of

the effects from the input edge associated with item neighbors. Out(w/o) denotes the re-

moval of the effects from the output edge associated with item neighbors. U(w/o) denotes

the removal of the effects from its associated user neighbors. We find that input edges have

the greatest impact as they provide critical information from previous interactions. Output

edges provide secondary information by indicating subsequent items, while user connec-

tions have the least impact because they do not directly model sequential patterns. These

results validate the importance of considering edge types in session graph learning.

Figure 4.5: CGSR: Ablation study.

Interpretability: To verify the interpretability of our proposed CGSR, we conduct a case

study on the Diginetica, as shown in Figure 4.6. The solid and dotted lines represent edges

from the causal and trivial graphs respectively, derived from soft masks applied to the ini-

tial session graph. Edge weights indicate normalized similarity scores between sequential

items, with higher scores suggesting a stronger likelihood of subsequent interactions. This

representation enables clear visualization of how CGSR distinguishes between causal and

spurious (e.g., shortcut) item relationships. In our case study, user 25 first interacts with

item 1189, which has connections through three edge types: rin (orange), rout (black), and

rr (blue). While the edge between items 65407 and 57539 shows high similarity leading

to a recommendation of item 7492, our causal analysis reveals item 49272 has stronger

overall session-wide relationships. By identifying and blocking the 65407-57539 connec-

tion as a shortcut path, CGSR recommends item 49272 based on its robust causal relation-
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ships across the session graph. Then, we can explain item 49272 as the most similar item

to item 1189 due to strong causal relations of item 49272 within the entire session graph.

This demonstrates that our CGSR improvesmodel interpretability by considering causality

while blocking shortcut paths, leading to more accurate and transparent SBRs.

Figure 4.6: CGSR: Interpretability analysis onDiginetica.

Parameter Analysis: Figure 4.7 shows experimental results that investigate the influ-

ence of two important parameters: the number of aggregation layers (l ) and the selection

of Top-K items. The parameter l determines the level of aggregation, where a larger value

considers more connections. We observe that the improvement rate diminishes after the

3rd layer, as lower layers capture simple features while higher layers model complex ones,

potentially leading to overfitting. Moreover, increasing Top-K leads to higher accuracy as it

can increase the candidate pool, increasing the likelihood of finding a better match. Based

on these findings, we set l = 3 as optimal while Top-K can be adjusted according to specific

requirements, ensuring robust recommendations while preventing overfitting.

4.1.3.4 Summary

In this work, we propose CGSR, a novel causal framework that addresses RQ2 regarding

enhancing recommender system robustness against spurious correlations in complex rec-

ommendation scenarios. By synergistically integrating causal intervention and high-order

aggregation techniques, CGSR effectively blocks shortcut paths in session graphs while

capturing true causal relationships through distillation and preference modeling. Exten-

sive experiments demonstrate CGSR’s superior performance over state-of-the-art baselines

in terms of recommendation accuracy and interpretability. Future work will explore inte-
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Figure 4.7: CGSR: Parameter analysis on three datasets.

grating causal inference with transfer learning to further enhancemodel robustness across

diverse application domains.

4.2 Deconfounded Recommendation via Causal

Intervention

4.2.1 Overview

Most traditional recommender systems aim to predict users’ preferences by analyzing his-

torical interaction data between users and items. However, real-world interaction data ex-

ists in complex structures that simultaneously containmultiple confounding biases caused

by spurious correlations [20], making it challenging to capture users’ true preferences. As

shown in Figure 4.8, in social networks, users’ purchase behaviors are often influenced by

their friends’ activities rather than true interests; while items in popular item groups always

receive higher recommendation probabilities regardless of their actual relevance. Though

existing approaches have attempted to address confounding bias, they usually only han-

dle individual types of confounders, making them inadequate for multiple confounders in

complex recommendation scenarios (RQ2). The inability to handle concurrent confound-

ing effects severely impacts recommendation robustness, necessitating new approaches

that can effectively model andmitigate multiple confounders simultaneously.
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Figure 4.8: A causal view of two confounders concurrently arising from the item group and
social network in the real-world.

4.2.1.1 Research Objective

This study aims to address RQ2 by developing a novel causal framework, that can enhance

recommendation robustness when handling multiple concurrent confounders in complex

scenarios. Specifically, we propose to integrate Graph Neural Networks (GNNs) with causal

intervention techniques through back-door adjustment, enabling us to address confound-

ing effects from both social networks and item groups in complex structures. This integra-

tion allows us to model the true causal relationships driving user preferences while elim-

inating spurious correlations in complex structures. Thereby, improving recommendation

robustness against multiple confounding effects in real-world scenarios.

4.2.1.2 The ProposedMethod

To achieve the aforementioned objectives, we propose a novel causal framework called

Graph Causal for Recommendation (GCRec) with three synergistic components:

• Embedding Initialization constructs initial user/item embeddings by incorporating

rich attribute information, providing a strong foundation formodeling complex rela-

tional patterns.

• High-order Aggregation employs GNNs to refine the initial embeddings into com-

prehensive user/item representations by aggregating information across social net-

works and interaction histories, capturing sophisticated relational patterns.
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• ConfounderDebiasing implements causal intervention on the aggregatedhigh-order

GNN-based user/item representations to address multiple confounding effects si-

multaneously, with an innovative approach that adjusts intervention strength based

on preference distribution divergence.

• Top-K Recommendation uses the generated high-order GNN-based representation

and adjustable back-door adjustment to compute accurate prediction scores for each

user-itempair, producing robust recommendations that reflect user true preferences.

The key contributions of this research are summarized as follows:

• We pioneer a causal framework that explicitly models dual confounding effects from

social networks and item groups, enabling a deeper understanding of bias generation

mechanisms to improve recommendations.

• We leverage GraphNeural Networks (GNNs) to learn high-order user representations

that serve as deconfounders, addressing mixed confounders to more accurately cap-

ture user preferences for recommendations

• We introduce an adaptive causal intervention strategy that dynamically balances pos-

itive and negative confounding impacts through principled back-door adjustment.

4.2.2 GCRec

4.2.2.1 ProblemDefinition

Let U , I and G be the sets of users, items and item groups respectively. For each user

u →U , we observe their historical item interactions Ou,i with items i →I and social con-

nections Su,v with other users v → U . Each item i belongs to one or more groups g → G

based on its attributes.

Our goal is to accurately predict users’ true preferences while addressing two key con-

founders caused by spurious corrections in interaction data: (1) social network confounder,

where users’ behaviors are influenced by their friends rather than true interests; and (2)

item group confounder, where items from popular groups receive higher recommenda-

tion probabilities regardless of relevance. As shown in Figure 4.9, we design a causal graph

revealing the intricate relationships between userU , item I , confounder C , inherent pref-

erence M , and prediction Y . In conventional recommender systems, the prediction relies
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on estimating conditional probability P (Y |U , I ), which can be affected by spurious corre-

lations due to confounders:

P (Y |U = u, I = i )=
∑
c

∑
m

P (c|u)P (M(c,u)|c,u)P (Y |u, i ,M(c,u))

=
∑
c
P (c|u)P (Y |u, i ,M(c,u))

(4.16)

where c represents the user’s historical distribution over item groups and social connec-

tions, and M(c,u) denotes the inherent preference representation under distribution c.

This formulation shows how confounders c can impact both user representation u and

final prediction Y through M(c,u), creating spurious correlations. To address this, we em-

ploy back-door adjustment to block the confounding effects through causal paths C ↓U

and (C ,U )↓M :

P (Y |do(U = u), I = i )=
∑
c
P (c|do(U = u))P (Y |do(U = u), i ,M(c,do(U = u)))

=
∑
c
P (c)P (Y |u, i ,M(c,u))

(4.17)

where do(U = u) represents the intervention operation that forces user representation

to u regardless of confounders c. This intervention effectively removes the direct influ-

ence of confounders on user representation by replacing P (c|u) with prior probability P (c),

thereby breaking spurious correlations while preserving genuine causal relationships be-

tween users and items. The resulting P (Y |do(U = u), I = i ) better reflects users’ true pref-

erences by excluding confounding effects from both social networks and item groups.

Figure 4.9: Our designed causal graph for debiasing two confounders through the back-
door adjustment.

4.2.2.2 Methodology

Figure 4.10 presents our GCRec framework, which systematically addresses multiple con-

founders through four integrated components. The first componentEmbedding Initializa-

tion aims to build strong foundation representations by effectively encoding rich attribute
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Figure 4.10: The overall framework of our proposed method GCRec.

information. Specifically, we transform user and item attributes into numerical embed-

dings through a database retrieval function to generate initial representations uk → Rq for

user k and i j → Ra for item j [137, 35]. To simplify the notation, we ignore the attribute

index q and a for k-th user and j -th item. Beyond these basic embeddings, we capture in-

teraction feedback through a dense vector ey that models rating scores (e.g., encoding a 5-

star rating as [0,0,0,0,5]) [48]. These carefully constructed initial embeddings serve as the

building blocks for subsequent GNN-based high-order aggregation, enabling us to learn

comprehensive deconfounded representations while maintaining model generalizability.

Next, the second componentHigh-order Aggregation aims to refine the initial embed-

dings into comprehensive user/item embeddings by fusing information across both social

networks and historical interactions. Specifically, we construct rating-aware representation

xk j that denotes the interaction between the uk and i j with rating y :

(4.18) xk j =MLP
(
i j ⇑ey

)

where ⇑ is the concatenation operation. xk j is the output of MLP that integrates the inter-

active information with the rating. Based on these rating-aware vectors, we generate item-

space user representations uK
k using an attention-weighted aggregation:

(4.19)
uK
k =ϕ

(
W ·Aggrei tems

(
xk j ,′ j → Sk

)
+b

)

=ϕ(W ·
∑

j→Sk
ωk jxk j +b)

78
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where Sk is the user’s interacted item set and ϕ is a ReLU activation. Aggrei tems is an

item aggregation function that uses a linear approximation of a localized spectral convolu-

tion [88] to compute the element-wisemean of vectors. Although it assumes all neighbours

contribute equally to the user representation, the effects of interactions on users can differ

greatly. Thus, we allow interactions to contribute differently by assigning a weight to each

interaction:

(4.20)
ω∞
k j =WT

2 ·ϕ
(
W1 ·


xk j ⇑uk


+b1

)
+b2

ωk j =
exp

(
ω∞
k j

)

∑
j→Sk exp

(
ω∞
k j

)

where ω∞
k j is the attention weight of the interaction, and ωk j is the attention of Aggrei tems

computed using a two-layer neural network. Moreover, based on social correlation the-

ory [150], where users’ preferences typically alignwith their direct social connections. Thus,

we aggregate high-order social relationships into user representations as deconfounders:

(4.21)
uS
k =ϕ

(
W ·Aggrenei ghbor s

(
uK
o ,′o →Nk

)
+b

)

=ϕ(W ·
∑

o→Nk

εkou
K
o +b)

where uS
k aggregates neighbor vectors through element-wisemean over social node setNk .

Aggrenei ghbor s is an aggregation function on the user’s neighbors by taking the element-

wisemean of embeddings in
{
uK
o ,′o →Nk

}
. Since users share preferencesmorewith strong

social ties [150], we introduce social attention εko using a two-layer neural network:

(4.22)

ε∞
ko =WT

2 ·ϕ
(
W1 ·


uK
o ⇑uk


+b1

)
+b2

εko =
exp

(
ε∞
ko

)
∑

o→Nk
exp

(
ε∞
ko

)

where the εko denotes the final social attention weight of the strengths that normalized

from attentive scores ε∞
ko with Softmax. The final user latent factor combines item-space

factors uK
k from item set Sk and social-space factors uS

k through an --layer MLP:

(4.23)

u(0)
k =MLP (


uK
k ⇑uS

k


)

u(1)
k =ϕ

(
W2 ·u(0)

k +b2

)

. . .

uk =ϕ
(
W- ·u(-↔1)

k +b-

)
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where uk is the GNN-based high-order user representation. For items connected through

user interactions and ratings, we learn item latent factors through user aggregation:

(4.24)
i j =ϕ

(
W ·Aggreuser s

(
f j k ,′k →B( j )

)
+b

)

=ϕ(W ·
∑

k→B( j )
µ j kf j k +b)

where B( j ) denotes a set of users who interacted with i j . f j k =MLP([uk ⇑ ey ]) represents

rating-aware interactions for users in set B( j ). Given heterogeneous interaction influences

benefit item representation learning [150], we develop attentionmechanismµ j k to capture

these effects:

(4.25)

µ∞
j k =WT

2 ·ϕ
(
W1 ·


f j k ⇑ i j


+b1

)
+b2

µ j k =
exp

(
µ∞
j k

)

∑
k→B( j ) exp

(
µ∞
j k

)

whereµ j k represents normalized attentionweights indicating the importance of eachuser’s

contribution to the item representation i j .

Then, the third component Confounder Debiasing aims to address both social net-

work and item group confounders through back-door adjustment. For social network con-

founders, we directly apply user representation uk encoded by GNNs to back-door adjust-

ment. For item group confounders, we compute an approximation due to the unlimited

sample space of historical distributions. Specifically, we construct a discrete set C̃ contain-

ing users’ historical distributions cu over item groups as cu =

puk

(
g1

)
, . . . ,puk

(
gn

)
→ C̃ ,

where puk

(
gn

)
is the interaction frequency of k-th user on group gn . Mathematically, we

have

(4.26) puk

(
gn

)
=

∑

i j→I
p

(
gn | i j

)
p(i j |uk)=

∑
i j→Huk

q
i j
gnHuk



where q
i j
gn is the likelihood of j -th item belongs to the item group gn . Since we sample C

based on the user-item interactions,so the probability P (cu) for the user can be computed

by

Huk


∑

v→U Hv
. Each cu denotes the distribution of user u and we employ a Factorization Ma-

chine f (·) [137] to compute the conditional probability P (Y | uk , i j ,M(cu ,uk)). Based on

Jensen Gap and machine learning theory [180], we can approximate the back-door adjust-
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ment as:

(4.27)

P
(
Y | do (U =uk) , I = i j

)
∈

∑

c→C̃
P (cu)P

(
Y |uk , i j ,M (cu ,uk)

)

∈
∑

c→C̃
P (cu) f (uk , i j ,M(cu ,uk))

∈ f (uk , i j ,M(
∑

c→C̃
P (cu)cu ,uk))

where M(cu ,uk) is inherent preference representation capturing user preferences under

historical distribution cu . The preference function f (·) takes user embedding uk , item em-

bedding i j , andhistorical distribution representationM(c ,uk) as inputs, where c =∑
c→C̃ P (cu)cu =


p

(
g1

)
, . . . ,p

(
gn

)
. Given that high-order connectivity provides richer semantics [186], we

employ a Factorization Machine to aggregate from high-order connectivity as

(4.28) M(c ,uk)=
N∑

n=1

K∑

k=1
(p

(
gn

)
vn)∝ (uk [1]uk)

where ∝ denotes element-wise product, uk [1] is the first attribute value, and vn repre-

sents randomly initialized group embeddings. This captures high-order user preferences

under historical distributions across N item groups and K users. To implement the in-

tervention on the user, we estimate preference scores through: P (Y | uk , i j ,M(cu ,uk)) ∋
f
(
uk , i j ,M(c ,uk)

)
. Mathematically, we have

(4.29)

f
(
uk , i j ,M(c ,uk)

)

=uk ·ReLU(E- ·ReLU(E-↔1 ·ReLU(· · · (E1 ·ReLU[
i j

M(c ,uk)
]) . . .)))↖

where E- represents trainable weights in the --th MLP layer. ReLU is the rectified linear

unit activation function [4]. For a triple
(
uk , i j ,M(c ,uk)

)
, we compute preference scores by

encoding item and historical preference representations through MLP layers followed by

dot product with user embeddings. In this way, we can effectively address both social and

item group confounders based on the back-door adjustment.

