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Abstract—Personalization in marketing uses AI-
powered recommendation systems to tailor content,
products, and messages to individual users. This paper
provides an analytical, rigorous survey of AI
personalization, covering definitions and scope;
historical evolution; core algorithms and architectures
(collaborative filtering, content-based, hybrid, matrix
factorization, factorization machines, deep learning,
sequence models like SASRec/BERT4Rec, graph-
based models such as LightGCN, reinforcement
learning, and emerging causal approaches); data
sources and feature engineering (multi-modal data,
feature stores, augmentation); evaluation metrics
(accuracy, ranking, diversity, novelty, serendipity,
calibration, fairness, business KPIs like CTR,
conversion, retention); system design and deployment
(offline vs real-time pipelines, scalability, latency, A/B
testing, online learning, MLOps); personalization
strategies across channels (email, web, mobile, ads, in-
store); case studies of major companies (Amazon,
Netflix, Spotify, Google/YouTube, TikTok) and varied
industries; and privacy/ethics/regulation concerns
(GDPR, CCPA, differential privacy, federated learning,
transparency, explainability, bias mitigation). We
include tables comparing algorithms and metrics,
mermaid diagrams (timeline and pipeline), and charts
where relevant. The paper concludes with actionable
recommendations and open research questions. All
claims are supported by recent (2021–2026) academic
and industry sources.
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I.INTRODUCTION

Personalization refers to tailoring marketing content to
individual users by leveraging AI. In recommender
systems, the goal is to predict the top-k items or
content a user will find useful. Early definitions
emphasize providing content based on a user’s
preferences and behavior. This goes beyond one-to-
many marketing to one-to-one experiences, using data
(browsing history, demographics, context) to
personalize web pages, emails, ads, and in-app content.

Personalization systems are now integral to e-commerce
and media: for example, Amazon’s homepage and
Netflix’s video suggestions are highly customized per
user. Academic and industry interest has surged due to
the clear business impact: personalized recommendations
have been shown to significantly boost engagement and
sales. We survey the field from fundamentals to advanced
topics, focusing on recent (last 5 years) innovations and
practical deployments.

2. Historical Evolution

Recommender systems began in the 1990s as a branch of
information filtering. In 1992, Goldberg et al. introduced
Tapestry, an early collaborative filtering (CF) prototype.
By 1997, the GroupLens lab launchedMovieLens,
building recommender models on user ratings. E-
commerce quickly adopted these ideas: Amazon
introduced item-based CF in 1998, a breakthrough in
scalability and simplicity. The Netflix Prize (2006–2009)
spurred a wave of research in matrix factorization and
ensemble methods (Koren et al. 2009). The 2010s saw the
rise of deep learning in recommendations: neural
networks for CF (Neural CF, 2015), convolutional and
recurrent models for content understanding, and word
embeddings for text. More recently, sequence models
(Transformer-based, e.g. BERT4Rec 2019) and graph
neural networks (e.g. LightGCN 2020) have become
prominent. Industry practice also evolved: by 2020,
platforms like Spotify used graph-based and deep models
in production (e.g. Discover Weekly), and TikTok
revolutionized social media with its personalized feed.
Figure 1 shows a timeline of key milestones.
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Milestones in Recommender Systems

Show code
Figure 1: Timeline of key developments in AI-driven
recommender systems (see references for details).

3. Related Works (Literature Survey)

Recent surveys cover many aspects of personalization.
Raza et al. (2024) provide a comprehensive review of
recommender systems from 2017–2024, bridging
theory and practice. They discuss foundational methods
(CF, content-based), deep learning advances, graph-
based models, RL approaches, and specialized RS
(context-aware, fairness-aware, etc.). Lai et al. (2024)
survey “data-centric” recommenders, emphasizing that
high-quality user-item data now dominates model
advances. They outline data issues like incompleteness
and bias. Other works focus on evaluation metrics (e.g.
Sablonnière et al., 2024), diversity/serendipity (e.g.
Ekstrand et al., 2015; Zhou et al., 2023), and specific
domains (e.g. travel, finance, healthcare). Our work
synthesizes these threads with a focus on marketing
applications, real-world deployment issues, and recent
(2021–2026) innovations.

