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ABSTRACT

Recently, the rapid growth of digital knowledge resources has created an urgent need for advanced recommendation
systems that capable to operate across various domains. This paper introduces KnowledgeXRec, a domain-aware hybrid
recommendation framework that models both shared and domain-specific user-item interactions within a unified end-
to-end architecture. Domain-specific feature crosses capture patterns unique to educational and cultural domains, while
shared layers enable cross-domain knowledge transfer. Learnable embedding is represented categorical features such
as learning style, age group, and content attributes, and the model is jointly optimized using binary cross-entropy loss
with Adam optimizer. Findings provide evidence that KnowledgeXRec consistently outperforms seven state-of-the-art
baselines on the OULAD (educational) and Goodreads (cultural) datasets. The model achieves enhancement of up to
15.6% in accuracy, 18.3% in diversity, and 54.8% in novelty metrics, and statistical analysis indicates the significance
of these gains (p < 0.01). Overall, KnowledgeXRec offers a scalable and adaptable architecture for intelligent knowledge
management systems, which enable effective cross-domain recommendations while maintain a strong domain-specific
performance. This study illustrates that combining neural feature interactions with domain adaptation strategies
introduce challenges in knowledge-intensive recommendation scenarios, such as cold-start problems, data sparsity, and
heterogeneous domains. A new direction for future work is to extend the framework to multi-modal data, temporal
interactions, and privacy-preserving federated learning, can further improve its applicability in diverse real-world
knowledge management environments.

Keywords: Cross-domain recommendation, Deep learning, Hybrid recommendation, Knowledge management, Neural
feature crossing

Introduction

In the last 3 decades, knowledge has grown at an
exponential rate in the digital domain, which includes
several educational materials, cultural artifacts, and
other resources.! In recent years, this rapid expan-
sion has brought both opportunities and challenges
together. At the same time, more knowledge is avail-
able than ever; students struggle to find relevant
information that meets their needs based on their
preferences. 2

Traditional recommendation systems face chal-
lenges in capturing complex interactions among user
preferences, content features, and contextual factors.
In the field of Collaborative Filtering (CF), meth-
ods perform well with large interaction datasets but
suffer from cold-start problems and data sparsity in
specialized domains.® With the growing importance
of Content-Based Filtering (CBF), these methods de-
pend on item features but often neglect behavioral
patterns and contextual interactions.* However, hy-
brid methods that integrate CF and CBF basically use

Received 1 December 2025; revised 19 April 2026; accepted 7 May 2026.
Available online 26 June 2026

* Corresponding author.

E-mail addresses: Imran.khaled1992@gmail.com (I. Khaled), faiez.gargouri@usf.tn (F. Gargouri).

https://doi.org/10.21123/2411-7986.5344

2411-7986/© 2026 The Author(s). Published by College of Science for Women, University of Baghdad. This is an open-access article distributed under the terms of
the Creative Commons Attribution 4.0 International License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work
is properly cited.


https://orcid.org/0009-0008-6631-8907
https://orcid.org/0000-0003-2575-8654
mailto:Imran.khaled1992@gmail.com
mailto:faiez.gargouri@usf.tn
https://doi.org/10.21123/2411-7986.5344
https://creativecommons.org/licenses/by/4.0/

BAGHDAD SCIENCE JOURNAL 2026;23(6):2364-2379

simple weighted or sequential combinations, which
can’t fully capture higher-order interactions that are
necessary for the effectiveness of recommendation
systems. °

A main challenge is that there is still a lack
of recommendation systems that effectively address
the unique needs of educational and cultural do-
mains. Educational platforms must support different
learning styles, knowledge levels, and learning objec-
tives, while cultural datasets must balance popularity,
novelty, and individual preferences. Nevertheless,
few approaches and techniques explicitly capture
domain-specific interactions while enabling cross-
domain knowledge transfer, which limits the recom-
mendation system’s effectiveness and performance.

As a result, this work aims to overcome the
challenges and limitations of earlier methods by
introducing KnowledgeXRec, a unified neural archi-
tecture that captures feature interactions both within
and across domains. The goal of this study is to
improve personalization, accuracy, and relevance in
knowledge recommendations for educational and cul-
tural contexts. This research focuses on combining
CF, CBF, and neural feature crossing with a fusion
mechanism to highlight the strong performance of the
proposed model. Our model has three main contribu-
tions:

1) Architectural Contribution: Domain-Aware Hy-
brid Design

We propose a domain-aware hybrid recommen-
dation architecture that integrates both shared
and domain-specific user-item interactions. Domain-
specific feature crosses capture nuanced interactions
within educational and cultural domains, while
shared cross-layer embeddings extract patterns com-
mon across domains. The model captures both
domain-specific and shared cross-layer embeddings
from the original embeddings and combines them
via a coherent connected layer; then the model bal-
ances domain-specific preservation with knowledge
transferred across domains, enabling principled mod-
eling of different datasets within a unified end-to-end
model.

2) Methodological Contribution: Embedding-Based
Feature Learning and End-to-End Optimization

The model uses learnable embeddings for categori-
cal features, including learning style, age group, and
content attributes, which allow the model to auto-
matically discover latent representations. End-to-end
training is performed using binary cross-entropy loss
with the Adam optimizer in order to ensure that
all jointly domain-specific and shared representa-
tions are optimized. Therefore, the design provides a
systematic and flexible approach to integrate hetero-
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geneous signals without separating training pipelines
or the fusion strategies used by the model.

