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Abstract 

Artificial Intelligence (AI) and Machine Learning (ML) are transforming digital marketing 

shifting value from mass broadcasting to highly personalized, real-time interactions. Platforms 

such as ByteDance (owner of TikTok/Douyin) exhibit a particularly strong coupling of ML-

driven recommendation, creative optimization and ad-targeting systems that reshape how 

brands discover audiences, how creators reach virality, and how marketers measure ROI. This 

paper reviews literature on AI in marketing, maps prevalent ML architectures used in modern 

recommender and advertising stacks, and uses ByteDance as an empirical case to illustrate 

strategic impacts, benefits, and risks. Findings indicate that ML-driven personalization 

increases engagement and conversion potential by optimizing at scale (content ranking, 

CTR/CVR prediction, creative selection), while also raising ethical and regulatory concerns 

(privacy, algorithmic opacity, platform dependence). The paper concludes with managerial 

implications, limitations, and avenues for future research. 
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1. Introduction 

Digital marketing over the last decade has evolved from search and display advertising toward 

algorithmically mediated, personalized experiences. AI and ML enable automated feature 

extraction, user modeling, and sequential decision-making that optimize engagement metrics 

in real time. Firms that operationalize ML at scale — embedding it throughout product and 

monetization stacks — obtain competitive advantage through superior personalization and 

attention capture. ByteDance stands out as an influential example: its products (Douyin, 

TikTok, Toutiao) were built from the outset around recommendation engines that rapidly learn 

user preferences and surface highly engaging content. The rise of ByteDance highlights the 

strategic consequences for brands, creators, and marketing practices worldwide. Key research 

questions posed in this paper are: 

1. How do AI/ML techniques manifest in the core marketing and monetization functions 

of a platform like ByteDance? 

2. What measurable strategic impacts do these techniques have on digital marketing 

outcomes (reach, engagement, conversion, media efficiency)? 

3. What ethical, regulatory, and managerial challenges arise from ML-driven 

personalization? 
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The next sections review the literature, describe ML architectures used in industrial 

recommender and ad systems, present the ByteDance empirical case, analyze strategic 

implications, and discuss regulation and ethics before concluding. 

2. Literature Review 

2.1 AI and Machine Learning in Marketing: Conceptual frameworks 

Marketing scholars have recognized AI as a transformational technology that can be 

conceptualized across stages of marketing strategy and execution. Huang & Rust (2021) 

propose a strategic framework distinguishing mechanical AI (automation), thinking AI 

(cognitive analytics and prediction), and feeling AI (affective computing), linking these to 

segmentation, targeting, and positioning tasks in marketing strategy. Systematic reviews (e.g., 

Verma et al., 2021) document rapid growth in AI-marketing scholarship and call for more 

empirical studies of business impact and governance. Foundational reviews emphasize that AI 

enables superior customer insights, automation of repetitive tasks (chatbots), and dynamic 

personalization, but also raises trust, fairness, and privacy questions.  

 

Fig.-1 AI and machine learning on digital marketing strategies 

2.2 Recommender systems and advertising models: a technical lineage 

Modern recommender systems and ad-ranking stacks build on a lineage of collaborative 

filtering and supervised learning techniques. Matrix factorization (Koren et al., 2009) 

established the viability of latent factors for recommendations; contextual bandits (Li et al., 

2010) introduced exploration–exploitation tradeoffs for online personalization; and more 

recently hybrid deep architectures (Wide & Deep, Cheng et al., 2016; DeepFM, Guo et al., 

2017) have combined memorization and generalization to optimize large-scale CTR/CVR 
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predictions. Industrial platforms such as YouTube documented the benefits of deep candidate 

generation plus deep ranking models for video recommendation, showing large engagement 

gains from end-to-end deep learning architectures. These developments underlie the technical 

feasibility of the ultra-personalized feeds used by ByteDance products.  

2.3 Business and marketing implications documented in prior work 

Management and marketing fields have characterized the effects of AI on marketing processes: 

improved segmentation and targeting; automated creative and message selection; dynamic 

pricing and real-time campaign optimization; and new metrics for attention and engagement. 

Reviews emphasize the need for frameworks to govern AI deployment, better measurement 

strategies to disentangle platform effects, and cross-disciplinary research combining technical 

and managerial perspectives. Scholars warn about platform concentration effects and 

asymmetric power when platforms control the primary channels of discovery.  