To effectively balance the positive and negative effects of confounding, we introduce an

adaptive inference strategy. Unlike prior approaches that only consider negative effects, we

recognize that bias amplification can benefit users with stable preferences while harming

those with evolving interests. Technically, we employ the symmetric Kullback-Leibler(KL)

divergence tomeasure preference drift by splitting historical interactions into two temporal

parts [170, 181]: c1u =

pu

1
k

(
g1

)
, . . . ,pu

1
k

(
gN

)
and c2u =


pu

2
k

(
g1

)
, . . . ,pu

2
k

(
gN

)
, where c1u

and c2u represent historical distributions over item groups for earlier and later periods. The
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divergence ϱu indicates preference stability, with larger values suggesting more dynamic

preferences:

(4.30)

ϱu =KL
(
c1u | c2u

)
+KL

(
c2u | c1u

)

=
K∑

k=1
pu

1
k

(
gn

)
log

pu
1
k

(
gn

)

pu
2
k

(
gn

) +
K∑

k=1
pu

2
k

(
gn

)
log

pu
2
k

(
gn

)

pu
1
k

(
gn

)

whereϱu denotes the divergence between the user’s preference distributions.We then adap-

tively combine conventional and causal predictions:

(4.31) ŷ+ui =
(
1↔ ϱ̂u

)
∞ ŷRSu,i + ϱ̂u ∞ f

(
uk , i j ,M(c ,uk)

)

where ŷ+ui denotes the inference prediction score for a user-itempair. ŷRSu,i and f
(
uk , i j ,M(c ,uk)

)

are the prediction scores computed by the conventional recommendation and our GCRec.

ϱ̂u is normalized as

(4.32) ϱ̂u =
(

ϱu ↔ϱmin

ϱmax↔ϱmin

)ε

where ϱmin and ϱmax are the minimum andmaximum values of ϱu for all users. ε → [0,+△)

is a hyperparameter to control the weights of ŷRSu,i and f
(
uk , i j ,M(c ,uk)

)
by manual in-

tervention. ϱ̂u will be larger if ε is close to 0, thus users with high ϱ̂u will rely more on

f
(
uk , i j ,M(c ,uk)

)
. In simple terms, a smaller ϱu means the users’ preferences are stable, so

we increase ε to amplify their preferences using bias amplification caused by confounder

(i.e., positive effects). In contrast, if the users’ preferences change frequently, we could re-

duce ε to mitigate the bias amplification for users’ preferences (i.e., negative effects).

Finally, our lastTop-K Recommendation component evaluates performance usingwidely-

adopted Top-K metrics. For each user-item pair, we compute the preference score ŷ+ui and

randomly sample negative items for comparison. The learning objective is defined as:

(4.33) L =↔
∑

u→U

∑

ui→F+
u

∑

uj→F↔
u

ln
(
ϕ

(
ŷ+ui ↔ ŷ↔u j

))
+λϑ⇐ϑ⇐22

whereF+
u andF↔

u denote observed andnegative item sets respectively,ϑ representsmodel

parameters, andλϑ controls l2 regularization. After controlling confounding effects through

the inference strategy, we generate final Top-K recommendations based on predicted pref-

erence scores.
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4.2.3 Experiments

4.2.3.1 Datasets

Weevaluate our proposedGCRec on twobenchmark datasets: MovieLens3, and Douban-Movie4.
As shown in Table 4.3, for each dataset, we record the number of nodes including users,

items and their attributes, relationships between entities, density, and average degrees. We

binarize user feedback by treating ratings y ▽ 4 as positive interactions while randomly

sampling uninteracted items as negative feedback.

Table 4.3: GCRec: Statistical details of the two datasets.

Dataset
(Density)

Node/# Relation A-B/# Ave.Degree of A-B

MovieLens
(6.30%)

User(U)/943 U-M/100000 #U-M: 106.04-59.45
Age(A)/8 U-U/47150 #U-U: 50.00-50.00
Occupation(O)/21 U-A/943 #U-A: 1-117.88
Movie(M)/1682 U-O/943 #U-O: 1-44.90
Genre(G)/18 M-M/82798 #M-M: 49.23-49.23

M-G/2861 #M-G: 1.70-158.94

Douban-Movie
(0.63%)

User(U)/13367 U-M/1068278 #U-M: 79.92-84.27
Movie(M)/12677 U-G/570047 #U-G: 45.65-207.06
Group(G)/2753 U-U/4085 #U-U: 0.31-0.31
Actor(A)/6311 M-A/33587 #M-A: 2.65-5.32
Director(D)/2449 M-D/11276 #M-D: 0.89-4.60
Type(T)/38 M-T/27668 #M-T: 2.18-728.11

4.2.3.2 Baselines and Evaluation

For implementation, we set the embedding dimension to 128, MLP layer number - is 2,

ε is 0.01, and learning rate is 0.01, with regularization parameter 1e ↔5, using Adam opti-

mizer with learning rate tuned in [0.0001,0.1]. Baseline models are tuned using the same

hyperparameter range as ours for fair comparison. For recommendationperformance eval-

uation, we employ three widely used metrics [232, 186, 99] Recall@K, NDCG@K, and Pre-

cision@K where K → {1,10,20,40}. All datasets are split into training/testing/validation sets

with ratios of 80%/10%/10%.

We compare GCRec to the following state-of-the-art baselines:

• BPR [138] is a personalized rankingmodel that usesmatrix factorizationwith implicit

feedback to predict user preferences.

3https://github.com/librahu/HIN-Datasets-for-Recommendation-and-Network-Embedding
4https://github.com/librahu/HIN-Datasets-for-Recommendation-and-Network-Embedding
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• DMF [221] employs deep neural networks to filter the user-item interaction matrix

for preference prediction.

• FairCo [120] incorporates user attributes to control selection bias in item exposure

mechanisms.

• FSF [55] enforces fairness by removing non-sensitive user attributes to address his-

torical distribution bias.

• IPS [142] employs propensity clipping techniques to debias recommender systems

through causal learning.

• DENC [100] is a causal learningmethod that addressesmissing-not-at-randomprob-

lems through social network debiasing.

• PDA [248] leverages the confounding effects from popularity bias through the back-

door adjustment of causality when predicting the recommendation results.

• DecRS [181] incorporates user and item attributes into representations and then uses

the back-door adjustment to debias the item group confounder over user historical

distribution.

• DICE [253] learns disentangled representations through causal inference to separate

user interests from conformity bias.

4.2.3.3 Result Analysis

Performance Comparison: Table 4.4 demonstrates GCRec’s performance against baseline

methods on Top-K recommendations across two datasets. Note that Db-Mov is short for

Douban-Movie. It’s worth noting that causal methods obtain the highest accuracy among

all baselines, verifying the causal inference is a promising direction to further enhance the

recommendation systems Specifically, our results show that GCRec consistently outper-

forms all baselines across key metrics. For example, compared to the strongest baseline,

GCRec achieves significant improvements on MovieLens (Recall@10: +20.28%, NDCG@10:

+12.41%, Precision@10: +2.55%) andDouban-Movie (Recall@10: +7.04%,NDCG@10: +17.3%,

Precision@10: +11.34%). The superior performance can be attributed to two key factors:

(1) the effectiveness of our back-door adjustment in debiasing multiple confounders, and

(2) the robust high-order connectivity modeling through user/item aggregation. Notably,
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GCRecmaintains strong performance even on the sparserDouban-Movie dataset, demon-

strating its capability in handling sparse data structures through effective high-order con-

nectivity integration.

Table 4.4: GCRec: Recommendation performance comparisons: the best results aremarked
as bold, strongest baselines are marked as bold with underline.

Datasets Metrics FairCo FSF IPS DENC BPR DMF PDA DecRS DICE GCRec Improv.

MovieLens

Recall@1 0.122 0.134 0.388 0.384 0.222 0.212 0.379 0.355 0.374 0.409 5.41%
Recall@10 0.398 0.401 0.442 0.561 0.331 0.247 0.498 0.481 0.456 0.599 20.28%
Recall@20 0.489 0.517 0.552 0.622 0.482 0.411 0.577 0.581 0.547 0.675 8.52%
Recall@40 0.667 0.712 0.691 0.715 0.597 0.532 0.707 0.686 0.669 0.758 6.01%
Precision@1 0.141 0.113 0.201 0.221 0.241 0.188 0.278 0.277 0.251 0.288 3.60%
Precision@10 0.442 0.423 0.452 0.471 0.388 0.241 0.442 0.411 0.347 0.483 2.55%
Precision@20 0.521 0.589 0.576 0.602 0.501 0.399 0.598 0.577 0.535 0.618 2.66%
Precision@40 0.689 0.718 0.702 0.711 0.611 0.598 0.699 0.652 0.633 0.741 3.20%
NDCG@1 0.201 0.227 0.215 0.237 0.199 0.196 0.268 0.225 0.201 0.292 8.96%
NDCG@10 0.356 0.361 0.377 0.395 0.302 0.286 0.366 0.342 0.299 0.444 12.41%
NDCG@20 0.412 0.421 0.402 0.501 0.355 0.491 0.511 0.488 0.456 0.534 4.50%
NDCG@40 0.578 0.622 0.588 0.647 0.496 0.611 0.623 0.611 0.558 0.673 4.02%

Db-Mov

Recall@1 0.101 0.111 0.235 0.234 0.201 0.202 0.288 0.256 0.231 0.302 4.86%
Recall@10 0.266 0.232 0.389 0.412 0.287 0.233 0.333 0.378 0.375 0.441 7.04%
Recall@20 0.375 0.411 0.445 0.563 0.396 0.387 0.476 0.532 0.498 0.602 6.93%
Recall@40 0.512 0.521 0.578 0.652 0.515 0.489 0.589 0.622 0.587 0.689 5.67%
Precision@1 0.099 0.101 0.172 0.182 0.201 0.144 0.206 0.175 0.163 0.225 9.22%
Precision@10 0.189 0.215 0.287 0.285 0.321 0.212 0.335 0.311 0.286 0.373 11.34%
Precision@20 0.312 0.376 0.356 0.401 0.399 0.302 0.439 0.428 0.399 0.467 6.38%
Precision@40 0.479 0.489 0.477 0.522 0.487 0.442 0.521 0.511 0.485 0.578 10.73%
NDCG@1 0.111 0.123 0.147 0.155 0.146 0.155 0.212 0.199 0.174 0.221 4.25%
NDCG@10 0.215 0.322 0.299 0.276 0.276 0.251 0.306 0.298 0.251 0.378 17.3%
NDCG@20 0.336 0.389 0.378 0.452 0.301 0.376 0.398 0.401 0.357 0.499 10.40%
NDCG@40 0.442 0.485 0.498 0.546 0.425 0.455 0.512 0.525 0.481 0.576 5.49%

Ablation Study: To thoroughly evaluate each component’s contribution to GCRec’s per-

formance, we conduct comprehensive ablation experiments by systematically removing

key components. Ourmodel consists of three functional components: (1) high-order user/item

representation generation through embedding initialization and aggregation, (2) confounder

debiasing via M(c ,uk), and (3) user intervention through f
(
uk , i j ,M(c ,uk)

)
. As shown in

Figure 4.11, we evaluate four variants: Aggre (removing high-order aggregation), Debias

(removing confounder debiasing), Inter vene (removing user intervention), and complete

GCRec. The results demonstrate that confounder debiasing has the most substantial im-

pact, with its removal causing approximately 30% performance degradation across both

datasets. The removal of aggregation (Aggre) and intervention (Inter vene) components

also significantly impacts performance, each leading to roughly 20% accuracy reduction.

These findings validate our design choices in addressing confounding effects throughmul-

tiple complementary strategies: GNN-based high-order representations, back-door adjust-

ment, and adaptive inference. The comprehensive integration of these components en-
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(a) The influence of three functional compo-
nents at K@20 onMovieLens.

(b) The influence of three functional compo-
nents at K@20 onDouban-Movie.

Figure 4.11: GCRec: Ablation study.

ablesGCRec to achieve superior performance across allmetrics onboth benchmark datasets.

User Group Analysis: To evaluate GCRec’s effectiveness across different user behaviors,

we analyze performance across user groups stratified by preference stability measure ϱu .

Table 4.5 presents Recall@20 and Precision@20 metrics across user groups defined by ϱu

thresholds {0,0.5,1,2,3,4}, where higher ϱu indicates greater susceptibility to confound-

ing effects from item groups and social networks. Our results show that GCRec’s perfor-

mance advantage increases with ϱu . Taking Douban-Movie as an example, improvements

over DICE [253] on Recall@20 consistently increase across user groups: ϱu > 0 (26.47%),

ϱu > 0.5 (27.86%), ϱu > 1 (29.04%), ϱu > 2 (29.84%), ϱu > 3 (30.24%), and ϱu > 4 (30.33%).

This pattern demonstrates the effectiveness of our adaptive inference strategy in adjusting

back-door adjustment according to user preference stability. The increasing performance

gap for users with higher ϱu validates our approach’s capability to handle confounding ef-

fects through two key mechanisms: (1) effectively reducing spurious correlations through

adaptive back-door adjustment, and (2) accurately capturing diverse preferences for users

with fluctuating interests. These results confirm that our inference strategy successfully

controls bias amplification while maintaining robust recommendations.

Inference Strategy Analysis: To evaluate the effectiveness of our inference strategy, we

further conduct more detailed ablation experiments regarding our inference component.

Table 4.6 presents performance comparisons where GCRec(w/o) represents the model us-

ing only basic prediction ŷ+ui without the inference strategy. The results demonstrate sig-

nificant performance gains from the inference strategy, with improvements in Recall@20

of 14.47% on MovieLens and 6.17% on Douban-Movie. Notably, even without the infer-

ence strategy, GCRec(w/o) outperforms state-of-the-art baselines including DICE [253],

DecRS [181], and DENC [100], validating the effectiveness of our high-order aggregation
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Table 4.5: GCRec: Performance comparison across different user groups.

MovieLens Douban-Movie
Metrics Precision@20 Recall@20 Precision@20 Recall@20

Threshold DICE GCRec Improv. DICE GCRec Improv. DICE GCRec Improv. DICE GCRec Improv.
0 0.598 0.618 3.34% 0.577 0.675 16.98% 0.439 0.467 6.38% 0.476 0.602 26.47%
0.5 0.602 0.629 4.49% 0.581 0.689 18.59% 0.446 0.481 7.85% 0.406 0.515 26.85%
1 0.605 0.638 5.45% 0.592 0.706 19.26% 0.452 0.501 10.84% 0.489 0.631 29.04%
2 0.611 0.651 6.55% 0.605 0.721 19.17% 0.462 0.521 12.77% 0.496 0.644 29.84%
3 0.615 0.662 7.64% 0.615 0.741 20.49% 0.481 0.511 13.10% 0.506 0.659 30.24%
4 0.621 0.677 9.02% 0.628 0.759 20.86% 0.502 0.572 13.94% 0.521 0.679 30.33%

Metrics Precision@20 Recall@20 Precision@20 Recall@20
Threshold DecRS GCRec Improv. DecRS GCRec Improv. DecRS GCRec Improv. DecRS GCRec Improv.