3) Empirical Contribution: Robust and Accurate
Cross-Domain Recommendation

To ensure the effectiveness of the proposed model,
a comprehensive empirical evaluation on educational
and cultural datasets was performed. Our model en-
hances the top-K recommendation accuracy while it
keeps the domain-specific patterns, and validates the
complementary role of shared and domain-specific
signals. The methodological approach used to design
KnowledgeXRec enables systematic analysis of each
component’s contribution, providing transparency
into how domain-specific and shared interactions af-
fect the model’s overall performance. In addition, we
have conducted comprehensive cross-domain evalu-
ations and ablation studies to illustrate the model’s
effectiveness and validate the contribution of each
component in the proposed model.

Related work
Graph collaborative filtering and CF

Several studies have shown that graph-based col-
laborative filtering has improved recommendation
quality by modeling structural information. For ex-
ample, network motifs have been used to capture
fine-grained graph patterns in user-item networks.?
Previous research has focused on improving neu-
ral collaborative filtering by applying hybrid feature
selection to reduce noise and keep the most impor-
tant signals.® Earlier work demonstrated that wide
& deep models can combine memorization and gen-
eralization for better predictions,* and factorization-
machine-based deep models such as DeepFM capture
both low- and high-order interactions;®> however,°®
uses a matrix factorization technique to improve
recommendation, but unfortunately, they are stuck
with weak performance in sparsity or cross-domain
settings. Similarly, graph-convolved factorization ma-
chines used graph connectivity to enrich user-item
relations,” while graph-based feature crossing ex-
tracted higher-order interaction structures.® In ad-
dition, embedding enhancement strategies such as
those used in LightGCN refined latent represen-
tations,’ and hybrid graph-deep-crossing networks
combined graph signals with deep architectures to
strengthen interaction modeling. '°

In contrast, traditional matrix factorization still
shows weak performance in sparse or cross-domain
settings.® One limitation of existing work is that
these studies did not consider a unified framework
that brings together CF patterns, feature interac-
tions, and cross-domain information at the same time.
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These approaches often fail to adapt their feature
weighting or their representation learning process
when the data comes from multiple domains. To
address these gaps, KnowledgeXRec integrates CF
signals, content information, feature crossing, and
domain adaptation into a single architecture that
is more robust to sparsity and domain shift. Build-
ing on previous work, our approach differs in that
it introduces adaptive, domain-aware fusion that
balances features across domains. In contrast to ear-
lier methods, KnowledgeXRec learns both shared
and domain-specific information within a single
model.

Feature interaction and hybrid models

Higher-order feature interactions have also been
widely explored. XDeepFM showed that explicit
and implicit interactions improve hybrid recom-
mendations.'! Likewise, AutoInt used self-attention
that automatically learns complex feature rela-
tions.'? Knowledge-graph convolutional networks
transferred semantic item-level information to user
embeddings.'® In addition, Multi-task and multi-
modal GNNs modeled several data types at once
to improve prediction stability.!'* Extending pre-
vious work, disentangled multi-graph convolution
separated domain-specific and shared knowledge for
better cross-domain learning. '°> Dual-adversarial net-
works aligned source and target domains through ad-
versarial training, '® and dual-perspective knowledge-
correlation frameworks integrated multiple views
of user interests.'” Knowledge-aware deep rein-
forcement learning enhanced cross-domain trans-
fer,'® while heterogeneous graph contrastive learn-
ing helped reduce cold-start issues.!” Knowledge-
reinforced cross-domain GNNs supported stronger
information propagation,?® and extract-map-predict
architectures aligned embeddings across domains. %!
Domain-oriented knowledge transfer preserved struc-
tural semantics during adaptation. ??

On the other hand, these studies did not consider
a unified multi-domain fusion mechanism that con-
nects CF signals, content features, and cross-domain
knowledge in a single adaptive model. One limitation
of existing work is that these methods treat feature
interactions and domain adaptation as separate mod-
ules, which reduces robustness when domains differ.
Unlike previous methods, KnowledgeXRec combines
these components via an integrated, domain-aware
fusion layer that adjusts feature strengths for each do-
main. To address these gaps, KnowledgeXRec builds a
flexible architecture capable of learning interactions,
transferring knowledge, and adapting to multiple do-
mains at the same time.

BAGHDAD SCIENCE JOURNAL 2026;23(6):2364-2379

Content-based filtering (CBF) and fusion
mechanisms

Deep learning approaches, including autoencoders,
CNNs, RNNs, and attention mechanisms, effectively
capture nonlinear user-item interactions.! The lim-
itation of existing cross-domain techniques is that
they often fail to connect model-personalized feature
interactions and domain knowledge. KnowledgeXRec
introduces this by integrating cross-domain learning
with domain-aware feature engineering and neural
feature crossing; as a result, it outperforms previous
models across multiple datasets and metrics.

We have investigated the existing recommenda-
tion approaches and highlighted their limitations.
We summarize key methods across collaborative
filtering, content-based, hybrid, and cross-domain
techniques in Table 1, this table shows how our
proposed model, KnowledgeXRec, addresses these
limitations through four key contributions: first, a hy-
brid architecture integrating collaborative filtering,
content-based filtering, and a neural feature-crossing
framework.

Second, domain-aware feature engineering tailored
to educational and cultural contexts; third, com-
prehensive cross-domain evaluation across multiple
datasets and metrics; and fourth, extensive ablation
studies to validate the importance of each component.

This comparison highlights the advantages of
KnowledgeXRec over prior methods in terms of
adaptability, accuracy, and handling of sparse or
cold-start scenarios.

Overall, previous recommendation methods have
made significant progress in modeling user-item
interactions, feature crossing, and cross-domain
knowledge. However, most approaches either ne-
glect higher-order feature interactions, multi-domain
adaptation, or adaptive fusion mechanisms. Based on
this, KnowledgeXRec unifies CF, CBF, hybrid mod-
els, feature selection, graph signals, and cross-domain
adaptation within a domain-aware adaptive fusion
framework. Consequently, it effectively addresses the
limitations of previous methods, providing more ac-
curate, robust, and personalized recommendations
across multiple domains.