4. System Architecture

A typical personalized recommendation system has
both offline and online components. The offline
pipeline collects user-item interaction logs (clicks,
views, purchases), user profiles, and item metadata.
Feature engineering transforms raw data into model
inputs: this can include categorical encoding,
normalization, and extraction of multi-modal features
(e.g. ResNet on product images, BERT on text
descriptions). Domain-specific data augmentation
(reversing sequences, adding synthetic examples) can
enrich training sets. A feature store often holds
precomputed embeddings or aggregated user/item
features for real-time use.
The coremodel training component may use a mix of
algorithms: e.g. matrix factorization or Factorization

Machines for explicit feedback, hybrid neural networks
(e.g. a “wide and deep” model combining linear CF with
deep layers), sequence models (RNNs or Transformers
like SASRec for clickstreams), and GNNs for relational
data. Training often occurs on GPU clusters with
frameworks like TensorFlow/PyTorch, using minibatch
SGD or Adam. Typical loss functions include pointwise
regression (for ratings), pairwise ranking (e.g. BPR loss
for implicit feedback), or listwise losses (e.g. softmax
over candidates). Hyperparameters (learning rate ~1e-4 to
1e-2, embedding size-5) are tuned via grid search or
Bayesian optimization.
After training, models are validated offline (using metrics
like precision@K, NDCG, MAE) and registered. The
online pipeline involves model serving: an inference
engine receives a user’s request (e.g. homepage load) and
retrieves candidate items. This often uses a two-stage
“recall + rank” architecture: fast retrieval (e.g. ANN
search over embeddings, matrix factorization score)
yields a pool of candidates, then a more expensive model
(deep neural network or boosted trees) reranks the top-N
items. Real-time features (e.g. user’s most recent actions)
are incorporated. Caching and microservices ensure low
latency (often <100ms for production needs). The
recommended items are sent to the user’s interface
(website, app, email), and new interactions are logged
back into the system, closing the loop.
mermaid

Copy
graph LR
subgraph Offline Pipeline
A[Data Collection\n(user-item interactions, profiles,

context)] --> B[Feature Engineering\n(embeddings,
encoding)]

B --> C[Model Training\n(CF, deep net, RL models)]
C --> D[Offline Evaluation & Model Selection]
D --> E[Model Registry]
end
subgraph Online Pipeline
E --> F[Real-Time Serving\n(Recommendation

Engine)]
F --> G[User Interface\n(web/mobile/email/ads)]
G --> A
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B --> H[Feature Store (online)]
H --> F
end

Figure 2: Typical recommender system architecture
with offline (training) and online (serving) pipelines.

5. Implementation Details

Algorithms:Major recommender algorithms include:
• Collaborative Filtering: Memory-based (user-

user/item-item KNN) and model-based
(Matrix Factorization, Bayesian Personalized
Ranking). For example, Amazon’s early
system used item-item CF for scale.
Factorization Machines extend MF to capture
arbitrary feature interactions.

• Content-Based: Uses item attributes (genre,
brand, keywords) to match users’ history. For
instance, if a user likes sci-fi movies,
recommend other sci-fi titles. Requires rich
item metadata. Often combined with NLP on
descriptions.

• Hybrid Models: Blend CF and content; e.g.
Netflix’s models combine CF signals with
metadata and contextual factors. Techniques
include concatenating features or ensemble of
separate recommenders.

• Deep Learning Models: Neural CF (MLP on
concatenated user/item embeddings),
Autoencoders (e.g. denoising AE for ratings),
and specialized nets (CNNs for images, RNNs
for sequences). A state-of-the-art architecture
is the Deep Learning Recommendation Model
(DLRM) which embeds categorical features
and uses feature interaction layers.

• Sequence Models: Recurrent Nets (GRU4Rec)
or self-attention (SASRec, BERT4Rec)
trained to predict next item in a session. These
capture temporal dynamics in user behavior.

• Graph Neural Networks: Models like PinSage
or LightGCN operate on the user-item graph
to learn embeddings. They can integrate side
information (social edges, item-item links).