0 0.577 0.618 7.11% 0.581 0.675 16.18% 0.428 0.467 9.11% 0.532 0.602 13.16%
0.5 0.581 0.629 8.26% 0.585 0.689 17.78% 0.432 0.481 11.34% 0.536 0.615 14.74%
1 0.588 0.638 8.50% 0.588 0.706 20.07% 0.448 0.501 11.83% 0.544 0.631 15.99%
2 0.591 0.651 10.15% 0.593 0.721 21.59% 0.454 0.521 14.76% 0.551 0.644 16.88%
3 0.598 0.662 10.70% 0.601 0.741 23.29% 0.463 0.544 17.49% 0.562 0.659 17.26%
4 0.605 0.677 11.90% 0.608 0.759 24.84% 0.476 0.572 20.17% 0.566 0.679 19.96%

Table 4.6: GCRec: Inference strategy analysis across two datasets. The strongest baselines
are marked with underline, and the improvement rates are marked as bold.

MovieLens Douban-Movie
Metrics Recall@20 Precision@20 NDCG@20 Recall@20 Precision@20 NDCG@20

GCRec(w/o) 0.615 0.602 0.518 0.567 0.447 0.459
GCRec 0.675 0.618 0.534 0.602 0.467 0.499
Improv. 14.47% 2.66% 3.09% 6.17% 4.17% 8.71%

DecRS 0.581 0.577 0.488 0.532 0.428 0.401
DICE 0.547 0.535 0.456 0.498 0.399 0.357
DENC 0.577 0.598 0.511 0.467 0.439 0.398

GCRec(w/o) 0.615 0.602 0.518 0.567 0.447 0.459
Improv. 5.85% 0.67% 1.37% 6.58% 1.82% 14.46%

and back-door adjustment in reducing confounding effects. The performance improve-

ment is particularly pronounced on the sparserDouban-Movie dataset, demonstrating our

inference strategy’s capability to mitigate bias amplification through effective high-order

aggregation. These results confirm that GCRec’s combination of back-door adjustment and

adaptive inference successfully addresses confounding effects while maintaining robust

performance across different data distributions.

AttentionMechanismsAnalysis: To evaluate our attentionmechanismdesign,we com-

pareGCRec’s performance against state-of-the-art attention-based approaches. Three base-

lines are employed as they usedmeta-path,which also involves rich contextual information

as ours: HGT [73] employs attention based on transformer architecture; HAN [184] em-

ploys GNNs to model context frommeta-paths and hierarchical attention and MCRec [72]

employs meta-path based context with the co-attention mechanism. Figure 4.12 presents
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the Recall@20 results across 20 runs on the MovieLens and Douban-Movie datasets. It’s

worth noting that our GCRec consistently outperforms these baselines, achieving a 4.2%

improvement over the strongest baseline (HAN) onMovieLens. This superior performance

can be attributed to our multi-faceted attention design that separately models item atten-

tion (ωk j ), social attention (εko), and user attention (µ j k). Moreover, GCRec demonstrates

greater stability with performance fluctuations under 0.015, suggesting that our differenti-

ated attention approach effectively captures complementary contextual signals frommul-

tiple interaction types. These results validate the effectiveness of modeling distinct atten-

tion mechanisms for different relationship types rather than using a uniform attention

strategy.

(a) Attentionmethods comparison on Recall@20
onMovieLens.

(b) Attentionmethods comparison onRecall@20
onDouban-Movie.

Figure 4.12: GCRec: Performance comparison over different attention-based baselines.

4.2.3.4 Summary

In this work, we propose GCRec, a novel causal framework that addresses RQ2 regarding

enhancing recommender system robustness against spurious correlations in complex rec-

ommendation scenarios. By synergistically integrating GNNs with adaptive back-door ad-

justment, GCRec effectively mitigates confounding effects from both social networks and

item groups while preserving beneficial bias amplification through preference-aware in-

ference. Extensive experiments demonstrate GCRec’s superior performance over state-of-

the-art baselines in terms of recommendation accuracy and robustness across different

user groups. Future work will explore combining front-door and back-door adjustments to

further enhance model robustness in complex structures.
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4.3 Breaking The Loop: Causal Learning ToMitigate Echo

Chambers In Social Networks

4.3.1 Overview

In social networks, echo chambers form when users primarily encounter information that

reinforces their existing beliefs, limiting exposure to diverse perspectives. These self-reinforcing

information spaces can worsen societal issues such as polarization and declining public

discourse. Traditional approaches attempt to address echo chambers by analyzing observ-

able interaction patterns to identify their formative mechanisms. However, they overlook

unobserved implicit factors, known as hidden confounders in causal inference, that sig-

nificantly shape information diffusion patterns despite not being directly captured in the

data. These hidden confounders simultaneously affect both content exposure and multi-

ple users’ behaviors across social networks, creating spurious correlations that mask true

causal factors driving the echo chambers. Therefore, addressing hidden confounders be-

comes essential for developing more effective strategies to mitigate echo chambers and

promote information diversity in social networks while maintaining user engagement.

4.3.1.1 Research Objective

This study aims to address RQ2 regarding enhancing recommender system robustness against

spurious correlations in complex scenarios, particularly in the context of complex social

networks. Specifically, we propose to integrate causal inference with transformer architec-

ture to effectively identify and adjust for hidden confounders, that influence content ex-

posure and users’ behaviors together and create spurious correlations among them. This

integration enables us to distinguish true causal mechanisms from spurious correlations

in echo chamber formation, and develop targeted interventions to promote information

diversity while maintaining user engagement. In this way, we aim to systematically break

echo chambers by reshaping information flows based on causal understanding rather than

being misled by spurious correlation patterns in social network interactions.

4.3.1.2 The ProposedMethod

To achieve the aforementioned objectives, we propose a novel framework called Causal

EchoDiffusion Attenuator (CEDA) with four synergistic components:

• User Dual Modelling builds comprehensive user embeddings by combining users’
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attributes and structural information within social networks to fully capture user be-

havior patterns.

• Causal Transformer uses comprehensive user embeddings to estimate residual em-

beddings that account for hidden confounders, incorporating them into the Trans-

former’s attentionmechanism as causal adjustments to make unbiased user embed-

dings.

• Social DiffusionPredictor utilizes unbiased user embeddings to jointly optimize dif-

fusion prediction accuracy and information diversity across the social network.

• Targeted Interventions strategically reshapes informationflows to disrupt echo cham-

bers based on the generated prediction and diversity insights.

The key contributions of this research are:

• To the best of our knowledge, we are the first to apply causal learning to address echo

chambers in social networks, providing an innovative perspective for the social net-

work domain.

• Wepropose a novel frameworkCEDA,which integrates causal inferencewith sequen-

tial recommendation techniques to mitigate echo chambers by addressing hidden

confounders often overlooked but critically influencing information flow patterns.

• Wedevelop a dual-perspective usermodeling approach that combines user attributes

and structural positions within diffusion sequences, offering a comprehensive repre-

sentation of user behavior patterns.

• We design a residual embedding-based causal adjustment mechanism for the Trans-

former, which quantifies the effects of hidden confounders through behavioral dis-

crepancies, enhancing the accuracy of information diffusion prediction and enabling

targeted interventions to address echo chambers.

4.3.2 CEDA

4.3.2.1 ProblemDefinition

LetU be the set of users in social networks, where each user uj →U is associated with a set

of attributes aj . Information propagates through the social network via sequential user in-

teractions S = {u1, ...,uj , ...,uJ }, where each transition {u( j↔1),uj } represents content propa-

gated from user u( j↔1) to user uj . As mentioned, these interaction sequences are impacted
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by hidden confounders that are not directly observable in the dataset, but affect both con-

tent exposure and user interaction patterns, as shown in Figure 4.13. Hidden confounders

can create spurious correlations between observed variables, leading to biased estimates

of true causal factors behind echo chamber formation. Our goal is to address hidden con-

founders in social networks to accurately predict information diffusion patterns and reveal

true causal mechanisms underlying echo chambers, thereby enabling targeted interven-

tions to effectively promote information diversity while maintaining user engagement.

Figure 4.13: Our designed causal graph to illustrate the impact of hidden confounders on
echo chamber formation in social networks.

Specifically, we propose a novel causal-based approach called CEDA that integrates

causal inference into the social network analysis. Based on users’ attributes aj and their

sequential positions in information diffusion paths S, we first learn a comprehensive user

embedding e j for each user uj to capture user behavior patterns. Following causal infer-

ence principles where discrepancies between predicted and observed outcomes may indi-

cate hidden confounder effects, we estimate residual embeddings r j by computing the dif-

ference between predicted content sharing activity based on e j and actual sharing records

Oj . This discrepancy reveals hidden confounders’ influence on sharing behaviors that are

not directly reflected in user attributes and structural positions. The residual embeddings

are then incorporated into the Transformer’s attention mechanism as a causal adjustment

to adjust attention weights for hidden confounders, thereby refining the comprehensive

user embeddings e j into unbiased user embeddings uj . Then, we optimize our model

through a joint objective to capture different aspects of information spread and diversity:

(4.34) L =λ1Lr +λ2Lm(uj ,uq )+λ3(1↔Ld (uj ))+λ4(1↔Lc(uj ))

where λ1, λ2, λ3 and λ4 are weighting parameters. Lr ensures the causal adjustment ac-

counts for the effects of hidden confounders, Lm(uj ,uq )measures theMean Absolute Error
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(MAE) of diffusion probability predictions between user pairs, Ld (uj ) measures the Intra-

List Diversity (ILD) of user dissimilarity within diffusion sequences, and Lc(uj ) measures

theCategoryCoverage (CC) to quantify the diversity of content exposure in information dif-

fusion across the network. By optimizing L, our model learns to make accurate predictions

while promoting information diversity, enabling targeted interventions that effectively re-

shape information flows to break echo chambers.

4.3.2.2 Methodology

Figure 4.14 illustrates CEDA’s framework, which systematically integrates causal inference

principles to address echo chambers in social networks. To begin with, the first component

User Dual Modelling aims to capture the complex user behavior patterns that drive in-

formation diffusion in social networks. User behaviors are fundamentally shaped by both

individual attributes that determine content preferences and structural network positions

that influence interaction opportunities [23, 60, 6, 201]. Therefore, we synergistically com-

bine attribute information with positional data to produce a comprehensive user embed-

ding for each user in the social network. Specifically, for each user uj , we construct an

attribute-based vector a j → Rd using a retrieval function [137], which transforms categor-

ical attributes into numerical encodings for compatibility. On the other hand, inspired

by [116], we learn users’ sequential position in information cascades through a positional

encoding p j →Rd :

(4.35) p j =

sin

(
j

100002i/d

)
,cos

(
j

100002i/d

)

where j represents the sequential order of user in information cascades. i → [0,d/2↔1] con-

trols the frequency of sinusoidal functions, and p j denotes the positional encoding vector

for the j -th user. In other words, the positional encoding maps each position j to a d-

dimensional vector through d/2 pairs of sinusoidal functions, with the dimension index

i → [0,d/2↔1] controlling the frequency of each sinusoidal pair. This can ensure a unique

encoding for each sequential position while maintaining consistent relative distances be-

tween positions across different information diffusion sequences in the social network.

With both attribute-based representation a j and positional encoding p j , we generate

the comprehensive user embedding e j through:

(4.36) e j = (a j ⇑p j )W
E

where WE denotes a learnable weight matrix and ⇑ represents concatenation. The result-

ing comprehensive user embedding e j captures both intrinsic user characteristics from
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Figure 4.14: The overall framework of our proposed method CEDA.

attributes and structural information from network positions, providing a holistic view of

user behavior in the social network.

While comprehensive user embeddings provide a foundation for predicting informa-

tion diffusion, they fail to account for hidden confounders in social networks that can dis-

tort our understanding of echo chamber formationmechanisms. To address this limitation,

our second component Causal Transformer integrates causal inference principles into

the Transformer architecture through residual embeddings. The Transformer architecture,

with its self-attentionmechanism, excels atmodeling sequential social interactions by cap-

turing long-range dependencies in user behavior patterns [25, 199]. We enhance this capa-

bility by incorporating causal adjustments derived from behavioral discrepancies between

predicted and observed outcomes [111, 9]. Mathematically, for each user uj , we compute a

residual embedding r j as:

r j =MLP
(
z
(
e j

)
↔ g

(
Oj

))
(4.37)

z(e j )=ReLU(W ze j +bz)(4.38)

g (Oj )=ReLU(W g v (Oj )+bg )(4.39)

where z(·) predicts outcomes based on comprehensive user embedding e j , while g (·) trans-
forms observed outcomesOj into the same embedding space.MLP denotes themulti-layer

perceptron. The ReLU activation function introduces non-linearity to capture complex re-

lationships. The discrepancy between these functions reveals the influence of hidden con-

founders. v (Oj ) maps scalar outcomes to high-dimensional vectors [137, 66], while Wz ,

Wg , bz , and bg are learnable parameters. Inspired by [116], we train the z() and g () as the
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following:

(4.40) Lr =
∑

(uj ,Oj )

z
(
e j

)
↔ g

(
Oj

)2+λ
(
|Wz |2F +|Wg |2F

)

where λ controls regularization strength and | · |F denotes the Frobenius norm. By optimiz-

ing the Lr , we can quantify and adjust for hidden confounders’ effects, leading to more

accurate diffusion predictions andmore effective echo chamber interventions

To more effectively model hidden confounders across different representational per-

spectives, we implement a multi-head attention mechanism [33, 140] within our Causal

Transformer. This mechanism enables simultaneous processing of user interactions across

multiple embedding subspaceswhile incorporating causal adjustments. For each attention

head j , we compute:

head j =Attention(EWQ
j ,EW

K
j ,VW

V
j ,r j )(4.41)

=softmax



EWQ

j (EW
K
j )

↖↔EWQ
j (r j1↖J )

↖


dk


VWV

j(4.42)

O=(head1⇑ . . .⇑head j )WJ(4.43)

whereWQ
j ,W

K
j , andWV

j →Rd↙d are learnable projectionmatrices. ThematrixE= [e1, · · · ,e J ]↖ →
RJ↙d contains the comprehensive user embeddings. The residual embedding r j serves as

a correction term, broadcast across all users via 1J → RJ , adjusting attention weights to ac-

count for hidden confounders.WJ projects the concatenated attention heads into the out-

put space.⇑ is concatenation. The outputO capturesmulti-faceted user interactions while

accounting for hidden confounders, which are then passed to the next transformer sub-

layer.

To enhance the model’s representational capacity beyond linear transformations, we

incorporate a Pointwise Feed Forward Network (PFFN) [134, 205] after the multi-head at-

tention mechanism. The PFFN applies successive transformations with nonlinear activa-

tions to generate refined user representations:

O↗ = LayerNorm(O+Dropout(φ(O)))(4.44)

H= LeakyReLU(O↗W1+b1)W2+b2(4.45)

F= LayerNorm(O↗+Dropout(H))(4.46)

where φ denotes the PFFN operation and LayerNorm [216] standardizes features to stabi-

lize training. LeakyReLU [215] introduces nonlinearity between transformations. The re-

sulting matrix F → RJ↙d contains unbiased user embeddings, with each row vector u j → Rd
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representing the causally-adjusted unbiased representation for user uj . This architecture

effectively combines the benefits of attentionmechanisms with nonlinear transformations

while maintaining causal adjustment for addressing hidden confounders.