Theoretical foundation

Problem formulation

To begin with, let U = {u3, u, ..., u,} denote the
set of users and I = {iy, is,...,1,} denote the set of
items. Each user-item interaction is represented as
a tuple (u, i, X, y), where x, € R? represents contex-
tual features and y € {0, 1} indicates relevance. The
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Table 1. Methods, limitations, and knowledgexrec improvements.
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Reference Method/Technique Limitation

How KnowledgeXRec Improves

5 Factorization-machine-based

deep models (DeepFM)
Matrix factorization
settings
Graph-convolved factorization
machines
Graph-based feature crossing
adaptation
Embedding enhancement
techniques (LightGCN)
Hybrid graph and deep-crossing
networks
High-order feature interaction
modeling (xDeepFM)
Self-attentive networks (Autolnt)

10

11

missing
12

13 Knowledge graph convolution

networks
14 Multi-task, multi-modal GNNs

unaddressed

Does not consider domain-sensitive
feature weighting
Fails in sparse or cross-domain

Lacks adaptive feature crossing or
domain-specific fusion
Rarely includes cross-domain

Does not incorporate cross-domain
feature crossing

Domain-specific adaptation is
typically absent

Domain-aware adaptation is often

Rarely integrates CF or
cross-domain signals
Multi-domain heterogeneity often

Prioritizes features based on domain relevance
using adaptive fusion

Combines CF with content features and
cross-domain adaptation

Integrates graph signals with feature crossing
across domains

Incorporates feature crossing within a
domain-aware hybrid framework

Combines embedding enhancements with
adaptive multi-domain fusion

Integrates graph, content, and cross-domain
features with adaptive fusion

Incorporates feature interaction modeling within
a multi-domain fusion framework

Combines attention-based feature learning with
domain-aware fusion

Integrates knowledge graph convolution with
feature crossing and adaptive fusion

Limited integration with CF and CBF Unites multi-modal graph learning with CF,

content knowledge, and adaptive fusion

recommendation task involves learning a function
f:U xIxR?— R that predicts the relevance score
Y. for user u and item i given context x.. 1>

Neural feature crossing theory

Several studies have shown that capturing high-
order feature interactions significantly improves rec-
ommendation accuracy. Earlier work demonstrated
that traditional models, such as matrix factorization, ®
and factorization machines,” capture only low- or
medium-order interactions. Similarly, deep neural
networks such as Wide & Deep 4, DeepFM 5, and NCF
3 improve the learning of nonlinear interactions but
often rely on implicit mechanisms.

Based on this, our approach employs explicit
crossing layers with domain-specific adaptations,
inspired by recent advances in feature interaction
learning. 1112

Given an input feature vector x € RY, the cross net-
work performs the following transformation at the
layer; Eq. (1) represents the input feature vector.

L: X1 = xox] w + by + x @)

Were X, is the input feature vector, w; € R? and b; €
R4 are learnable parameters. Eq. (1) enables efficient
learning of feature interactions while maintaining
manageable computational complexity.

One limitation of existing feature interaction mod-
els is that they often ignore domain-specific knowl-
edge. To address this gap, KnowledgeXRec integrates
neural feature crossing with domain-aware adap-
tations to enhance and improve performance in
educational and cultural contexts. ''-!2

Domain adaptation theory

Previous research has focused on transfer learn-
ing for cross-domain recommendation, particularly
through multi-task learning to share knowledge
across domains.!' Likewise, graph-based meth-
ods such as Neural Graph Collaborative Filtering
(NGCF).? effectively propagate user-item signals but
do not fully integrate cross-domain interactions. We
formulate the learning objective as in Eq. (2) :

K

L= MLy 0, 0) + Q05 01, ..., 0k) 2
k=1

where Ly is the loss for domain k, 6; represents shared
parameters, 6, represents domain-specific parame-
ters, A are domain weights, and 2 is a regularization
term enforcing parameter sharing. '%!°

However, many existing cross-domain models fail
to balance shared and domain-specific knowledge ef-
ficiently. In contrast, KnowledgeXRec uses multi-task
learning combined with domain-aware regulariza-
tion to improve cross-domain recommendation while
preserving unique domain characteristics.'*'> Fig. 1
demonstrates the theoretical foundation behind our
model KnowledgeXRec.

Methodology
Model architecture
First, KnowledgeXRec uses a multi-component

architecture that integrates user interactions, item
metadata, and contextual information through
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KnowledgeXRec

User Neural Cross Network
& Feature L xO(xz) il Predict
ltem Crossing
Shared Domain Adaptation
[ L=} 1, L, (05,6;) +Q(6s,6;,..,6k)
Domain
Adaptation
C Loss

Domain-specific

Fig. 1. Theoretical foundation behind our model KnowledgeXRec.

neural networks. As shown in Fig. 2, the model
has four main components: collaborative filtering
embeddings, content-based encodings, neural feature
crossing, and an adaptive fusion mechanism.

Fig. 2 demonstrates the KnowledgeXRec Archi-
tecture: first, an input layer with user, item, and
context features; second, Collaborative filtering with
user/item embeddings; third, content-based filter-
ing with metadata encoding; fourth, neural feature
crossing with domain-specific interactions; fifth, an
adaptive fusion mechanism with attention weighting;
finally, an output layer with cross-domain predic-
tions.