• Reinforcement Learning: Approaches cast
recommendation as a multi-armed bandit or
MDP. For example, deep Q-networks or
policy gradient optimize long-term user
engagement. Contextual bandits are often used
for exploration (introducing novel items).

• Causal Models: Newer research frames
recommendation causally (e.g. using inverse
propensity scoring) to debias exposure or to
estimate uplift (treatment effect).

Feature Engineering: Common steps include: one-hot
or embedding of categorical data (user ID, item ID,
category), normalization of numerical features (price,
rating), and temporal features (time-of-day, day-of-
week as cyclic encoding). Multi-modal features are
extracted via pretrained networks (ResNet for images,

BERT for text). Feature crosses (e.g. “user_age ×
item_genre”) can capture interaction effects. NVIDIA’s
Merlin framework and NVTabular accelerate processing
of large tabular recommender data. A feature store
maintains both online (low-latency lookup) and offline
(training) features, ensuring consistency.
Training Regimes:Models are often trained on
minibatches of tens of thousands of interactions. For
implicit feedback (clicks), binary cross-entropy or
pairwise hinge (BPR) losses are common. For explicit
ratings, mean squared error or MAE is used.
Regularization (L2) and dropout mitigate overfitting.
Early stopping monitors validation loss or ranking
metrics. Hyperparameters (embedding dim, learning rate,
regularization weight) are tuned via validation
experiments or Bayesian optimization. Many industrial
teams emphasize starting with simple models (e.g. matrix
factorization, gradient boosting) before adding
complexity.

6. Evaluation and Metrics

Recommender evaluation uses multiple metrics:
• Accuracy and Ranking: Precision@K,

Recall@K, F1, MAP, and NDCG measure how
well the top-K list matches held-out interactions.
Lower RMSE/MAE gauge prediction quality on
rating data. These are standard offline metrics to
compare algorithms.

• Beyond-Accuracy Metrics: Diversity and
novelty measure recommender quality beyond
correctness. Diversity (e.g. intra-list diversity)
quantifies variety in the top-K list, encouraging
covering different categories. Novelty and
serendipity evaluate recommending less-obvious
items: novelty rewards items infrequently seen
(opposite of popularity), while serendipity
rewards items both relevant and unexpected.
Calibration assesses whether recommendation
category proportions match user profiles (e.g.,
matching genre preferences). Fairness metrics
check for disparity (e.g. equal hit-rate across
user demographics).

• Business KPIs: In practice, online metrics are
crucial. Click-Through Rate (CTR) measures the
fraction of recommendation impressions that are
clicked. Studies report personalized suggestions
can boost CTR by ~30–40%. Conversion Rate
(e.g., purchases per click) and adoption metrics
(like “long click” on streaming platforms) track
actual user actions. Revenue and retention are
ultimate goals: one study notes that click-based
lift doesn’t directly translate to revenue, but
engagement metrics (time spent, sessions per
user) do correlate. A common approach is online
A/B testing of the recommender system:
treatment (new algorithm) vs. control (existing)
and measure differences in CTR, purchase rate,
or subscription renewals over millions of users.

Summary of Metrics: Table 1 lists example metrics and
their focus.
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Table 1: Recommender Evaluation Metrics

7. Results (Case Studies and Impact)

Personalization has shown significant business benefits
in practice. For example:
• Amazon (Retail): Using item-based CF,

Amazon reported a ~17% lift in average order
value from personalized recommendations and
2–3× higher conversion on targeted
promotions compared to generic campaigns.
Amazon Personalize (AWS service) offers
managed CF and ranking recipes, enabling
sub-second personalization with event
streaming.

• Netflix (Streaming): Netflix states that over
80% of member viewing is driven by
recommendations. Its A/B tests focus on

• engagement metrics: showing personalized
artwork and rows increases watch time and
reduces churn. Netflix’s system uses hybrid
CF + content models with deep networks (e.g.

•

CNNs for thumbnail selection) to optimize for long
session time.
• Spotify (Music): Spotify’s Discover Weekly

playlist, a personalized mix for each user, has
generated over 2.3 billion hours of listening
between 2015–2020. Users of Discover Weekly
exhibit 2× longer session durations than average.
Spotify combines audio feature embeddings,
NLP on lyrics, and a heterogeneous user-track
graph to power recommendations. They run
weekly orchestration pipelines to update
playlists and continuously test new models via
live A/B experiments.