Building upon the unbiased user embeddings, we develop our third component So-

cial Diffusion Predictor that optimizes both prediction accuracy and information diver-

sity in social networks. Our approach integrates three crucial metrics to comprehensively

evaluate and guide the diffusion process. First is the Mean Absolute Error (MAE), which

quantifies the prediction accuracy of diffusion probabilities between user pairs [71]. Sec-

ond is the Intra-List Diversity (ILD), which measures user variation within diffusion cas-

cades [82, 77]. Third is the Category Coverage (CC), assessing the breadth of content expo-

sure across the network [200, 130]. Through simultaneous optimization of these metrics,

we develop a model that balances accurate diffusion prediction with content diversity, es-

tablishing a foundation for effective echo chamber intervention strategies.

First, we calculate MAE based on the average absolute difference between predicted

and actual diffusion probabilities for each pair of users as

(4.47) Lm(u j ,uq )=
1
|E |

∑

( j ,q)→E
|Djq ↔ Djq |

whereDjq =
|I j q |
|I j | represents the true diffusion probability from user uj to uq , computed as

the ratio of successful transmissions |I j q | to total transmissions |I j |. The predicted proba-

bility Djq is calculated as:

(4.48) Djq =ϕ(M↖(u j ⇑uq ))

where ϕ is the sigmoid function andM is a learnable weight vector.

Second, we measure ILD based on the average pairwise dissimilarity between users

within each diffusion cascade as

(4.49) Ld (u j )=
1
|C |

∑

c→C

1
|c|(|c|↔1)

∑

j ,q→c
(1↔cos(u j ,uq ))

where C is the set of all diffusion cascades and c represents a specific cascade, with |c|
denoting the number of users in cascade c. The term cos(u j ,uq ) computes the cosine sim-

ilarity between users uj and uq , measuring how similar their behavioral patterns are.

Third, we assess Category Coverage (CC) to measure the diversity of content categories

that users engage with across the network. For each user uj , we map his/her unbiased em-

bedding u j to a probability distribution over k predefined content categories as

(4.50) Categories(u j )=ϕ(Wcu j +bc)
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whereWc →Rk↙d is the learnable parameter. The output Categories(u j ) →Rk represents the

probabilities of user uj participating in each of the predefined k categories. Following that,

the overall category coverage across the whole network is then measured as:

(4.51) Lc(u j )=
|⋃J

j=1Categories(u j )|
k

whereLc(u j ) measures CC as the ratio of unique categories that have user participation to

the total number of predefined categories k.

Finally, we integrate causal residual loss, prediction accuracy, and diversitymetrics into

one composite loss to jointly optimize the model as:

(4.52) L =λ1Lr +λ2Lm(u j ,uq )+λ3(1↔Ld (u j ))+λ4(1↔Lc(u j ))

where L is the composite loss, which allows us to achieve accurate diffusion predictions

while addressing hidden confounders, enhancing diversity andmitigating echo chambers.

Leveraging the trained model, our last component Targeted Interventions implements

targeted interventions tomitigate echo chambers while preserving user engagement. Gen-

erally, we aim to develop a systematic approach to identify optimal intervention points by

analyzing both network topology and information diversity patterns. This allows for strate-

gic adjustments of information flow throughout the network structure before echo cham-

bers are formed. Specifically, our intervention strategy focuses on two key structural ele-

ments in the network:

• Low Diversity Clusters: User clusters with low Intra-List Diversity (ILD) scores in-

dicate the presence of potential echo chambers, since these groups primarily share

and interact with similar content. Mathematically, the clusters with low ILD scores

are defined as:

(4.53) ILDlow = {c →C | 1|c|
∑
uj→c

Ld (u j )< θm}

where ILDlow represents clusters with average ILD scores below threshold θm , and

|c| is the number of users in cluster c.

• Bottleneck Users: Users who are connected to multiple communities but showing

limited content diversity in their sharing, where Category Coverage (CC) scores are

low. Mathematically, bottleneck user is defined as:

(4.54) Ubotnec = {uj →U |N (uj )▽ θn ̸Lc(u j )< θc }

where θn is the neighbor threshold. N (uj ) represents the number of neighboring

communities for user uj and θc is the content diversity threshold.
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Based on the identified intervention points, we implement two complementary inter-

vention strategies to enhance information diversity. For low diversity clusters, we employ

diversity-aware content injection by strategically rewiring connections. This involves re-

moving an input edge from the highest-degree user within each cluster while establishing

new connections from external sources, thereby maximizing improvements in ILD scores.

Concurrently, we implement cross-category bridging for bottleneck users by establishing

strategic output edges to facilitate information flow across disparate communities. This

targeted approach enhances Category Coverage scores while maintaining network con-

nectivity. Through these coordinated interventions, we systematically reshape information

diffusion patterns to disrupt echo chamber formation while preserving the network’s fun-

damental social structure.

4.3.3 Experiments

4.3.3.1 Datasets

We evaluate our CEDA on three real-world social network datasets: Twitter5, Google+6,

and Facebook7. As shown in Table 4.7, these datasets exhibit diverse network characteris-

tics, enabling comprehensive evaluation across different social environments. The Twitter

dataset comprises 973 social circles with 81,306 users and amoderate clustering coefficient

of 0.5653. Google+ contains 132 circles encompassing 107,614 users with relatively sparse

connections (clustering coefficient: 0.4901), while Facebook features 10 densely connected

circles of 4,039 users with a higher clustering coefficient of 0.6055. To ensure the data qual-

ity, we filter interaction sequences shorter than 5 interactions and partition the remaining

data into training (70%), validation (10%), and test (20%) sets. This preprocessing ensures

meaningful evaluation of both short-term interactions and long-range dependencies in in-

formation diffusion patterns.

Table 4.7: CEDA: Statistical details of the three datasets.

Statistics Twitter Google+ Facebook
#Networks 973 132 10
#Users 81,306 107,614 4,039
Avg. CC 0.5653 0.4901 0.6055
Diameter 7 6 8

5https://snap.stanford.edu/data/ego-Twitter.html
6https://snap.stanford.edu/data/ego-Gplus.html
7https://snap.stanford.edu/data/ego-Facebook.html
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4.3.3.2 Baselines and Evaluation

We implement our CEDA framework using PyTorch, setting the user representation dimen-

sion to 128 and optimizing with the Adam optimizer [87] (learning rate 0.001, batch size

256). The model employs a Causal Transformer with 16 attention heads and a 0.1 dropout

rate to prevent overfitting. Loss function weights λ1, λ2, and λ3 are fine-tuned through grid

search in [0.1, 1.0]. To evaluate CEDA’s performance, we use five complementary metrics:

RMSE [71] for prediction accuracy, Precision@K and Recall@K [232, 38] for top-K recom-

mendation quality, Gini coefficient [54] for measuring exposure fairness, and Simpson’s

Diversity Index (SDI) [151, 254] for user-side exposure diversity. While CEDA’s core focus is

onmitigating echo chambers by restructuring user-user diffusion paths, it directly benefits

recommendation by generating more accurate and diverse user-item predictions through

causal graph adjustments. For a fair comparison, we adapt baselines originally designed for

echo chamber detection or diversity promotion by integrating their outputs—such asmod-

ified user graphs or exposure scores—into our sequential recommendation pipeline, con-

verting them into user-item ranking scores based on aligned diffusion patterns. All baseline

models are tuned using the same parameter ranges to ensure equitable evaluation.

We compare our CEDA with below state-of-the-art methods:

• FRECH [165] implements GCN architecture for learning implicit echo chamber pat-

terns and recommending diverse connections.

• CECD [119] utilizes probabilistic modeling to analyze echo chamber formation and

information flow.

• OCR [172] employs quadratic optimization to balance content diversity with user

preferences.

• ECS [7] quantifies echo chamber effects through user embedding distances in the

social network.

• ECM [145] models echo chamber dynamics using agent-based simulations in online

social networks.

• GRU4Rec [70] leverages GRU networks for modeling sequential user behaviors.

• NARM [96] combines attentionmechanisms with RNNs for comprehensive behavior

modeling.
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• STAMP [110] integrates both the short-termand long-term interestmodeling through

attention mechanisms.

• LLMS [62] utilizes large language models for semantic relationship enhancement to

improve sequential recommendations.

• ReFor [97] uses a transformer-based model to learn language representations for se-

quential recommendation.

• DCCF [219] implements counterfactual reasoningwith back-door adjustment for echo

chamber mitigation.

4.3.3.3 Result Analysis

PerformanceComparison: To comprehensively evaluate CEDA’s effectiveness, we conduct

extensive experiments on three real-world datasets. As shown in Table 4.8, CEDA outper-

forms all the baselines on all datasets. For example, CEDA achieves significant improve-

ments in RMSE, reducing error rates by 13.38%, 10.05%, and 12.44% on Twitter, Google+

and Facebook datasets respectively, compared to the strongest baselines. The performance

advantage extends to ranking metrics, with notable improvements in Precision@40 (Twit-

ter: 14.22%, Google+: 5.99%, Facebook: 7.58%) and Recall@40 (Twitter: 11.65%, Google+:

2.09%, Facebook: 2.63%). Furthermore, CEDA demonstrates substantial effectiveness in

mitigating echo chambers, as measured through the Gini coefficient and Simpson’s Diver-

sity Index (SDI). The model achieves consistent reductions in Gini coefficients (Twitter:

12.23%, Google+: 5.44%, Facebook: 10.36%), indicating more balanced information dis-

tribution. Concurrently, SDI improvements (Twitter: 23.63%, Google+: 11.23%, Facebook:

12.89%) reflect enhanced content diversity exposure across user groups. These results vali-

date CEDA’s capability to simultaneously improve prediction accuracy while effectively ad-

dressing echo chamber formation across diverse social network environments.

Ablation Study: To explore the individual contribution of each component in CEDA, we

conduct ablation studies as shown in Figure 4.15. Through systematic component replace-

ment, we examine three key variations: DM (replacing User Dual Modelling with attribute-

based embedding), CT (bypassing Causal Transformer), and TI (substituting Targeted In-

terventions with random forest prediction), comparing against the complete CEDA model

(ALL). The results reveal the Causal Transformer’s paramount importance, with its removal

causing substantial performance degradation in Precision@40 (Twitter: 36.76%, Facebook:

22.66%, Google+: 7.48%). The Targeted Interventions component demonstrates platform-

dependent impact, showing significant effects on Twitter (29.20% decrease) and Facebook
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Table 4.8: CEDA: Recommendation performance comparison: the best results are bolded,
while the best baselines are underlined.

Dataset Metric GRU4Rec NARM STAMP LLMS ReFor CECD OCR FRECH DCCF ECS CEDA Improv.%

Twitter

RMSE 0.3621 0.3598 0.3567 0.3512 0.3489 0.3556 0.4102 0.3645 0.3599 0.3532 0.3022 13.38%
Pr@5 0.5312 0.5389 0.5456 0.5634 0.5601 0.5215 0.5301 0.5589 0.5625 0.5578 0.6015 6.76%
Pr@10 0.6089 0.6156 0.6223 0.6301 0.6378 0.5987 0.6056 0.6312 0.6378 0.6467 0.6898 6.67%
Pr@20 0.6756 0.6823 0.6901 0.6978 0.7056 0.6654 0.6721 0.6978 0.7045 0.7156 0.7689 7.45%
Pr@40 0.7412 0.7489 0.7567 0.7645 0.7723 0.7312 0.7389 0.7601 0.7878 0.7745 0.8998 14.22%
Re@5 0.4956 0.5023 0.5101 0.5178 0.5356 0.4856 0.4923 0.5145 0.5201 0.5289 0.5789 8.08%
Re@10 0.5678 0.5745 0.5823 0.5901 0.5978 0.5578 0.5645 0.5889 0.5956 0.6045 0.6587 8.97%
Re@20 0.6345 0.6412 0.6489 0.6567 0.6745 0.6245 0.6312 0.6567 0.6634 0.6723 0.7378 9.38%
Re@40 0.7301 0.7378 0.7456 0.7634 0.7612 0.7401 0.6978 0.7212 0.7289 0.7367 0.8523 11.65%
Gini 0.5923 0.5856 0.5789 0.5723 0.5656 0.6123 0.5987 0.5678 0.5534 0.5456 0.4789 12.23%
SDI 0.4122 0.4044 0.3966 0.3877 0.3799 0.4322 0.4211 0.3844 0.3511 0.3622 0.2766 23.63%

Google+

RMSE 0.3456 0.3423 0.3389 0.3356 0.3323 0.3401 0.3956 0.3489 0.3423 0.3378 0.2989 10.05%
Pr@5 0.5445 0.5523 0.5601 0.5778 0.5756 0.5345 0.5432 0.5712 0.5789 0.5723 0.6137 6.21%
Pr@10 0.6223 0.6301 0.6378 0.6456 0.6534 0.6123 0.6201 0.6456 0.6523 0.6578 0.6964 5.87%
Pr@20 0.6889 0.6967 0.7045 0.7123 0.7201 0.6789 0.6867 0.7123 0.7189 0.7245 0.7701 6.29%
Pr@40 0.7556 0.7634 0.7712 0.7789 0.7867 0.7456 0.7534 0.7745 0.8023 0.7889 0.8504 5.99%
Re@5 0.5089 0.5167 0.5245 0.5323 0.5501 0.4989 0.5056 0.5289 0.5345 0.5434 0.5751 4.54%
Re@10 0.5812 0.5889 0.5967 0.6045 0.6123 0.5712 0.5789 0.6023 0.6101 0.6201 0.6559 5.77%
Re@20 0.6489 0.6567 0.6645 0.6823 0.6801 0.6389 0.6456 0.6712 0.6789 0.6778 0.7274 6.61%
Re@40 0.7445 0.7523 0.7601 0.7678 0.7756 0.7545 0.7123 0.7356 0.7434 0.7512 0.7918 2.09%
Gini 0.5789 0.5723 0.5656 0.5589 0.5523 0.5989 0.5845 0.5534 0.5389 0.5312 0.5023 5.44%
SDI 0.4088 0.3999 0.3911 0.3822 0.3733 0.4188 0.4077 0.3699 0.3366 0.3477 0.2988 11.23%

Facebook

RMSE 0.3689 0.3656 0.3623 0.3489 0.3556 0.3589 0.4234 0.3767 0.3701 0.3534 0.3055 12.44%
Pr@5 0.5201 0.5278 0.5356 0.5634 0.5512 0.5101 0.5189 0.5467 0.5534 0.5489 0.5957 5.73%
Pr@10 0.5967 0.6045 0.6123 0.6201 0.6378 0.5867 0.5945 0.6201 0.6267 0.6323 0.6834 7.15%
Pr@20 0.6634 0.6712 0.6789 0.6867 0.6945 0.6534 0.6601 0.6856 0.6923 0.7001 0.7578 8.24%
Pr@40 0.7289 0.7367 0.7445 0.7523 0.7601 0.7189 0.7267 0.7478 0.7545 0.7612 0.8189 7.58%
Re@5 0.4845 0.4923 0.5001 0.5078 0.5256 0.4745 0.4812 0.5034 0.5089 0.5167 0.5567 5.92%
Re@10 0.5567 0.5645 0.5723 0.5801 0.5878 0.5467 0.5534 0.5778 0.5845 0.5912 0.6395 8.17%
Re@20 0.6234 0.6312 0.6389 0.6667 0.6545 0.6134 0.6201 0.6456 0.6523 0.6589 0.7134 7.00%
Re@40 0.7189 0.7267 0.7345 0.7423 0.7601 0.7289 0.6867 0.7101 0.7278 0.7256 0.7801 2.63%
Gini 0.6034 0.5967 0.5901 0.5834 0.5767 0.6234 0.6101 0.5789 0.5845 0.5867 0.5189 10.36%
SDI 0.4333 0.4244 0.4155 0.4066 0.3977 0.4433 0.4322 0.3955 0.3733 0.3622 0.3155 12.89%

(15.33% decrease), while exhibiting modest influence on Google+ (2.59% decrease). User

DualModelling similarly shows varying importance across platforms (Twitter: 19.53%,Google+:

24.26%, Facebook: 8.44%). Notably, theCausal Transformer proves essential for echo cham-

bermitigation, as evidenced by increased Gini coefficients upon its removal (Twitter: 9.0%,

Google+: 5.44%, Facebook: 6.0%). These findings underscore the critical role of address-

ing hidden confounders through causal inference in maintaining effective echo chamber

mitigation across diverse social network environments.