Collaborative filtering component

The collaborative filtering component learns dense
representations of users and items from interaction
patterns. Suppose that m users and n items, we de-
fine user and item embedding matrices U € R™? and
V € R™4, where d is the embedding dimension. For
user u and item i, the corresponding embeddings are
extracted as shown in Eq. (3):

u, =U[u], vi=V/[i] 3)

These embeddings are like compact “fingerprints”
of users and items that summarize their preferences

and characteristics, even if we don’t know their full
details from content. We employ Xavier initialization
and L2 regularization to prevent overfitting. ©

Content-based filtering component

Then, the content-based component processes item
metadata and contextual information through encod-
ing layers. For contextual features Xcontext € R¢, we
compute the encoded representation as shown in
Eq. (4), where the output c represents the features
in a dense vector form:®

¢ =RelU (chcontext + bc) 4

Were W, € R¥€¢ and b, € R? are the learnable pa-
rameters.

Neural feature crossing module

After that, the neural feature-crossing module
explicitly captures high-order interactions between
different feature types through cross-layer interac-
tions. Unlike recent graph-based approaches, our
method focuses on explicit feature interactions rather
than graph structures. We implement an enhanced
crossing network; Eq. (5) represents the crossing
network, the output ¢, jnow contains higher-order
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" N & N\ ¢ N
Context Features
User InPUt Iltem InPUt (Time, Location, Platform,
L 5 L y Domain Metadata)
. ¥,
v v ‘
s N s s 2\
User Item Context Encoding
Embedding Embedding (Domain-Aware
L [ J \ y, Feature Engineeering)
\. J
J

A4

Crosses
e | earning Efficiency
e Engagement Pattern
e Knowledge Gap

NG

Neural Feature Crossing
Educational Domain

* Preference Alignment
e Temporal Dynamics
e Social Influence

Cultural Domain
Crosses

!

Adaptive Fusion Layer
(Attention-Weighted Integration)

a-User + B-ltem + y- Context
where a+ B+vy =1(learned weights)

v

Hidden Layer 1(128 neurons) ]

v

Hidden Layer 2 (64 neurons) J

v

Output Layer (Sigmoid) ]

v

[ Relevance Score )7ui]

Fig. 2. Model architecture.

feature combinations. #°1519

i1 =¢Co © (Wit +by) + ¢ (5)

Were (© denotes element-wise multiplication,
and W; € R%*4, b, ¢ RY are learnable parameters at
layer 1. This architecture captures combinatorial
features while maintaining gradient flow through
residual connections.

Adaptive fusion mechanism

Rather than simple concatenation, we employ
attention-weighted fusion of different representa-

tions, as shown in Eq. (6):
2 fusion = Uy + BVi + ¥ Cerossed (6)

where «, 8, y are learnable attention weights com-
puted as Eq. (7) indicates:

exp (wg uy) )
o =
exp (Wl uy) + exp (W, v;) + exp (W] Ccrossed)

» Step 1: Compute attention scores for each
component.
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» Step 2: Multiply each vector by its attention
weight.
+ Step 3: Sum them to produce 2 gysion-

With similar computations for 8 and y. This
adaptive mechanism enables the model to dynami-
cally balance the importance of different information
sources based on domain context; it decides which
features are more important for the current pre-
diction, giving more “weight” to the most useful
information.

Domain-aware feature engineering

In this stage, we design specific feature crosses tai-
lored to different knowledge domains.

Educational domain crosses

« Learning Efficiency: Student level x Course diffi-
culty x Learning style

» Engagement Pattern: Progress rate x Content
complexity x Assessment type

+ Knowledge Gap: Prerequisite satisfaction x Learn-
ing objectives x Performance history

Cultural domain crosses

* Preference Alignment: User preferences x Genre
characteristics x Author style

» Temporal Dynamics: Reading history x Cultural
context x Seasonal trends

+ Social Influence: Community ratings x Expert re-
views x Popularity trends

The combinations created by crosses provide repre-
sentations that are meaningful to each domain, such
as measuring how student style interacts with course
difficulty, or how user taste aligns with cultural con-
tent.

Multi-task learning framework

Finally, for cross-domain adaptation, we employ
a multi-task learning framework with shared and
domain-specific parameters, building upon recent ad-
vances in cross-domain recommendation.'®!” The
overall objective function is demonstrated in Eq. (8):

L= )‘eduﬁedu + )\cultﬁcult + )\regQ (®) €)

+ Step 1: Compute domain-specific losses L4, and
‘Cculb

 Step 2: Multiply each loss by . and Ay to
balance importance.

BAGHDAD SCIENCE JOURNAL 2026;23(6):2364-2379

* Step 3: Add regularization A,;Q(®) to reduce
overfitting.

+ Step 4: The final loss £ guides the model to learn
shared and domain-specific knowledge.

where L., and L. are domain-specific losses,
A coefficients balance task importance, and Q(©)
is a regularization term preventing overfitting. This
step trains the model on how a student can train
on different subjects; KnowledgeXRec learns general
knowledge that is useful for all domains, besides fo-
cusing on domain-specific details.

Pseudocode for KnowledgeXRec

The proposed model is a domain-aware hybrid
recommendation system that integrates both shared
and domain-specific user-item interactions. Users
and items are first represented using learnable em-
beddings that capture categorical features such as
learning style, age group, and content attributes.
Domain-specific feature crosses are constructed for
educational and cultural domains to capture nu-
anced interactions unique to each context, while
shared cross layers extract patterns common across
domains. These combinations with original embed-
dings are concatenated and then processed through
connected layers with ReLU activation and dropout
regularization to reduce overfitting, which produces
a final interaction score via a sigmoid output.
Next, the model is trained end-to-end using binary
cross-entropy loss with the Adam optimizer. The
combination of shared and domain-specific signals
allows the model to effectively address the cross-
domain heterogeneity, which enables accurate top-K
recommendations and preserves the domain-specific
characteristics. The following pseudocode demon-
strates how KnowledgeXRec works.