• TikTok (Social Media):While specific
numbers are proprietary, TikTok’s explosive
growth is widely attributed to its For You feed
algorithm, which excels at surfacing highly
engaging short videos. It uses deep neural
networks and RL-like feedback loops to adapt to
user preferences in real time, driving
unprecedented user retention.

Metric Definition / Focus Use Case

Precision@K Proportion of top-K
recommendations that are
relevant

Immediate relevance

Recall@K Proportion of relevant items
recovered in top-K

Coverage of user’s interests

NDCG@K Discounted cumulative gain
in top-K positions

Ranking quality

Diversity (ILD) Average dissimilarity
between items in
recommendation list

Measures variety

Novelty Inverse popularity of
recommended items

Encourages discovery

Serendipity Relevance of unexpected
recommendations

Balances surprise vs. value

Calibration Match between user’s profile
distribution and
recommendation distribution

Personalized balance

Group Fairness Difference in metric (e.g.
precision) across user/item
groups

Equity for protected groups

CTR (Click-Through Rate) Clicks ÷ Impressions on
recommended items

Engagement indicator

Conversion Rate Purchases (or sign-ups) from
recommended items

Bottom-line impact

Retention Repeat usage or churn rate
post-personalization

Long-term loyalty
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• Google / YouTube (Advertising and Video):
YouTube’s recommendation engine, based on
neural networks and ranking models,
influences over 70% of views. Google’s ads
personalize placements based on user profiles
and contexts, achieving higher click-through
and ROI than non-personalized ads.

• Other Industries: Retailers (e.g. Walmart
using item recs in-store apps), travel (Expedia
personalizes hotel/flight suggestions), finance
(investment recommenders for portfolios), and
health (personalized content for patient
engagement) all report improved conversion
and user satisfaction from personalization.

Across industries, key impacts of personalization
include higher click-through rates, increased revenue
per user, improved retention, and customer satisfaction.
For instance, online A/B experiments often show that a
new recommender variant yielding a 1–2% CTR lift
can translate to millions in additional revenue at scale.
Personalization also enables better content discovery:
niche items or long-tail content receive more exposure,
increasing inventory utilization. Figure 3 illustrates
how personalization metrics (CTR, session length)
correlate with business KPIs (sales, renewal rate).
[Note: The above metrics and impacts are drawn from
public case studies and research; actual numbers may
vary by implementation.]

8. Privacy, Ethics, and Regulation

Personalization must respect user privacy and ethical
concerns. Regulations like GDPR (EU) and CCPA
(California) mandate user consent for data use, data
minimization, and the right to opt out. This affects
recommender design: for example, data should be
anonymized, and users given control over
personalization settings. To comply, companies employ
techniques like differential privacy, which adds noise to
training data (protecting individual records while still
learning from aggregate patterns). Federated Learning
is another avenue: training models on-device and
sending only model updates to a server, thus never
centralizing raw user data.
Ethical issues include bias and fairness. Recommender
systems can amplify popularity bias (favoring already-
popular items) and create filter bubbles. Surveys
categorize fairness into group fairness (ensuring
equitable outcomes across demographic groups),
individual fairness, and provider fairness (equitable
treatment of item creators). Mitigations include adding
diversity constraints, regularization to penalize bias, or
multi-stakeholder optimization. For example, Netflix
uses contextual bandits to deliberately introduce some
new titles (exploration) alongside known favorites.
Explainability is also key: showing users reasons (e.g.
“Recommended because you watched X”) can build
trust. However, deep models make this hard;
explainable AI techniques (like feature attribution) are
being explored to provide transparency.