Parameters Analysis: To assess CEDA’s sensitivity for various parameter configurations

and optimize its performance, we conduct a comprehensive hyperparameter analysis on

three real-world datasets. Generally, we focus on four parameters: first is the user embed-

ding dimensions d , impacting the depth of user preference insights; second is the number

of attention heads j , impacting the model’s capacity to process multiple relevance signals;

third is the batch size, impacting learning stability; and last is the learning rate, impact-

ing convergence speed. As shown in Figure 4.16, Figure 4.17, and Figure 4.18, our results
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Figure 4.15: CEDA: Ablation study.

reveal distinct sensitivity patterns across different social network environments, empha-

sizing the importance of platform-specific optimization. Specifically, the optimal attention

head configuration varies with network density. Twitter achieves peak performance (Pre-

cision@40: 89.98%) with 16 heads, while Google+ and Facebook perform optimally with

8 heads (85.04% and 81.89% respectively). Similarly, embedding dimensionality require-

ments correlate with network complexity, with Twitter and Facebook performing best at

128 dimensions, while Google+ requires 256 dimensions for optimal performance. Regard-

ing training parameters, batch size optimization shows platform dependence, with Twitter

and Facebook achieving optimal results at 256, while Google+ benefits from larger batches

of 512. However, the learning rate demonstrates consistent behavior across platforms, with

0.001 yielding optimal performance universally. These findings highlight the necessity of

platform specific hyperparameter tuning for effective echo chamber mitigation, particu-

larly for parameters affecting model capacity and training dynamics.

Figure 4.16: CDEA: Parameter sensitivity analysis on the Twitter dataset.

Understanding Intervention Strategies: We evaluate our intervention strategies’ effec-

tiveness through a detailed analysis of representative networks constructed from 20 ran-

domly selected users on each platform. Initial network snapshots (Before) reveal distinct

echo chamber formations: Twitter exhibited three chambers, Google+ contained four cham-

bers, and Facebook displayed five chambers. Our method identifies optimal modification
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Figure 4.17: CDEA: Parameter sensitivity analysis on the Google+ dataset.

Figure 4.18: CDEA: Parameter sensitivity analysis on the Facebook dataset.

points through two mechanisms: detection of low diversity clusters using ILD scores and

identification of bottleneck users based on their network positioning. We implement tar-

geted modifications by strategically removing connections from high degree users within

low diversity clusters (red prohibition signs) while establishing new cross cluster pathways

through bottleneck users (purple nodes with purple connecting lines). Post intervention

analysis (After) demonstrates significant structural improvements. The number of echo

chambers decreased substantially: Twitter reduced from three to one, Google+ from four to

two, and Facebook from four to zero. The newly established purple bridging connections

successfully transform previously segregated communities into interconnected networks.

These results validate CEDA’s ability to leverage causal learning for identifying and address-

ing hidden confounders, enabling systematic echo chamber mitigation while promoting

diverse information flow across social networks.

4.3.3.4 Summary

In this work, we propose CEDA, a novel causal framework that addresses RQ2 regarding en-

hancing recommender system robustness against spurious correlations in complex social

network structures. By synergistically integrating causal inference with transformer archi-

tecture, CEDA effectively identifies and adjusts for hidden confounders that create spuri-

ous correlations in information diffusion patterns, enabling more accurate prediction of

user behavior while actively mitigating echo chamber formation. Extensive experiments
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Figure 4.19: CDEA: Visualization echo chamber mitigation effects on Twitter.

Figure 4.20: CDEA: Visualization of echo chamber mitigation effects on Google+.

Figure 4.21: CDEA: Visualization of echo chamber mitigation effects on Facebook.
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demonstrate CEDA’s superior performance over state-of-the-art baselines in terms of both

prediction accuracy and echo chamber mitigation across diverse social network environ-

ments. Future work will explore extending our causal framework to handle multimodal so-

cial network data, potentially uncovering additional confounding mechanisms that influ-

ence information diffusion patterns in broader social contexts.
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CAUSAL MODEL FOR EXPLAINABLE RECOMMENDATIONS

This chapter addresses RQ3 regarding how causal insights can improve the recommen-

dation interpretability. By designing two causal models, we demonstrate how causal rea-

soning can effectively address the problem of spurious correlation to improve the inter-

pretability of recommendation models. The first study introduces semantics-guided dis-

entangled learning, leveraging causal structures to identify interpretable factors that drive

recommendations, thereby generating transparent rationales for system decisions. Build-

ing upon this foundation, the second study employs counterfactual reasoning in conver-

sational recommendations to not only improve the accuracy but also provide clear ex-

planations by identifying minimal changes that would alter recommendation outcomes.

Through comprehensive methodology, rigorous experimentation, and detailed findings,

this chapter establishes the effectiveness of causal inference in creating recommender sys-

tems that are both accurate and interpretable to users.

5.1 Semantics-Guided Disentangled Learning for

Recommendation

5.1.1 Overview

Traditional recommender systems mainly rely on historical interaction data to learn user

preferences, which often fails to distinguish between true user interests and spurious cor-

relations in the data [231, 183, 10]. While recent disentangled learning methods attempt to
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address this by separating different behavioral factors, they primarily focus on numerical

patterns without considering rich semantics that could help explain the true underlying

causes of user preferences [101, 185, 253]. This limitation can lead to suboptimal recom-

mendations which are difficult to explain and justify. For example, when a user interacts

with multiple movies, conventional methods may struggle to identify whether these inter-

actions stem from true interest in specific genres/directors or from conformity bias due to

social influences. Without proper semantic disentanglement, the system cannot provide

meaningful explanations for its recommendations.

5.1.1.1 Research Objective

This study aims to address RQ3 regarding how causal insights can improve recommenda-

tion explainability by developing a novel semantic-guided disentangled learning frame-

work. Specifically, we propose to leverage heterogeneous information networks (HIN) to

untangle the complex relationships between users, items and their attributes to reveal the

true causal factors driving user preferences. Through this semantic disentanglement, we

aim to not only improve recommendation accuracy but also generate interpretable expla-

nations by identifying which semantic aspects (e.g., movie genres, directors) causally influ-

ence each user’s decisions.

5.1.1.2 The ProposedMethod

To achieve the aforementionedobjectives, wepropose anovel framework called Semantics-

guided Disentangled Learning for Recommendation (SeDLR) with three synergistic com-

ponents:

• GraphDisentangling decomposes the user-item interaction graph intomultiple intent-

aware subgraphs based on semantic aspects extracted from the HIN, capturing dif-

ferent factors influencing user preferences independently.

• Semantic-aware Intent Representation leverages meta-path schemes in the HIN to

learn enriched semantic embeddings that ground interactionpatterns in interpretable

semantic concepts for generating meaningful explanations.

• Monte Carlo Edge-drop identifies causally significant semantic aspects by system-

atically dropping edges in the HIN structure and observing their impacts on recom-

mendations to generate precise explanations.

106



5.1. SEMANTICS-GUIDED DISENTANGLED LEARNING FOR RECOMMENDATION

The key contributions of this research are summarized as follows:

• We propose a novel framework called SeDLR that integrates HINs with disentangled

representation learning to jointly address the challenges of separating spurious cor-

relations and providing semantic explanations in RSs.

• We develop a principled approach that leverages meta-path schemes to ground dis-

entangled user intents in interpretable semantic concepts, enabling meaningful ex-

planations for recommendations.

• We design an innovative Monte Carlo edge-drop strategy that can identify causally

significant semantic aspects through systematic edge pruning, providing precise ex-

planations for why specific items are recommended.

5.1.2 SeDLR

5.1.2.1 ProblemDefinition

Let U and I be the sets of users and items, respectively. Each user u →U and item i →I

associated with multiple attributes A = {a1,a2, ...,aK } extracted from the heterogeneous

information networks (HINs). Each attribute ak → A represents interpretable properties

like movie genres and directors. The historical user-item interactions are denoted as O =
{(u, i )|u →U , i →I }, where each tuple (u, i ) indicates user u has interacted with item i .

Our goal is to accurately predict user preferences while providing semantic explana-

tions by disentangling true user interests from spurious correlations. Mathematically, we

decompose the holistic user-item interaction graphG = (U ↘I ,O ,A ) intomultiple intent-

aware subgraphs {G1, ...,GQ }, where each subgraph Gq captures semantically meaningful

interaction patterns related to specific attributes. Through meta-paths P = {p1, ...,pM } in

the HIN that connects users and items via different attribute combinations, we learn inter-

pretable semantic embeddings eq for each subgraph. For a target user-item pair (u, i ), we

generate both a prediction score ŷui indicating the likelihood of interaction and a set of se-

mantic explanations E = {ak |ak →A } highlighting which attributes causally influenced the

recommendation. The key challenges lie in effectively leveraging rich semantics to identify

and separate spurious correlations from true causal relationships in user behavior patterns,

while grounding disentangled representations in interpretable semantic concepts that en-

ablemeaningful explanations. By addressing these challenges throughour proposed SeDLR,

we aim to achieve more robust and explainable recommendations.
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5.1.2.2 Methodology

Figure 5.1 shows the overall framework of our proposed SeDLR. To begin with, we decom-

pose the holistic user-item interaction graph into multiple intent-aware subgraphs. For

each user u and item i , we divide their embeddings into q chunks representing different

intents:

(5.1) u =
(
u1,u2, . . . ,uq

)
, i =

(
i 1, i 2, . . . , i q

)

whereuq and i q are the chunked representation for q-th intent on interaction of user/item.

Tomodel relationships between intents and interactions,we construct a score vector S(u, i )=
(
S1(u, i ),S2(u, i ), · · · ,Sq (u, i )

)
, where each element represents the likelihood of an interac-

tion being driven by that intent. These score vectors effectively form adjacency matrices

for intent-aware subgraphs. We then employ a graph disentangling layer that propagates

information through these subgraphs using neighbor aggregation:

(5.2) euq
(1) = g (uq , {i q | i →Nu})

where euq
(1) aggregates first-order neighbor information andNu represents historically in-

teracted items. Through iterative updates, the model refines both intent-aware embed-

dings and graph structures. Next, to ground these disentangled intents in interpretable

concepts, we leverage meta-paths in the HIN to learn enriched semantic embeddings:

(5.3) S̃n
q (u, i )=

expSn
q (u, i )

∑q
q ↗=1 expS

n
q ↗(u, i )

where S̃n
q (u, i ) represents the normalized importance score for the q-th intent betweenuser

u and item i at iteration n. Sn
q (u, i ) denotes the raw score for the q-th intent. The denomi-

nator sums over all q intents to normalize the scores through softmax, ensuring they form

a valid probability distribution. These scores enable construction of the Laplacian matrix

M n
q that guides information propagation while preserving semantic meaning:

(5.4) M n
q (u, i )=

S̃n
q (u, i )√

Dn
q (u) ·Dn

q (i )

whereDn
q represents node degrees. Following that, the final embedding propagation aggre-

gates semantically-enriched information across the graph:

(5.5) un
q =

∑

i→Nu

Mn
q (u, i ) · i 0q
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Figure 5.1: The overall framework of our proposed method SeDLR.

where un
q represents the user embedding for the q-th intent at iteration n. i 0q is the initial

item embedding for intent q . In this way, we compute a weighted sum of item embeddings

based on their semantic relevance to capture user preferences for each intent.

Thereafter, we iteratively update the intent-aware graph by adjusting interaction scores

between users and items:

(5.6) Sn+1
q (u, i )= Sn

q (u, i )+un↖
q tanh

(
i 0q

)

where Sn+1
q (u, i ) represents the updated score for intent q between user u and item i . The

term un↖
q tanh

(
iq0) measures their semantic affinity using the nonlinear tanh activation.

This iterative process strengthens connections between items driven by similar intents, ul-

timately producing disentangled representations euq
(1) = un

q and the refined intent-aware

graph S̃n
q . We then stackmultiple layers to capture rich semantics from high-order connec-

tivity. For each layer r , we aggregate information from previous layers as:

(5.7) euq
(r ) = g

(
euq

(r↔1),
{
eiq

(r↔1) | i →Nu

})

where euq
(r↔1) represents the propagated information from (r -1)-hop neighbors for user u

on intent q . Each layer maintains its intent-aware adjacency matrix S̃r
q . The final represen-

tations are obtained by concatenating across all layers and intents: eu = (e1u , · · · ,euq ) for
users and ei = (e1i , · · · ,eiq ) for items, where euq = (euq

(0),euq
(1), · · · ,euq (r )). Following that, we
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leverage meta-paths in the HINs to extract rich semantic aspects for refining intent repre-

sentations. A meta-path scheme defines a composite path connecting different node types

through various relationships, capturing complex higher-level semantics. For instance, a

User-Movie-User (UMU) pathUu1↔Mm1↔Uu2 reveals behavioral similarities between users

u1 and u2, where u2’s preferences may influence u1’s intents. By incorporating these se-

mantic aspects modeled from meta-paths, we can better understand and explain the true

causal factors driving user preferences. Formally, we generate path instancesρ = {u1,u2, · · · ,ul }

for each pre-definedmeta-path p based randomwalks. These paths capture both semantic

and structural relationships between different node types. We then learn embeddings for

these path instances using a CNN followed by max-pooling:

(5.8) cp =max-pooling
({
CNN

(
{Xρ

i };ϑ
)}L

i=1

)

whereXρ
i is the embeddings for L path instances ofmeta-pathp. From thesemeta-path em-

beddings, we derive semantic representations for each user u through embedding lookup:

(5.9) vp = c↖p ·u

where u is the one-hot encoding of user u. The resulting vp serves as the aspect embedding

for user u under meta-path p, capturing rich semantic context to guide intent learning.

Following that, we perform semantic-aware intent learning by incorporating the semantic

embeddings vp with intent representations eu and ei using a Factorization Machine (FM):

(5.10) hp = eu ∝ vp

where hp represents the semantic-enriched intent representation and ∝ denotes element-

wise product. We then generate the final prediction score by combining user-item interac-

tions with semantic intents:

(5.11) ŷui =ωu↖i + (1↔ω)h↖
p i

where ω balances the contribution of each component. The model parameters are opti-

mized using the Bayesian Personalized Ranking (BPR) loss:

(5.12) LBPR =
∑

u,i , j→D
↔ lnϕ

(
ŷui ↔ ŷu j

)
+λ⇐E⇐22

where D contains user-item interaction triples and E denotes the embedding matrices.