Input:

// Set of users

U= {u,...,uy}

// Set of items

I=1{i,...,ix)

// User categorical features

User features F,

// Item categorical features

Item features F

//Domain labels

D € {Education, Culture}

//Interactions

Re{0,1}

//Hyperparameters

embedding dimension d, shared layers L;, domain
layers Lg4, learning rate n, dropout rate p
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Output:

//Predicted score

.)7 ui

//Recommendation

Top-K items per user

//Initialize embeddings

e, < Embedding(u, F,, d) e;«—Embedding(i, F, d)

//Generate domain-specific feature crosses

edu_cross<CrossFeatures(Fed, F*a) cult_cross
<« CrossFeatures(Fou, Feult)

//Shared cross layers

shared_rep
cult_cross], Lg )

//Partial domain-specific layers

partial_rep.q, < PartialCrossLayers(edu_cross, Lg)
partial_rep,,;; <PartialCrossLayers(cult_cross, Ly)

//Concatenate representations

combined_rep < Concat([ey, e;, shared_rep,
partial_rep.q,, partial_rep.,;1)

//Fully connected layers

hidden < Dropout(ReLU(Dense(combined_rep)), p)

//Predict interaction score

Yui < Sigmoid(Dense(hidden))

//Training

Loss < BCE(Ry, Y) Update
optimizer (Adam optimizer)

//Generate recommendations

Rank items i by y,; Return top-K items

<SharedCrossLayers([edu_cross,

parameters using

Experimental setup
Datasets description

At the beginning, we have evaluated Knowl-
edgeXRec on two distinct knowledge domains with
various characteristics.

OULAD dataset

The OULAD is an Open University Learning Analyt-
ics Dataset that contains detailed student-course in-
teractions from virtual learning environments. Specif-
ically, it includes 32,593 students, 22 courses, 6,375
VLE resources, and 10,655,280 interactions during
the 2013-2014 academic year. In this process, inter-
actions are aggregated at the student-course level,
and demographic information, assessment scores, and
engagement metrics are encoded as contextual fea-
tures. It is available at https://analyse.kmi.open.ac.
uk/open_dataset

Goodreads dataset

Then, we consider the Goodreads book recom-
mendation dataset, which includes rich user-book

2371

Table 2. Datasets statistical.

Statistic OULAD Goodreads Difference
Number of Users 22,542 15,000 -33.4%
Number of Items 22 5,000 +226x
Number of Interactions 185,931 1,102,457 +493%
Sparsity 96.3% 85.2% -11.5%
Avg. Interactions/User 8.25 73.50 +791%
Domain Educational Cultural -

Content Types Courses, VLE Books, Reviews -

Temporal Span 1 year Multiple years -

interactions, such as ratings, reviews, and read-
ing behavior. For this study, we use a subset
with 15,000 active users, 5,000 popular books,
and approximately 1.1 million interactions. More
precisely, book metadata (genre, author, and pub-
lication year), user demographics, and review sen-
timent are incorporated as contextual features. It
is available at https://cseweb.ucsd.edu/~jmcauley/
datasets/goodreads.html#datasets. Table 2 illus-
trates the dataset’s statistics.

Preprocessing

Data preprocessing and validation protocol

To ensure compatibility with the hybrid cross-
domain architecture of KnowledgeXRec, we design
a structured preprocessing pipeline for both the ed-
ucational dataset OULAD and the cultural dataset
Goodreads. The pipeline standardizes heterogeneous
features, prevents data leakage, and supports domain-
aware negative sampling within a 5-fold user-level
cross-validation framework.

Data cleaning and interaction construction

Raw logs are filtered to remove sparse or noisy
interactions: users with fewer than k = 5 interactions
and items with extremely low exposure are removed,
and duplicates are eliminated. Interactions are bina-
rized to support the BCE loss optimization:

+ For Goodreads, ratings > 3 are mapped to positive
interactionsR,; = 1, and others to R,; = 0.

» For OULAD, completed assessments or course par-
ticipation are consideredR,; = 1, otherwiseR,; =
0.

Negative sampling

Since implicit-feedback datasets are highly im-
balanced, negative interactions are sampled per
user to reduce computation. For each positive
interaction(u, i):

1. Identify unobserved items I, = {j € I | R,j = 0}.
2. Randomly sample k items from 7, to serve as
negative examples(u, j, Ryj = 0).


https://analyse.kmi.open.ac.uk/open_dataset
https://analyse.kmi.open.ac.uk/open_dataset
https://cseweb.ucsd.edu/~jmcauley/datasets/goodreads.html#datasets
https://cseweb.ucsd.edu/~jmcauley/datasets/goodreads.html#datasets

2372

3. Combine with positives to form the training
mini-batch.

The typical negative-to-positive ratio is 4 : 1. Sam-
pling is applied separately for each domain (Educa-
tional vs. Cultural), and only within the training fold
to avoid data leakage.

Feature categorization and transformation

Features are grouped into categorical, continuous,
binary, and textual types, in alignment with embed-
ding initialization:

e, < Embedding (u, F,, d), e; < Embedding (i, F, d)
Categorical features

Categorical variables (e.g., learning style, student
level, course difficulty, assessment type, learning ob-
jectives, genre, author style, cultural context) are
integer-encoded and mapped to trainable embedding
lookup tables:

Ef c R|Vf|Xd

Rare categories are grouped into an “Other” token.
These embeddings are updated during training.

Continuous features

Continuous features (e.g., progress rate, assessment
scores, engagement metrics, ratings, popularity, read-
ing frequency, publication year) are log-transformed
if skewed:

x =log(x+1)

and standardized using Z-score normalization:

where 1 and o are computed from the training fold
only. The publication year is processed using min-
max scaling before standardization.

Binary features

Binary features such as, prerequisite satisfaction are
retained as {0, 1} or optionally embedded into low-
dimensional vectors.

Textual features

Text-based features such as learning objectives,
course descriptions, book descriptions, and expert re-
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views are encoded using pretrained sentence embed-
dings. At the same time, vectors are L2-normalized
and concatenated with item embeddings.