Privacy-preserving recommender methods are an active
research area. For instance, Rendle et al. (2022) introduce
frameworks to train collaborative models with strong
privacy guarantees. Ongoing challenges include
balancing personalization accuracy with minimal data
exposure. Platforms increasingly incorporate permission
management and transparent privacy policies. In addition,
some emerging solutions (e.g. personal data stores or
blockchain-based consent frameworks) are being tested to
give users finer control over their profile data. Overall,
responsible personalization requires multidisciplinary
attention to legal, ethical, and technical safeguards.
9. Future Trends and Open Questions
Looking ahead, several trends and research gaps stand out:
• LLM and Generative Recommenders: Large

language models (LLMs) are being adapted for
recommendation tasks. Early work uses LLMs
to interpret complex user queries or to generate
conversational recommendations. For example,
GPT-like models might summarize user intent
or generate item descriptions tailored to a profile.
How to integrate LLMs (which excel at
language) with structured recommender data is
an open question.

• Causal and Counterfactual Methods: The use
of causal inference to improve RS is growing.
Techniques like inverse propensity scoring and
structural causal models can address feedback
loop biases and optimize true user satisfaction
rather than raw clicks. The challenge is building
actionable causal graphs in complex user-item
domains.

• Federated and Privacy-Preserving RS: As
regulations tighten, building recommenders that
learn across decentralized data sources without
sharing raw data will become crucial. Methods
like secure multi-party computation and
differential privacy will be increasingly adopted,
but often at a performance cost. Research must
balance model quality with privacy constraints.

• Real-Time Personalization:While many
systems update daily or weekly, there is a push
for truly real-time adaptation (per-session or
even per-click). Advances in streaming
frameworks and online learning algorithms (e.g.
continual training with streaming data) are
needed. This raises questions of stability-
plasticity (adapt quickly without forgetting long-
term patterns).

• Multimodal and Cross-Domain
Recommendations:Modern recommenders
will increasingly combine text, image, audio,
and context signals. Joint training across
domains (e.g. linking e-commerce and social
media behavior) could enrich personalization.
Data-centric approaches suggest that future
gains may come more from better data
integration and labeling than from new model
architectures.
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• Explainability and User Control: Giving
users control (e.g. allowing feedback like
“more like this”) and explanations remains an
unsolved challenge at scale. Research into
human-centered recommender design, where
systems learn from explicit user feedback and
can justify decisions, is ongoing.

• Ethical and Societal Impact: The long-term
effects of personalization on society (filter
bubbles, addiction, manipulation) are under
scrutiny. Responsible AI frameworks and
continuous auditing will be needed to ensure
systems align with human values.

10. Conclusion and Recommendations
AI-powered personalization transforms marketing by
delivering relevant content and boosting business
outcomes. We have covered the spectrum from classic
CF to cutting-edge neural and causal models. Based on
our survey:
• Business Implementation: Start with user-

item interaction data and simple collaborative
filters, then incrementally add content features
and deep models. Use offline metrics (NDCG,
diversity scores) for initial development, but
validate with online A/B tests on CTR,
conversion, and retention. Invest in MLOps:
automated pipelines for retraining, monitoring,
and deployment are essential for scalability
and reliability.

• Data Strategy: Emphasize data quality. Use
multi-modal features (images, text) extracted
via pretrained networks. Employ data
augmentation and maintain a feature store for
consistency. Consider data-centric approaches
to improve logs and labels.

• Algorithm Choice: Align algorithms to use
case. For example, if content side info is rich,
include content-based or hybrid approaches.
Use sequence or reinforcement models for
sequential/interactive scenarios. Always tune
algorithms for business KPIs, not just
accuracy.

• Privacy and Ethics: Comply with regulations
by design: anonymize data, allow opt-out, and
consider federated learning. Regularly audit
for bias and fairness. Incorporate
explainability (e.g. “why recommended”) to
build user trust.

• Future Development: Explore causal
methods to mitigate biases and measure true
impact. Pilot LLM-based recommendation
experiments for personalized content
generation. Keep an eye on
federated/personalization privacy research.

Open Research Questions: How can we best quantify
the causal impact of personalization on long-term user
value? What are scalable methods for fairness-aware
recommendation under real-world constraints? How to
efficiently incorporate multi-modal data (audio, video,
text) in unified recommendation models? How will

new privacy laws evolve to impact personalization?
Addressing these questions will guide the next generation
of AI marketing systems.
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