This unified approach enables SeDLR to learn disentangled yet semantically meaningful

representations for explainable recommendations.
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Table 5.1: SeDLR: Statistical details of the two datasets.

Dataset (Density) Node Relation (A-B) Avg. Degree of A/B

Walmart Recruit
(0.11%)

User (U): 5,647 U-G: 5,645 U/G: 1 / 2822.5
Gender (G): 2 U-C: 5,645 U/C: 1 / 564.5
City (C): 10 U-T: 23,053 U/T: 4.1 / 1.1

Transaction (T): 20,878 U-U: 0 U/U: 0 / 0
Category Type (CT): 5 T-A: 23,053 T/A: 1.1 / 4.0
Amount (A): 5,764 T-CT: 23,053 T/CT: 1.1 / 4610.6

Douban Book
(0.27%)

User (U): 13,024 U-Bo: 792,062 U/Bo: 60.8 / 35.4
Book (Bo): 22,347 U-U: 169,150 U/U: 13.0 / 13.0
Group (Gr): 2,936 U-Gr: 1,189,271 U/Gr: 91.3 / 405.1
Author (Au): 10,805 Bo-Au: 21,907 Bo/Au: 1.0 / 2.0
Publisher (P): 1,815 Bo-P: 21,773 Bo/P: 1.0 / 12.0

Year (Y): 64 Bo-Y: 21,192 Bo/Y: 1.0 / 331.1

Finally, we propose a Monte Carlo edge-drop strategy to explain recommendations by

quantifying the causal impact of different semantic aspects. After obtaining the prediction

model f (·), we systematically remove each edge from meta-path p and generate new pre-

dictions ŷ s
ui . The importance of attribute b is determined by comparing the prediction

difference |ŷ s
ui ↔ ŷui | against a threshold ϖ. If this difference exceeds ϖ, we identify b as

a causally significant aspect that substantially influences the recommendation, providing

interpretable explanations for the model’s decisions.

5.1.3 Experiments

5.1.3.1 Datasets

Weevaluate our proposed SeDLRon two real-world datasets:Walmart Recruit1, andDouban

Book2. As shown in Table 5.1, Walmart Recruit contains retail transactions from 2011 to

2013 with rich HIN context including price, discount, user demographics, and item cat-

egories. Douban-Book comprises comprehensive book ratings with three user attributes

and four book attributes. For both datasets, we binarize feedback by treating ratings higher

than 5 as positive interactions while randomly sampling unobserved items as negative in-

stances to ensure balanced training.

1https://www.kaggle.com/c/walmart-recruiting-store-sales-forecasting
2https://github.com/librahu/HIN-Datasets-for-Recommendation-and-Network-

Embedding/tree/master/Douban%20Book
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5.1.3.2 Baselines and Evaluation

We implement our model on a Linux server with RTX3070 GPU. For training, we split both

datasets into 80%/10%/10% proportions for train/validation/test. The embedding dimen-

sion is selected from {16,32,64,128} using Xavier initialization, with learning rate tuned in

{0.001,0.01,0.05,0.1}. We train for a maximum 1000 epochs with early stopping. The de-

fault parameters for SeDLR are: embedding size 128, iteration number n=3, intent num-

ber q=4, and learning rate 0.01. We evaluate SeDLR using three popular metrics Recall@K ,

NDCG@K , and Precision@K where K → {1,10,20,40}. To benchmark our model, we com-

pare it with six representative baselines

• IF-BPR [235]: Ameta-path-based recommendationmodel that uses adaptiveweight-

ing on heterogeneous information networks (HINs) and optimizes a Bayesian per-

sonalized ranking objective.

• MCRec [72]: A multi-channel heterogeneous graph model that captures different se-

mantic relationships in HINs through attention-based channel aggregation.

• NeuMF [66]: Neural Matrix Factorization combines generalized matrix factorization

andmulti-layer perceptrons to model complex nonlinear user-item interactions.

• NGCF [183]: Neural Graph Collaborative Filtering propagates embeddings through

the user-item graph, capturing higher-order collaborative signals.

• DGCF [185]: Disentangled Graph Collaborative Filtering learns multiple indepen-

dent factors from interaction graphs to improve recommendation diversity and in-

terpretability.

• M-VAE [115]: A multi-aspect variational autoencoder that disentangles user prefer-

ences into independent latent components for explainable recommendation.

These baselines offer diverse modeling capabilities in semantic modeling, graph propa-

gation, and latent disentanglement, providing a comprehensive benchmark for evaluating

the effectiveness of SeDLR.

5.1.3.3 Result Analysis

PerformanceComparison: To verify the effectiveness of our proposed SeDLR, we compare

it with many state-of-the-art models on Top-K recommendations. Table 5.1.3.3 demon-

strates SeDLR’s superior performance across both twodatasets. For instance, SeDLRachieves
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significant improvements in NDCG@20, outperforming the strongest baselines by 27.7%

on Walmart Recruit and 15.2% on Douban Book. The consistent improvements over 10%

validate the effectiveness of ourMonte Carlo edge-drop strategy in identifying causally sig-

nificant aspects. Moreover, the strong performance of disentangled methods compared to

other approaches confirms the benefits of separating distinct user intents for more accu-

rate recommendations.

Table 5.2: SeDLR: Recommendation performance comparison: the best results are marked
as bold, strongest baselines are marked with underline.

Datasets Metrics NeuMF NGCF DGCF M-VAE IF-BPR MCRec SeDLR Improv.

Walmart Recruit

Recall@1 0.0376 0.0299 0.0421 0.0391 0.0385 0.0381 0.0476 13.1%
Recall@10 0.0401 0.0387 0.0447 0.0472 0.0419 0.0437 0.0512 8.5%
Recall@20 0.0451 0.0430 0.0516 0.0509 0.0479 0.0448 0.0552 7.0%
Recall@40 0.0612 0.0582 0.0572 0.0519 0.0556 0.0622 0.0672 8.0%
Precision@1 0.0301 0.0315 0.0357 0.0322 0.0316 0.0351 0.0417 16.8%
Precision@10 0.0457 0.0385 0.0477 0.0369 0.0399 0.0426 0.0516 8.2%
Precision@20 0.0528 0.0497 0.0519 0.0489 0.0462 0.0512 0.0556 5.3%
Precision@40 0.0609 0.0599 0.0712 0.0603 0.0591 0.0621 0.0776 9.0%
NDCG@1 0.0201 0.0315 0.0362 0.0288 0.0291 0.0343 0.0415 14.6%
NDCG@10 0.0341 0.0392 0.0448 0.0429 0.0409 0.0422 0.0512 14.3%
NDCG@20 0.0396 0.0499 0.0513 0.0489 0.0502 0.0511 0.0591 15.2%
NDCG@40 0.0670 0.0689 0.0711 0.0676 0.0709 0.0712 0.0823 15.6%

Douban Book

Recall@1 0.0267 0.0205 0.0333 0.0301 0.0329 0.0324 0.0387 16.2%
Recall@10 0.0311 0.0377 0.0411 0.0339 0.0362 0.0401 0.0458 11.4%
Recall@20 0.0339 0.0252 0.0431 0.0309 0.0396 0.0478 0.0515 7.7%
Recall@40 0.0641 0.0707 0.0749 0.0691 0.0628 0.0481 0.0801 6.9%
Precision@1 0.0302 0.0344 0.0351 0.0325 0.0281 0.0294 0.0401 14.2%
Precision@10 0.0391 0.0402 0.0415 0.0378 0.0356 0.0352 0.0476 14.7%
Precision@20 0.0420 0.0495 0.0538 0.0322 0.0376 0.0309 0.0541 0.6%
Precision@40 0.0599 0.0618 0.0725 0.0425 0.0564 0.0468 0.0745 2.8%
NDCG@1 0.0301 0.0295 0.0327 0.0341 0.0205 0.0202 0.0395 15.8%
NDCG@10 0.0356 0.0441 0.0457 0.0401 0.0398 0.0268 0.0552 20.8%
NDCG@20 0.0391 0.0301 0.0502 0.0425 0.0463 0.0294 0.0641 27.7%
NDCG@40 0.0682 0.0691 0.0663 0.0645 0.0601 0.0507 0.0813 19.2%

Aspect Threshold Influence: To analyze the impact of aspect threshold ϖ in our Monte

Carlo edge-drop strategy, we conduct extensive experiments as shown in Figure 5.2. We

find that the performance peaks at ϖ = 0.6 across all metrics and datasets. The initial im-

provement from ϖ = 0 to 0.6 demonstrates the benefits of filtering less significant aspects,

while the decline beyond ϖ= 0.6 indicates that removing toomany aspects leads to insuffi-

cient input features. This analysis establishes ϖ= 0.6 as the optimal threshold for balancing

aspect filtering in HIN-based recommendations.

Model Explainability: To provide a deeper understanding of SeDLR’s explainability, we

conduct case studies on the Walmart Recruit dataset, as illustrated in Figure 5.3. In both

examples, SeDLR disentangles and highlights different user- and context-related aspects
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(a) The impact of Threshold @K20 on
Douban Book.

(b) The impact of Threshold @K40 on
Douban Book.

(c) The impact of Threshold @K20 on
Walmart Recruit.

(d) The impact of Threshold @K40 on
Walmart Recruit.

Figure 5.2: SeDLR: The influence of aspect threshold in Monte Carlo edge-drop strategy.

Figure 5.3: SeDLR: Two case studies fromWalmart Recruit.

that contribute to the prediction of a laptop purchase. For user 268136, themodel identifies

“male” (score 0.78) and “man store” (score 0.62) as significant factors, while for user 278124,

“female” (score 0.81) and “woman store” (score 0.66) are most influential, both above the

thresholdϖ= 0.6. This demonstrates that SeDLR generates personalized and context-aware

semantic explanations: for each user, the model adapts its reasoning to the user’s specific

profile and shopping environment, rather than associating the item with a particular gen-

der. Notably, the model provides similarly high purchase probabilities for both users (0.8

and 0.81), which suggests that SeDLR’s explanations do not reveal a gender-related bias to-

ward the laptop item. Instead, the explainability reflects how relevant user attributes and

store context together influence each recommendation. This validates that SeDLR offers

nuanced, fair, and meaningful explanations for diverse user groups.
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5.1.3.4 Ablation Study

To assess the contribution of each module in SeDLR, we conduct an ablation study on

the Walmart Recruit dataset. As shown in Table 5.3, removing either the disentangled em-

bedding component or the latent reasoning module leads to a noticeable decrease in rec-

ommendation performance across all evaluation metrics. Without disentangled embed-

dings, the model struggles to effectively capture diverse user intents. Similarly, eliminating

the latent reasoning loop reduces the model’s ability to align user-item semantics during

decision-making. When both modules are removed, performance degrades substantially,

approaching the level of conventional models like NeuMF. These results confirm that both

modules are essential to the effectiveness of SeDLR, and their joint use is critical for cap-

turing semantic and intent-aware representations.

Table 5.3: Ablation Study of SeDLR onWalmart Recruit Dataset.

Variant Description Recall@10 NDCG@10 Precision@10
Full SeDL Full model with disentangled embed-

dings and latent reasoning
0.0512 0.0512 0.0516

w/o Disentangled Embeddings Replace disentangled embeddings with
standard latent representations

0.0473 0.0464 0.0493

w/o Latent Reasoning Disable latent reasoning module (intent
refinement loop)

0.0451 0.0442 0.0461

w/o Both Modules Remove both modules, retain backbone
only (similar to NeuMF)

0.0401 0.0341 0.0457

5.1.3.5 Summary

In this work, we propose SeDLR, a novel framework that addresses RQ3 regarding improv-

ing recommendation explainability through causal insights. By synergistically integrating

HIN-based semantic modeling with disentangled representation learning, SeDLR effec-

tively identifies true causal factors driving user preferences while providing interpretable

explanations grounded in semantics. Through Monte Carlo edge-drop analysis, we can

quantify the causal significance of different semantic aspects, enabling more transparent

explanations for recommendations. Extensive experiments demonstrate SeDLR’s superior

performance over state-of-the-art baselines in terms of both recommendation accuracy

and explainability. Future work will explore fine-grained semantic disentanglement at the

item-level to further enhance model explainability.
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5.2 Counterfactual Explainable Conversational

Recommendation

5.2.1 Overview

Conversational Recommender Systems (CRSs) fundamentally differ from traditional rec-

ommender systems by interacting with users in a conversational session to predict their

preferences for personalized recommendations [94, 49, 157], as shown in Figure 5.4. Al-

though current CRSs have achieved favorable recommendationperformance, their explain-

ability is still in its infancy stage [80, 217, 93].Most CRSs tend to provide coarse explanations

that simply list matching attributes between users and items, without exploring the deeper

causal relationships that drive recommendation decisions. This limitation makes it diffi-

cult for users to understand why specific items are recommended or rejected, potentially

reducing user satisfaction.

Figure 5.4: The general workflow of CRSs.

5.2.1.1 Research Objective

This study aims to address RQ3 regarding how causal insights can improve recommenda-

tion explainability by developing a novel counterfactual framework. While existing CRSs

provide basic explanations based on matching attributes, they fail to explore the underly-

ing causal mechanisms that drive user decisions. To bridge this gap, we propose a counter-

factual approach that identifies minimal attribute changes necessary to alter recommen-

dation outcomes, thereby revealing the true causal relationships between item attributes
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and user preferences. Our framework serves two complementary goals: First, it enhances

explainability by generating granular, causal explanations that help users understand why

specific items are recommended, accepted or rejected. Second, it improves the accuracy

of recommendations by learning from samples created based on these counterfactual in-

sights. Since the system can better capture user preferences by understanding which at-

tribute modifications might avoid rejection.

5.2.1.2 The ProposedMethod

To achieve the above objectives, we propose a Counterfactual Explainable Conversational

Recommender (CECR) with four synergistic components:

• Offline Preference Learning constructs initial user and item representations from

historical interaction data to establish a foundation for understanding user prefer-

ences and item characteristics in conversations.

• PreferenceRefinement dynamically updates user preferences based on real-time con-

versational feedback, incorporating both positive and negative signals.

• Counterfactual Reasoning identifiesminimal attribute changes that would alter rec-

ommendation decisions, providing interpretable causal explanations for why spe-

cific items are recommended or rejected.

• Recommendation leverages the generated counterfactual explanations to create ad-

ditional training samples, augmenting the training data to improve both recommen-

dation accuracy andmodel robustness.

The key contributions of this research are summarized as follows:

• To the best of our knowledge, we are the first to incorporate counterfactual reason-

ing into conversational recommender systems. Our approach provides fine-grained,

interpretable explanations that reveal how minimal attribute changes would affect

recommendation outcomes, addressing a critical gap in CRS explainability.

• Wepropose a dynamic preference refinementmechanism that effectively synthesizes

historical interactions with real-time conversational feedback. This dual-source ap-

proach enables more accurate and adaptive preference modeling, allowing the CRS

to capture both the long-term and short-term user preferences.
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• We develop a novel counterfactual reasoning framework that generates counterfac-

tual explanations to improve interpretability while creating counterfactual samples

to improve recommendation performance.