Domain label encoding

Each interaction is assigned a domain label:
D € {Education, Culture}

Domain identifiers encoded as trainable embed-
dings and injected into shared and partial cross-layer
interactions.

Domain-specific feature crossing

Preprocessed features grouped into domain-specific
sets:
Fedu Fedu Fcult Fcult

u [ ] ’ u [ |

Crossed features computed numerically using con-
catenation of user/item embeddings:
xéffgss = [65; ef:l

These crossed vectors passed through domain-
specific partial layers Ly and shared cross layersLs.

Five-fold user-level cross-validation

Users partitioned into five mutually exclusive sub-
sets. In each fold, four subsets (80%) were used for
training, and one subset (20%) for testing. Within
training, 10% of interactions used for validation. Do-
main distribution (Education vs. Culture) preserved
via stratified sampling. For ranking evaluation, each
test user retains one positive interaction and 99 ran-
domly sampled negatives. Predicted scores y,; used to
compute metrics averaged across folds:

5
1
Metric fing = = Z Metricy
k=1

Training preparation

After preprocessing, mini-batches are shuffled per
epoch. Embeddings are randomly initialized, and
dropout is applied with a rate p applied in dense
layers, and parameters optimized using Adam with
learning raten. This pipeline ensures alignment with
KnowledgeXRec’s embedding-based and domain-
aware cross-feature representation, while negative
sampling allows efficient learning from highly sparse
implicit-feedback datasets.
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Evaluation metrics

In this stage, we use evaluation metrics that cover
accuracy, diversity, and novelty. For accuracy, we
used Precision@10 to measure how correct the top
recommendations are, Recall@10 to measure how
many of the user’s relevant items the system can
cover, and NDCG@10 to reward systems that rank
relevant items higher. In diversity and novelty, we
used coverage to measure how many different items
the system recommends, novelty to recommend items
the user may not know yet, and, finally, serendipity
to reward recommendations that are both relevant
and unexpected. The novelty of the model mea-
sures popularity-based novelty, which is computed
as the average self-information of the top-10 rec-
ommended items, calculated as -log,P(i), where P(i)
is the fraction of users who have previously inter-
acted with item i. In other words, items that are less
popular (long-tail) have higher self-information and
contribute more to novelty. This metric captures how
much the system recommends items that are new or
unexpected to the user, rather than just popular items.
High novelty does not guarantee relevance; it only
indicates exposure to less commonly interacted-with
items.

Baseline methods

Next, KnowledgeXRec is compared against seven
state-of-the-art recommendation approaches:

« CF: Traditional collaborative filtering using
Bayesian Personalized Ranking.°

+ CBF: Content-based filtering using TF-IDF and
metadata similarity. !

+ NCF: Neural Collaborative Filtering using MLP ar-
chitecture. ?

» Wide & Deep: Combines wide linear and deep
neural networks. 4

» DeepFM: Deep Factorization Machines for learn-
ing feature interactions.”

» xDeepFM: Explicit and implicit feature crossing
network. !

+ Autolnt: Self-attention-based feature interaction
network. 2

These methods were chosen because they cover a
representative set of traditional, hybrid, and deep
learning-based approaches. Besides, all baseline mod-
els were trained and evaluated under the same
background and conditions.

Implementation details

Finally, all models were implemented in PyTorch
1.9.0 and trained on NVIDIA Tesla V100 GPUs with
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32 GB memory. The experimental setup applied an
embedding dimension of 64, a batch size of 128,
using the Adam optimizer with a learning rate of
0.001 and a weight decay of 0.01, and a maximum of
100 epochs with early stopping based on validation
NDCG@10, using Bayesian optimization with 5-fold
cross-validation for hyperparameter tuning.

For this reason, reproducibility is ensured by fix-
ing random seeds and providing complete code and
preprocessing scripts. Training time ranges from 2-6
hours depending on model complexity and dataset
size. Fig. 3 illustrates the experimental setup section.

Results and discussion

Overall performance comparison

We have conducted a comprehensive performance
evaluation on both datasets, using several evaluation
metrics that have been mentioned before, such as
Precision@10, Recall@10, and NDCG@10. We have
compared our model KnowledgeXRec with seven
state-of-the-art recommendation baselines; Fig. 4
demonstrates the performance comparison among
these baselines and our model KnowledgeXRec.

Notably, Fig. 4 shows that KnowledgeXRec
achieves the strongest results across all Top-10
metrics in both the OULAD (educational) and
Goodreads (cultural) datasets. In line with earlier
findings on deep learning-based recommenders.’,
the model shows clear improvements in accuracy,
coverage, and novelty.

On the OULAD dataset, KnowledgeXRec reaches
15.6% higher Precision@10, 21.7% higher Re-
call@10, and 20.5% higher NDCG@10 compared
with the best baseline (AutoInt). Most importantly,
the gains in diversity and novelty are also substan-
tial, with 18.3% higher coverage and 54.8% higher
novelty than traditional collaborative filtering (CF).

Interestingly, the Goodreads dataset shows a simi-
lar pattern. KnowledgeXRec enhances Precision@10
by 9.3%, Recall@10 by 10.0%, and NDCG@10 by
13.9% over the strongest baseline. This implies that
the model works well across different domains, with
varying content and user interactions.

The smaller gains observed on Goodreads com-
pared to OULAD can be attributed to higher sparsity,
greater domain heterogeneity, and the subjective na-
ture of user ratings in cultural recommendation sce-
narios. Whereas the structured and curriculum-driven
interaction patterns in OULAD provide stronger,
denser signals that better align with domain-aware
feature crossing, which indicates better performance
enhancement compared to Goodreads.