5.2.2 CECR

5.2.2.1 ProblemDefinition

LetU , I and A be the user set, item set and attribute set, respectively. Each user u →U pro-

vides positive and negative feedback during the conversational process. The positive feed-

back includes the positive attribute set A+
u containing attributes that user likes. The nega-

tive feedback comprises the negative attribute set A↔
u and rejected item set I↔u , containing

attributes and items that user dislikes. For themulti-round conversation, we aim to achieve

two key objectives. First, we aim to generate accurate recommendations by predicting the

items i → I thatmatch user u’s preferences expressed through online feedback on attributes

a → A. Second, we aim to provide counterfactual explanations E = {ak |ak → A} identifying

which attributes causally influenced each recommendation decision. To achieve these ob-

jectives, we learn from both positive feedback A+
u and negative feedback A↔

u and I↔u during

conversations to gradually understand user preferences. Specifically, we identify minimal

attribute changes ϖ that would alter recommendation outcomes, enabling counterfactual

reasoning as an explanation of why specific items are recommended or rejected. These

counterfactual insights are then used to generate additional training samples to improve

the system’s recommendation accuracy.

5.2.2.2 Methodology

As shown in Figure 5.5, the framework of CECR consists of four synergistic components

designed to enhance both recommendation accuracy and explainability through counter-

factual reasoning. To begin with, our first componentGNNs-basedOffline Learning learns

offline item, attribute and user representation based on their historical interaction data,

which can serve as starting points for conversations. Specifically, we first resort a Multi-

Layer Perceptron (MLP) to jointly consider the interaction information with rating feed-

back as

(5.13) zu,i =MLP
(
e(in)i ⇑e yu,i

)

where ⇑ is the concatenation operation. zu,i is the rating-aware representation of user u

for item i , which integrates the initial item embedding e(in)i with the user’s rating encod-
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ing e yu,i . Following that, we model the offline user representation eu by considering both

item-space interactions and social-space relationships. Specifically, we construct the user

representation through two complementary components: the item-space user latent factor

eUu capturing user-item interactions, and the social-space user latent factor eSu representing

user-user social relations. For the item-space factor, we aggregate a user’s historical inter-

actions through an attention-weighted mechanism:

(5.14) eUu =ϕ(W ·
∑

i→Iu

ωuizu,i +b)

whereϕ is a rectified linear unit as the non-linear activation function. The attention weight

ωui captures the varying importance of different item interactions:

(5.15)
ω∞
ui =Wω

2 ·ϕ
(
Wω

1 ·

zu,i ⇑e(in)u


+b1

)
+b2

ωui =
exp

(
ω∞
ui

)
∑

i→Iu exp
(
ω∞
ui

)

where e(in)u represents the initial user attributes, and ωui is normalized by the attentive

score ω∞
ui to remove dimensional effect between data features.

Figure 5.5: The overall framework of our proposed method CECR.

Following social theory [150], we further incorporate social influence by defining the

social-space user latent factor eSu that captures preference signals from a user’s social con-

nections. Through neighbor aggregation over the social graph S , we compute this social-

space representation as:

(5.16) eSu =ϕ(W ·
∑

o→N (u)
εkou

U
o +b)
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where
{
uU
o ,′o →N (u)

}
denotes the embeddings of u’s directly connections. Social atten-

tion weights εko are learned through a two-layer neural network:

(5.17)

ε∞
ko =Wε

2 ·ϕ
(
Wε

1 ·

uU
o ⇑e(in)u


+b1

)
+b2

εko =
exp

(
ε∞
ko

)
∑

o→N (u) exp
(
ε∞
ko

)

where ε∞
ko is the attentive score and εko represents the social strengths between users. Fi-

nally, we combine the item-space and social-space factors through a MLP to obtain the

overall user representation:

(5.18)

e(0)u =MLP (

eUu ⇑eSu


)

e(1)u =ϕ
(
WU

2 ·e(0)u +b2
)

. . .

eu =ϕ
(
WU

- ·e(-↔1)u +b-

)

where - is hidden layer number of MLP and e(-↔1)u is the user representation on the (-↔1)

layer. The overall user representation eu effectively captures both high-order interaction

patterns and social influence signals, providing a comprehensive model of user prefer-

ences. Next, we construct the offline item representation e i by capturing diverse user feed-

back patterns for each item. Since different users may interact with the same item dif-

ferently, incorporating this feedback diversity is crucial for characterizing item features

comprehensively. Mathematically, we aggregate user interactions through an attention-

weighted mechanism:

(5.19) e i =ϕ(Wi ·
∑

u→B(i )
µiuzi ,u +b)

where zi ,u is rating-aware representation of item i for user u. The user attention weights

µiu are learned through a two-layer neural network:

(5.20)

µ∞
iu =Wµ

2 ·ϕ
(
Wµ

1 ·

zi ,u ⇑e(in)i


+b1

)
+b2

µiu =
exp

(
µ∞
iu

)
∑

u→B(i ) exp
(
µ∞
iu

)

where µ∞
iu is the attentive score and e i it the overall item representation for item i contain-

ing information from high-order interaction patterns.

Likewise, we learn the offline attribute representation ea by aggregating information

from items sharing the same attribute. Since items with common attributes typically be-

long to similar categories, they exhibit correlated interaction patterns. We aggregate these
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items using their rating-aware representations za,i and incorporate user attention weights

ϑiu similar to the item-level attention mechanism. This process generates attribute rep-

resentations that capture rich semantic patterns from similarly-attributed items. Through

this comprehensive approach, we obtain GNN-based representations for users (eu), items

(e i ), and attributes (ea) that form the foundation for subsequent recommendation and ex-

planation tasks.

Next, the second component Preference Refinement dynamically updates user prefer-

ences by synthesizing current conversational feedback with historical interaction patterns.

Let u → U denote a user, with A +
u and A ↔

u representing the sets of positive and negative

attributes from online feedback respectively. We model the user’s feedback representation

through:

(5.21) RA +
u
=


ea+

... ea+


,RA ↔

u =

ea↔

... ea↔


,RI↔

u =

e↔i

... e↔i



where RA +
u
, RA ↔

u , and RI↔
u represent matrix encodings of accepted attributes, rejected at-

tributes, and rejected items. To effectively aggregate positive feedback signals, we employ

attention mechanisms:

(5.22) R+ = softmax


RA +

u
W j (RA +

u
)TWk

⇒
d


RA +

u
W f

where R+ captures contextual information across positive feedback. W j , Wk , and W f are

learnable projectionmatrices. For negative feedback including both rejected attributes and

items, we construct Rne =RA ↔
u ⇑RI↔

u and compute:

(5.23) R↔ = softmax


RneW j (Rne)TWk⇒

d


RneW f

where R↔ captures contextual information across negative feedback. The final refined user

preference is then updated as:

(5.24) etu = eu +e+u ↔e↔u

where etu denotes the user preference at round t , combining long-term preferences eu with

positive e+u and negative e↔u feedback signals from the current conversation. This enables

our model to maintain an adaptive balance between historical patterns and real-time user

feedback for more accurate preference modeling.

Now, we start updating the user representations in each conversation round. We first

aggregate positive and negative feedback signals to capture attribute-level preferences:

(5.25) e↔A = 1A ↔
u


∑

a↔→A ↔
u

ea↔ ,e+A = 1A +
u


∑

a+→A +
u

ea+
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where e↔A and e+A represent aggregated negative and positive attribute feedback. To adap-

tively balance long-term and short-term preferences, we introduce gating mechanisms:

(5.26)

C↔
u =ϕ

(
W3 · Concat

(
e↔A ,eu ,e↔A ∝eu

)
+b

)

C+
u =ϕ

(
W4 · Concat

(
e+A ,eu ,e+A ∝eu

)
+b

)

e ↗u = eu ∝ (C↔
u ↔C+

u )

where C+
u and C↔

u are the gating functions [217] to control the information propagated via

feedback based on positive and negative attribute signals.∝means the element-wise prod-

uct. The final updated user representation e ↗u is computed as:

(5.27) e↗u = eu ∝ (C↔
u ↔C+

u )

where e ↗u is the updated user representation. Likewise, we begin to update item represen-

tation during each conversation round. Given that users often reject items due to specific

attributes rather than the entire item, we need a refined approach to handle negative feed-

back at the item level while preserving positive attribute associations. Let e↔i denote the

representation of a rejected item. We compute the updated item representation through:

(5.28)
C↔

i =ϕ
(
W5 · Concat

(
e+A ,e↔i ,e

+
A ∝e↔i

)
+b

)

e ↗i↔ = e↔i ∝C↔
i

where e ↗i↔ it the updated item representation computed through the gating function C↔
i .

The final aggregated representation of all rejected items is then computed as:

(5.29) e↔I = 1I↔
u


∑

i↔→I↔
u

e ↗i↔

where e↔I captures the collective negative feedback at the item level while accounting for

the influence of positive attributes. This enables our model to learn finer-grained prefer-

ence patterns by distinguishing between rejected attributes and preserving valuable pos-

itive signals within rejected items, thereby enhancing recommendation quality. Next, we

formulate the overall user preference representation eoveral l by combining the refined user

preferences and item-level feedback as:

(5.30) eoveral l = e↗u ↔e↔I

where e↗u represents the updated user preferences incorporating both long-term and short-

term signals, while e↔I captures aggregated negative feedback at the item level.
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The third component Counterfactual Reasoning aims to address data sparsity while

enhancing model explainability through counterfactual analysis. We first employ a multi-

layer neural network g (·) to estimate the ranking score sui between user u and item i :

(5.31)

s(1)ui =W1 ·ReLU
(
g (e ↗u ,e i )

)
+b1

s(2)ui =W2 ·ReLU · s(1)ui +b2

. . .

sui =WM ·ReLU · s(M↔1)
ui +bM

where the ReLU is the rectified linear unit activation function for all layers (m → [1,M ]).

Explanation Strength (ES) and Explanation Complexity (EC) are two aspects used to de-

scribe counterfactual explainability [158]. According to the Occam’s Razor Principle [46],

we seek the strong (i.e., high ES) yet simple (i.e., low EC) counterfactual explanation, which

is a small change vector on item: ϖ = {ϖ0,ϖ1, · · · ,ϖd }. The elements in ϖ are initialized to

zero and constrained within attribute-specific ranges (e.g., [-1,1] for binary attributes). The

counterfactual explanation is generated by iteratively updating ϖ in the embedding space

to find the minimal attribute changes that would modify the recommendation result: e↗i =
ei +ϖ, where e↗i represents the counterfactually modified item embedding. This approach

enables the identification of fine-grained attribute-level changes required to affect recom-

mendations, providing interpretable explanations while generating valuable counterfac-

tual samples to enhance model robustness.

We quantify the effectiveness of counterfactual explanations through two key metrics:

Explanation Strength (ES) and Explanation Complexity (EC). The ES measures how signifi-

cantly a small change ϖ influences the model’s decision:

(5.32) S(ϖ)= su,i ↔ su,iϖ

where su,iϖ represents the ranking score after applying change ϖ. We establish a threshold

ε based on the score difference between items:

(5.33) S(ϖ)> ε= su,i ↔ su,ik

where su,ik is the k-th item’s ranking score. When S(ϖ) > ε, the explanation demonstrates

strong influence, indicating the change significantly impacts recommendations. For EC,we

consider both the number of modified attributes (|ϖ|0) and magnitude of changes (|ϖ|22).
Following [16, 15], we approximate the non-convex |ϖ|0 using the -1-norm |ϖ|1. The opti-

mization objective becomes:

(5.34) minimize
ϖ

⇐ϖ⇐22+⇐ϖ⇐1+γ⇐ϖ⇐0+λ log[ϕ(su,iϖ , su,ik )]
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where γ and λ are tuning parameters. ϕ(x) = 1
1+e↔x is the sigmoid function. We iteratively

update ϖ through:

(5.35) ϖ(t+1) =ϖ(t )↔ω

[
λ log[ϕ (ε)]

ϖ(t )
+
⇐ϖ(t )⇐22+γ⇐ϖ(t )⇐1

ϖ(t )

]

whereω represents the learning rate.ϖ(t ) is the change vector at iteration t , which can serve

as the counterfactual explanation after t iterations to improve the explainability of the CRS

task, providing the fine-grained recommendation reasons.

With the counterfactual explanation ϖ(t ), we then address data sparsity through coun-

terfactual sample augmentation. Let O denote the set of original training samples, where

each triplet (u, i1, i2) indicates useru prefers item i1 over i2.We optimize themodel through

a modified Bayesian Personalized Ranking (BPR) loss:

(5.36)
minimize[↔

∑

(u,i1,i2)→O
log[ϕ (ε)]+ϱ⇐g⇐2]

s.t., Generate (u, i , ik)↘O. if has ϖ(t )

where ϱ|g |2 represents the regularization term. When a counterfactual explanation ϖ(t ) is

available for a rejected item i , we generate a new training sample (u, i , ik) where ik repre-

sents the k-th ranked item that displaced item i from the Top-K recommendations after ap-

plyingϖ(t ). By augmenting the training data with these counterfactual samplesO↘(u, i , ik),

we enhance themodel’s robustness and performance on sparse datasets whilemaintaining

interpretability through the counterfactual reasoning process.

The final component Recommendation incorporates counterfactual samples into the

training process and then makes predictions. Given an item i → I or attribute a → A , we

compute preference scores using the overall user representation eoveral l :

(5.37)
y

(
i | u,e↔I

)
=

〈
e i ·eoveral l

〉
,

y
(
a | u,e↔I

)
=

〈
ea ·eoveral l

〉

where the system selects between recommending items or querying attributes by compar-

ing their respective preference scores y(i |u,e↔I ) and y(a|u,e↔I ). Overall, the training pro-

cess consists of three phases: First, we train the base model g on the original dataset O.

Second, when users reject recommendations, we generate counterfactual samples (u, i , ik).

Third, we retrain the model on the augmented dataset O↘ (u, i , ik). During conversations,

the system recommends Top-K items only when the "recommend item" action is selected;

otherwise, it continues attribute-based exploration.
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To facilitate efficient development and evaluation of conversational recommender sys-

temswithout requiring extensive real-user data collection, we employ a user simulator that

interacts with the system in a principled manner. The simulator takes as input the user’s

historical preferences and system queries (either attribute-based questions or item recom-

mendations) and generates realistic feedback that mimics actual user responses like ac-

ceptance or rejection of recommendations. To enable dynamic interaction, the simulator

supports both passive response generation and active preference probing. When the rec-

ommender system poses questions about specific attributes or items, the simulator draws

upon the stored user preferencemodel to generate appropriate responses. These simulated

interactions allow the system to iteratively refine its recommendation strategy by gather-

ing additional preference information through strategic question-asking, just as it would

in real conversational scenarios. This simulation-based approach provides several key ad-

vantages: it enables rapid prototyping and evaluation of different conversational strategies,

ensures reproducibility of experiments, and allows systematic assessment of the system’s

performance under various user behavior patterns.

5.2.3 Experiments

5.2.3.1 Datasets

We evaluate our model on three benchmark datasets: Yelp3, Douban-Book4 and Movie-

Lens5. As shown in Table 5.4, each dataset contains rich user-item interaction data along

with diverse attributes: Yelp captures user feedback on businesses, with user attributes

(age, gender, location) and business attributes (category, price range, reviews). Douban-

Book comprises book ratings and social connections, including user metadata (location,

groups, occupation) and book information (author, publisher, year). MovieLens contains

movie ratingswith user demographics (age, gender, occupation) andfilmproperties (genre,

year). To ensure data quality, we filter out users with fewer than 10 interactions and remove

infrequent attributes. The remaining data is split into training/validation/test sets with ra-

tios of 70%/20%/10%.