KnowledgeXRec shows strong adaptability. The
findings indicate that the model generalizes well
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Datasets Evaluation Metrics Preprocessing
OULAD (Educational) Accuracy » Aggregate interactions
* 32,593 students * Precision@10 * Encode demographic
* 22 courses * Recall@10 features
- 10,655,280 VLE « NDCG@10 » Encode assessment

interactions « MAP@10 features
Goodreads (Cultural) Diversity & Novelty * Encode engagement
+ 15,000 users - Coverage features
* 5,000 books * Personalization
+ 1.1 million interactions + Novelty
* Ratings & reviews » Serendipity
Models Evaluated Training Configuration
* KnowledgeXRec » Framework: PyTorch 1.9.0
* CF¢ » Hardware: Tesla V100
*+ CBF! GPUs
* NCF* * Embedding dim: 64
* Wide & Deep * * Batch size: 128
* DeepFM ° * Optimizer: Adam
« xDeepFM ! (LR=0.001)
« Autolnt 12 * Max epochs: 100
* Stopping: Early stopping

Fig. 3. Experimental setup section.

Performance comparison among these baselines and our model KnowledgeXRec
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Fig. 4. Performance comparison.

across educational and cultural datasets and highlight =~ and graph-based learning 2; our model indicates the
the power of cross-domain feature learning, unlike  strength of cross - domain feature learning in line with
previous studies on neural collaborative filtering 3  recent work on broader recommendation patterns. '
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Table 3. Statistical significance testing.

Dataset Metric Baseline (Best) KnowledgeXRec Improvement (%) 95% CI  p-value
OULAD NDCG@10  CF: 0.398 0.432 8.5 +0.02 <0.001
OULAD NDCG@10 CBF: 0.389 0.432 11 +0.02 <0.001
OULAD NDCG@10 NCF: 0.401 0.432 7.7 +0.02 <0.001
OULAD NDCG@10 Wide & Deep: 0.409  0.432 5.4 +0.02 <0.001
OULAD NDCG@10 DeepFM: 0.412 0.432 4.9 +0.02 <0.001
OULAD NDCG@10 xDeepFM: 0.420 0.432 29 +0.02 <0.01
OULAD NDCG@10  Autolnt: 0.425 0.432 1.6 +0.02 <0.05
Goodreads NDCG@10 CF: 0.372 0.401 7.8 +0.015 <0.001
Goodreads NDCG@10 CBF: 0.366 0.401 9.6 +0.015 <0.001
Goodreads NDCG@10 NCF: 0.375 0.401 6.9 +0.015 <0.001
Goodreads NDCG@10 Wide & Deep: 0.387  0.401 3.6 +0.015 <0.01
Goodreads NDCG@10 DeepFM: 0.390 0.401 2.8 +0.015 <0.01
Goodreads NDCG@10 xDeepFM: 0.395 0.401 1.5 +0.015 <0.05
Goodreads NDCG@10 Autolnt: 0.397 0.401 1 +0.015 <0.05
Table 4. The effects of removing various components of knowledgeXRec.
Model Variant Precision@10 Recall@10 NDCG@10 Coverage Novelty Removed Component
Full Model 0.668 0.745 0.712 85.3% 0.65 -
w/o Feature Crossing 0.635 0.708 0.678 80.1% 0.58 Neural crossing layers
w/o Adaptive Fusion 0.645 0.721 0.689 82.4% 0.61 Attention-based fusion
w/0 Domain Adaptation  0.628 0.695 0.665 78.9% 0.55 Domain-specific crosses
w/o Multi-Task Learning  0.652 0.732 0.698 83.7% 0.62 Cross-domain training
CF Only 0.583 0.612 0.591 74.2% 0.42 Content and context
CBF Only 0.605 0.655 0.622 77.8% 0.48 Collaborative signals
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Statistical significance analysis

All model comparisons were conducted with paired
significance tests to ensure robustness. Enhancements
are reported relative to the strongest baseline in each
dataset. 95% confidence intervals were computed via
bootstrap resampling, and effect sizes were calculated
to assess practical significance. This approach indi-
cates that all KnowledgeXRec improvements are both
statistically significant and meaningful, providing a
rigorous evaluation of its performance. Table 3 il-
lustrates the Statistical Significance Testing (p-values
from paired t-tests).

Most importantly, the largest improvements appear
when comparing KnowledgeXRec to traditional base-
lines such as CF and CBF. This means that the model
introduces new useful information that older models
fail to capture. Interestingly, the improvements over
newer feature-interaction models such as xDeepFM !
and AutoInt'? remain significant, although the ef-
fect sizes are smaller. This could be due to the fact
that, these models already capture some complex in-
teractions, making further gains harder to achieve.
KnowledgeXRec significantly outperforms both tra-
ditional and neural baseline models (p < 0.05 to p
< 0.001) across datasets. Improvements are largest
relative to simpler models (CF, CBF), confirming
the benefit of integrating domain-specific and shared
interactions, while gains over advanced neural archi-

tectures (Wide & Deep, DeepFM, xDeepFM, Autolnt)
demonstrate the model’s ability to capture heteroge-
neous cross-domain patterns. A qualitative example
that demonstrates the KnowledgeXRec model recom-
mendation: for instance, a user interested primarily
in cultural content (Goodreads), the model recom-
mended an educational resource from the OULAD
dataset on historical learning strategies. The recom-
mendation was guided by shared feature patterns,
including learning style and content attributes, which
enable the model to effectively transfer knowledge
while keeping domain-specific characteristics.

Ablation studies

At this stage, we have performed a comprehensive
ablation study on the OULAD dataset; Table 4 demon-
strates the effects of removing various components of
KnowledgeXRec.

At the same time, consistent with earlier findings
on higher-order interaction modeling 3, the largest
drop in performance is due to removing the neural
feature-crossing module, resulting in a 4.9% decrease
in Precision@10. This implies that explicit feature
interactions play an essential role.

Also, the adaptive fusion layer contributes strongly
by improving Precision@10 by 3.4%. This result in-
dicates that combining information dynamically from
different sources improves the model’s flexibility.
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Table 5. The effect of different training strategies.
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Training Scenario OULAD Test  Goodreads Test Joint Performance  Adaptation Gain
Single Domain (OULAD) 0.668 0.501 0.585 -

Single Domain (Goodreads) 0.523 0.542 0.533 -

Sequential Fine-tuning 0.645 0.568 0.607 +3.8%
Multi-Task Learning 0.657 0.576 0.617 +5.5%
KnowledgeXRec (Joint) 0.672 0.584 0.628 +7.4%

Domain adaptation components show steady ben-
efits. Interestingly, domain-specific feature inter-
actions lead to about 6.4% enhancement, while
multi-task learning adds another 2.4%. These findings
indicate that the components work together effec-
tively, and the full model performs the best.

Cross-domain performance analysis

Table 5 presents the effect of different training
strategies. Notably, multi-task learning and joint
training offer the best results, with an overall im-
provement of 7.4% compared to single-domain
training. This suggests that sharing knowledge be-
tween domains strengthens learning.

Interestingly, the Goodreads dataset benefits the
most from cross-domain transfer, gaining 7.7% Con-
trary to existing studies that show limited trans-
ferability across domains, our results indicate that
shared behavioral patterns still help both domains.
This could be due to underlying common recom-
mendation structures, even though the content types
differ.

Consistent with earlier findings in cross-domain
research'®!7, the multi-task framework balances
shared and domain-specific features, preventing neg-
ative transfer.

Computational efficiency analysis

Table 6 compares computational performance.
KnowledgeXRec requires about 35% more training
time and 25% more memory than CF, this means
that deeper modeling comes with some additional
cost. The following table demonstrates the result of
computational cost analysis:

Table 6. Computational performance.

However, compared to more recent interaction-
based models, such as DeepFM® and Autolnt,'?
the extra cost remains reasonable. Interestingly, the
model scales linearly with data size, making it prac-
tical for large-scale applications. Most importantly,
these computational costs are justified by the consis-
tent improvements in all key metrics.

This finding implies that KnowledgeXRec pro-
vides a strong balance between performance and
efficiency, and it can be further optimized using
model-compression methods.

Limitations

Nevertheless, our model KnowledgeXRec has excel-
lent performance; it also includes some limitations
that need to be taken into consideration, such as
model complexity, generalization, and interpretabil-
ity. Furthermore, the model’s computational time
and resource usage of KnowledgeXRec should be
further investigated. Different techniques should be
examined to address the complexity issue in real-
time applications. Another limitation is that the
evaluations were performed only on two domains: ed-
ucational (OULAD) and culture (Goodreads), which
indicates further validation for the model across
various domains such as e-commerce, health, and
entertainment in order to increase the generalizabil-
ity of the proposed model. Ethical considerations
must be taken into account since educational datasets
may contain sensitive demographic information,
and cross-domain transfer mechanisms may unin-
tentionally propagate domain-specific biases. Further
implementations should take into account incorpo-
rating fairness-aware learning and privacy-preserving
training mechanisms in order to mitigate these

Model Training Time (h) Inference Time (ms) Memory (MB) Parameters (M)
CF 1.2 12 45 0.8
NCF 2.8 25 78 2.1
Wide & Deep 3.2 28 85 2.8
DeepFM 3.8 32 92 3.2
xDeepFM 4.5 38 105 4.1
Autolnt 5.1 45 118 4.8
KnowledgeXRec 5.8 48 125 5.3
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risks. Although KnowledgeXRec achieves strong per-
formance, understanding the reason behind these
recommendations can enhance transparency and user
trust. An explainability technique should be exam-
ined to improve recommendation transparency and
increase user trust.

Conclusion and future work

This paper introduced KnowledgeXRec, which is a
domain-aware hybrid architecture that systematically
integrates domain-specific feature crosses for educa-
tional and cultural datasets in line with shared cross
layers that capture patterns common across domains.
The methodological design allows the model to pre-
serve nuanced, context-dependent interactions while
facilitating cross-domain knowledge transfer, a capa-
bility that is often absent in prior hybrid approaches.
Moreover, the model employs learnable embeddings
for categorical features and is trained end-to-end, pro-
viding a principled and flexible method for jointly
optimizing shared and domain-specific signals.

The evaluation on the OULAD and Goodreads
datasets demonstrates that KnowledgeXRec outper-
forms seven state-of-the-art baselines, which achieve
notable improvements in accuracy, diversity, and
novelty. The ablation studies indicate the poten-
tial need for each architectural component and its
improvements, particularly the neural feature cross-
ing mechanism and the domain adaptation strategy.
Findings demonstrate that the model design is ef-
fective, while statistical analysis is used to validate
the significance of these improvements. In addition,
computational analysis provides strong applicability
to real-world applications.

KnowledgeXRec provides a scalable and adaptable
foundation for next-generation knowledge manage-
ment systems that provide personalized knowledge
across different domains and introduce problems in
recommendation quality, diversity, and cross-domain
adaptation. This study indicates that combining high-
order feature interactions with domain-aware mech-
anisms can improve recommendation performance
significantly in knowledge-intensive scenarios. This
work can be improved by:

- Enhanced explainability: to increase user trust in
the system

» Federated learning: to examine privacy-
preserving across multiple knowledge resources.

Overall, despite the limitations of KnowledgeXRec,
it provides a flexible framework that is suitable for
different applications in educational, cultural, and
organizational knowledge management. Further re-
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search should examine explainability and federated
learning to support a new generation of personalized
knowledge recommendation systems.
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