3https://www.yelp.com/dataset/
4https://github.com/librahu/HIN-Datasets-for-Recommendation-and-Network-Embedding
5https://github.com/librahu/HIN-Datasets-for-Recommendation-and-Network-Embedding
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Table 5.4: CECR: Statistical details of the three datasets.

Dataset #User #Item #Interaction #Density

Yelp 27,675 70,311 1,368,606 0.07%
Douban-Book 13,024 22,347 792,062 0.27%
MovieLens 943 1,682 100,000 6.30%

5.2.3.2 Baselines and Evaluation

For recommendation evaluation, we employ Success Rate (SR@r), whichmeasures the suc-

cess rate within the first r conversation rounds, and Average Turns (AT), which calculates

the average number of rounds until conversation completion [93, 217]. For explainabil-

ity evaluation, we use both user-oriented and model-oriented metrics. The user-oriented

metrics include Precision, whichmeasures explanation accuracy by calculating the ratio of

correctly identified attributes in the explanation, and Recall, which evaluates explanation

completeness by measuring the percentage of user-liked attributes included. The model-

oriented metrics consist of Probability of Necessity (PN), assessing how necessary an at-

tribute is for recommendations, and Probability of Sufficiency (PS), evaluating how suffi-

cient an attribute is for making recommendations. Mathematically, Precision and Recall

are defined as

(5.38) Precision =
∑d

a=1p
(a)
u,i · I (ϖa)

∑d
a=1 I (ϖa)

, Recall =
∑d

a=1p
(a)
u,i · I (ϖa)

∑d
a=1p

(a)
u,i

where p(a)
u,i indicates user u’s feedback on attribute a of item i , and I (ϖa) is an indicator

function that equals 1 when ϖa 7= 0. Moreover, PN and PS are defined as

(5.39)

PN=
∑

u→U
∑

i→Ru,K PNui∑
u→U

∑
i→Ru,K I (Aui 7=∀)

,

PS=
∑

u→U
∑

i→Ru,K PSui∑
u→U

∑
i→Ru,K I (Aui 7=∀)

where Ru,K denotes the Top-K recommendation list for user u, PNui and PSui are the ne-

cessity and sufficiency scores for recommending item i to user u, and I (Aui 7= ∀) is an

indicator function that equals 1 when explanation attributes exist for the user-item pair.

In this way, we can still create counterfactual item i ↗ and counterfactual recommendation

list R ↗
u,K . For implementation, we set the embedding dimension to 128 with regularization

parameter 1e-5. The learning rate is tuned in [0.0001, 0.1], andTop-K is set to 10 for allmod-

els. We employ Adam optimizer for training due to its superior convergence speed and low
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memory requirements. For a fair comparison, baseline models are tuned using the same

hyperparameter ranges as ours.

We compare our proposed CECR to the following state-of-the-art CRSs:

EAR [93]: implements a three-stage reinforcement learning framework for estimating

user preferences in CRSs through estimation, action and reflection stages.

UNICORN [41]: adopts a unified approach for multi-stage decision optimization to en-

hance the CRS performance and scalability.

FPAN [217]: designs gating modules for negative and positive feedback processing, and

then adapts user preferences based on online feedback in CRS.

KBRD [24] : leverages knowledge graphs to incorporate users’ knowledge-grounded in-

formation for more accurate preference modeling.

CPR [94] : reformulates conversational recommendation as a path-finding problem,

employing reinforcement learning to discover meaningful explanations.

CAEC [89] : employs a BERT-based architecture to generate explanations inCRSwithout

requiring prior knowledge about users.

SAUR [246]: enhances questioning capabilities through Multi-Memory Networks while

utilizing search history for explanation generation.

Random: a basic baseline that simply selects attributes randomly as explanations.

Note that we did not include our own conversational model CCR in this comparison,

even though both models are evaluated on shared datasets, because they are designed for

fundamentally different settings. Our previous CCR is built for improving predictive accu-

racy while CECR in this work is designed for improving the interpretability. Therefore, their

architectures and objectives are not directly comparable.

5.2.3.3 Result Analysis

PerformanceComparison: Table 5.5 showsCECR’s superior performance across all datasets

and metrics. CECR achieves significant improvements in SR@10 over the strongest base-

lines: 5.75% on Yelp, 6.10% on Douban-Book, and 6.87% on MovieLens. Moreover, CECR

requires fewer conversation rounds to reach successful recommendations, as evidenced

by the lowest AT values among all models. Meanwhile, figure 5.6 reveals the relationship

between success rate and conversation rounds. All models show rapid improvement in SR

during the first 5 rounds, followed by a slower increase until reaching peak performance

around round 10. This pattern reflects the natural progression of conversational recom-

mendation: initial rounds effectively narrow down candidate items, while later rounds face

diminishing returns as the search space becomes more focused. Notably, CECR outper-
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Table 5.5: CECR: Recommendation performance comparison: the best results are bolded,
while the best baselines are underlined.

Dataset Yelp Douban-Book MovieLens
ModelMetrics SR@5 SR@10 SR@20 AT SR@5 SR@10 SR@20 AT SR@5 SR@10 SR@20 AT

EAR 0.793 0.818 0.859 4.88 0.812 0.833 0.866 4.82 0.844 0.871 0.943 4.31
FPAN 0.811 0.851 0.911 4.66 0.833 0.867 0.918 4.51 0.851 0.888 0.935 4.11

UNICORN 0.805 0.852 0.903 5.01 0.836 0.869 0.914 4.89 0.843 0.865 0.937 4.17
KBRD 0.799 0.833 0.909 4.81 0.821 0.848 0.915 4.66 0.841 0.869 0.941 4.21
CECR 0.852 0.901 0.961 4.31 0.866 0.922 0.973 4.22 0.891 0.949 0.982 3.77

Improv. % 5.06% 5.75% 5.49% 7.51% 3.59% 6.1% 6% 6.43% 4.7% 6.87% 4.14% 8.27%

forms all baselines, reaching 0.901, 0.949 and 0.922 at round 10 on Yelp, MovieLens and

Douban-Book, respectively. Thus, we conclude that the more rounds the higher the SR is,

and the increasing trend can slow down in 5 rounds due to the reduced room for improve-

ment.

Figure 5.6: CECR: Success rate comparison.

Ablation Study: Table 5.7 presents our ablation study examining component contribu-

tions on SR@20 and AT metrics across MovieLens and Yelp datasets. We evaluate four key

components:GNNsmeans removing aggregation function, using only first-layer represen-

tations. PreRi means removing preference refinement, ignoring online feedback. CouRe

means removing counterfactual sampling, training only on original data. RecPe means re-

moving preference score comparison, using random decisions.CCR is the complete CECR

model. The results demonstrate that preference refinement and counterfactual reasoning

are the most crucial components. Removing preference refinement (PreRi ) significantly

degrades SR@20 to 0.599/0.657 onMovieLens/Yelp, while removing counterfactual reason-

ing (CouRe) reduces it to 0.613/0.686. Both components’ removal also substantially in-

creases AT, requiring approximately 7 rounds for convergence. These findings validate that

CECR’s superior performance stems from its ability to leverage counterfactual techniques

to distill positive information from users’ online feedback.

Explainability Analysis: Figure 5.6 demonstrates CECR’s superior explainability com-

pared to state-of-the-art baselines across both user-oriented and model-oriented metrics.
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Figure 5.7: CECR: ablation study for our CECR.

Table 5.6: CECR: Explainability comparison: the best results are bolded,while the best base-
lines are underlined.

Dataset Yelp MovieLens
ModelMetrics Pr% Re% PN% PS% Pr% Re% PN% PS%

CPR 5.67 44.35 9.66 3.47 9.31 55.13 2.35 4.25
CAEC 20.81 36.44 79.81 82.15 28.14 46.67 85.55 89.97
SAUR 22.34 4.71 88.26 91.59 26.48 6.74 91.51 93.14

Random 0.25 0.31 1.68 3.45 0.33 0.51 2.22 5.14
CECR 29.51 50.37 94.11 96.39 35.14 59.91 96.42 97.12

Improv. % 14.96 12.66 4.96 3.12 19.89 5.59 4.41 3.05

The baseline Random’s poor performance confirms the importance of meaningful expla-

nations. On Yelp and MovieLens respectively, CECR achieves significant improvements:

14.96% and 19.89% in Precision, 12.66% and 5.59% in Recall, 4.96% and 4.41% in NP, 3.12%

and 3.05% in Sufficiency over the strongest baselines. The consistently higher Probability

of Sufficiency versus Probability of Necessity scores indicate that CECR effectively identi-

fies attributes that are truly relevant for recommendations. These results validate CECR’s

ability to generate explanations that both align with user preferences and accurately reflect

the system’s decision-making process.

Case Study: Figure 5.8 presents a case study from MovieLens that validates CECR’s ex-

planation capabilities. CECR demonstrates two key advantages in explanation generation:

First, for the acceptedmovie “TheMummy”, CECRprovides fine-grained explanations based

on attributematching, highlighting how themovie aligns with user preferences for “Adven-

ture”, “Action” and “Thriller” genres. This transparency helps users better understand the

recommendation rationale. Second, for the rejected movie “Uncharted”, CECR generates

system-oriented counterfactual explanations, identifying “Mystery” as the key attribute

leading to rejection. The explanation suggests thatmodifying this genre attribute could po-

tentially change the recommendation outcome. These insights not only guide future rec-

ommendations but also help generate counterfactual training samples. Additionally, CECR

achieves successful recommendations in fewer conversation rounds compared to tradi-

tional CRS by leveraging counterfactual reasoning to identify promising candidates from
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negative feedback. Thus, CECR can provide not only fine-grained user-oriented explana-

tions for accepted items but also system-oriented counterfactual explanations for rejected

items, as well as generate counterfactual samples to supplement the training set.

Figure 5.8: CECR: A case study to demonstrate the model explainability.

Influence of Parameters: To understand CECR’s sensitivity to key parameters, we an-

alyze the effects of λ and Top-K on Yelp. λ balances explanation strength and complexity,

where larger values prioritize stronger explanations at the cost of increased complexity.

Figure 5.9 shows that increasing λ enables CECR to generate explanations for more items,

though with higher complexity. The explanation strength remains stable across different λ

values due to ε’s control over ranking scores. Regarding Top-K , larger values improve both

SR@20 and AT metrics, as recommending more items naturally increases the likelihood of

successful recommendations. Based on these findings, we set λ= 6 as optimal, while K can

be adjusted according to specific application needs.

(a) Impacts of λ for
counterfactual explana-
tion.

(b) Impacts of Top-K
for AT.

(c) Impacts of Top-K for
SR@20.

(d) Time complexity
comparison.

Figure 5.9: CECR: The analysis of different parameters and time complexity.

Time Complexity: To verify the efficiency of our proposed CECR, we compare the re-

sponse time taken for recommendation generation of CECR to baselines, denoting the time
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complexity of recommendation generation. As shown in Figure 5.9, CECRhas the fastest re-

sponse time of 0.74 seconds through its effective preference refinement mechanism. This

surpasses all baselines: EAR (1.12s), FPAN (0.88s), UNICORN (1.44s), and KBRD (1.26s).

The performance differences primarily stem from algorithmic complexity. While EAR and

FPAN maintain reasonable speeds through gating mechanisms, UNICORN and KBRD re-

quire longer processing due to their multi-stage optimization and knowledge graph oper-

ations respectively. These results validate CECR’s ability to maintain computational effi-

ciency while delivering high-quality recommendations.

5.2.3.4 Summary

In this work, we propose CECR, a novel framework that addresses RQ3 regarding improv-

ing recommendation explainability through causal insights. By synergistically integrating

counterfactual reasoning with conversational dynamics, CECR effectively generates both

user-oriented and system-oriented explanations while enhancing recommendation per-

formance through counterfactual sampling. CECRprovides transparent explanations through

two complementarymechanisms: attribute-based reasoning for accepted items and coun-

terfactual analysis for rejected items. This dual approach not only helps users understand

why items are recommended but also enables the system to learn from rejection feedback.

The counterfactual samples further augment the training data, creating a virtuous cycle of

continual improvement. Future work will explore incorporating large languagemodels and

multimedia processing capabilities to enablemore natural and diverse explanations across

different data modalities.
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6
CONCLUSION AND FUTURE WORK

6.1 Conclusion

This thesis has presented a systematic investigation into the challenges posed by spurious

correlations in recommender systems through the causal inference techniques. Through

three interconnected research questions, the thesis has established a comprehensive causal-

based framework for developing more robust, unbiased, and interpretable recommender

systems.

First, we develop foundational causalmodels formitigating confounding effects caused

by spurious correlations in recommendations (RQ1). Through thenovel integration of causal

adjustment and propensity scoring in Chapter 3, the LDPE and CCR frameworks success-

fully distinguish true user preferences frommisleading spurious correlations. These causal

models demonstrated significant performance improvements over state-of-the-art base-

lines across multiple real-world datasets, validating the effectiveness of causal approaches

in generating unbiased recommendations.

Second, we extend the causal principles to enhancemodel robustness against spurious

correlations in complex recommendation scenarios (RQ2). Building upon the debiasing

techniques established in previous Chapter 3, Chapter 4 present three novel approaches

targeting distinct complex recommendation contexts: CGSR for blocking shortcut paths

in session graphs, GCRec for addressing multiple confounders in complex high-order in-

teraction networks, and CEDA for mitigating echo chamber effects in complex social net-

works. Through the systematic integration of GNNs with causal interventions, these ad-
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vanced causalmodels effectively handled spurious correlations in complex scenarios while

maintaining computational efficiency.

Third, we leverage causal insights from causal models to improve recommendation ex-

plainability (RQ3). In Chapter 5, our proposed causal models SeDLR and CECR employed

disentangled learning and counterfactual reasoning to generate transparent explanations

grounded in causality. This systematic integration of causal techniques enhanced themodel

explainability by revealing genuine preference patterns beneath spurious correlations, thereby

providing users with meaningful insights into recommendation decisions.

In summary, this thesis has advanced the field of recommender systems through the

systematic integration of causal inference techniques, effectively addressing spurious cor-

relations across three dimensions: foundational debiasing, enhanced robustness in com-

plex scenarios, and improved explainability. Our proposed causal models consistently out-

performed state-of-the-art baselineswhile providing interpretable recommendations, demon-

strating the effectiveness of causal inference for practical recommendation applications.

6.2 FutureWork

In future work, we may focus on two promising research directions to further improve the

field of recommender systems. First, leveraging causal inference to enhance LLM-based

recommendations represents an opportunity to understand and mitigate the new forms

of spurious correlations that emerge from large language models and their training data.

This direction involves developing novel causal structures to capture semantic-level con-

founding effects while using counterfactual reasoning to generate more accurate explana-

tions. Second, extending the causal framework to specialized domains, like healthcare and

education, requires careful consideration of domain-specific spurious correlations arising

from institutional practices and measurement challenges. Through systematic develop-

ment of domain-specific causal structures and intervention techniques, we strive to en-

hance causality-based recommender systems, enabling them to accurately identify and

mitigate spurious correlations across various real-world applications.
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