2.4 Platform studies & TikTok/ByteDance-specific analyses 

ByteDance’s recommendation approach has drawn particular scholarly and media interest 

because of its demonstrated ability to surface niche content and rapidly create viral pathways. 

Industry commentary and academic commentaries have noted that TikTok’s "For You" feed 

— powered by dense user-behavior features, short-form content signals, and an iterative 

feedback loop — reconfigures content discovery and the creator economy. MIT Technology 

Review recognized TikTok’s algorithm as a breakthrough technology in 2021 because of its 

cultural and commercial influence. ByteDance has also documented its recommender 

engineering approaches (BytePlus whitepapers), providing engineers and researchers with 

operational detail about deep learning architectures in production.  

 

Fig. 2 Impacts on byte dance using AI and machine learning 
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3. Methodology and Case Study Approach 

This paper uses a mixed method: (1) a structured literature synthesis to map relevant AI/ML 

models and marketing outcomes, and (2) an in-depth case analysis of ByteDance using public 

technical documents, company whitepapers, press reporting, and academic commentary up to 

2021. The case method is appropriate for generating theory about how platform-level ML 

capabilities translate into marketing impacts because ByteDance represents an extreme 

exemplar of integrated recommender and monetization design. Public technical references 

(company whitepapers and industrial papers on recommender engineering), combined with 

independent analyses, allow mapping of the ML pipeline and inferring strategic implications 

for marketers. Where possible, the paper situates ByteDance practices within generalizable ML 

and marketing frameworks derived from the reviewed literature.  

4. AI/ML Architectures in Digital Marketing: Components and Functions 

Modern AI-driven marketing stacks have recurring architectural components that enable 

personalization, measurement, and monetization. The following subsections summarize these 

components and how they function (technical descriptions are high-level and non-proprietary). 

4.1 Data ingestion and feature engineering 

At the platform level, enormous volumes of event data (views, likes, shares, watch time, scroll 

behavior, session features, device/contextual signals) are collected and processed to produce 

real-time features for models. Feature stores and streaming ingestion pipelines maintain both 

long-term user profiles and ephemeral session features (e.g., current trending topics). 

ByteDance’s engineering disclosures describe systems designed to serve both batch and online 

features efficiently to ranking models.  

4.2 Candidate generation and retrieval 

Recommender pipelines generally use a two-stage retrieval: a candidate generation (recall) 

stage that reduces millions of items to thousands using approximate nearest neighbor or 

embedding similarity methods, followed by ranking. Deep candidate generation models use 

learned embeddings of users and items to capture semantic proximity. These embeddings are 

trained end-to-end with downstream ranking objectives in many industrial systems (e.g., 

YouTube).  

4.3 Ranking & CTR/CVR prediction 

Ranking models predict engagement likelihoods (click-through rate — CTR, conversion rate 

— CVR, watch time) and then order candidates by a utility objective often combining multiple 

predicted metrics (e.g., expected watch time × ad value). Techniques for CTR/CVR prediction 

evolved to wide+deep hybrids (memorizational cross-features + deep embeddings) and 

specialized factorization-deep models such as DeepFM to capture both low- and high-order 

interactions between sparse features.  

4.4 Real-time online learning and exploration strategies 

Contextual bandits and online learning frameworks allow platforms to continuously adapt 

recommendations and explore new content, balancing immediate engagement with discovery. 
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Online learning is particularly valuable for shifting trends and new content. Research in 

contextual bandits showed practical gains in news personalization and remains foundational to 

exploration strategies in modern recommender systems.  

4.5 Ad serving, auctioning, and attribution 

Adtech stacks integrate predicted user metrics (CTR, viewability) with auction mechanisms 

and advertiser objectives (CPA, ROAS). ML optimizes bidding strategies and creative 

selection via multi-armed bandit approaches and cross-campaign learning. Platforms 

increasingly offer programmatic solutions that integrate user engagement predictions with 

advertiser bidding. These multi-objective optimizations enable a marketplace where user 

attention is scored and monetized in near real time.  

5. ByteDance as an Empirical Case: ML-First Product Design 

ByteDance’s products emphasize content discovery through personalized feeds rather than 

social graph signals alone (contrast with early Facebook/Instagram paradigms). The core 

design choices include: 

1. Short-form, high-frequency content enabling fine-grain feedback loops (watch time, 

replays, shares). 

2. Dense behavioral tracking across sessions to build rich user profiles. 

3. Deep learning stacks for candidate generation + ranking to maximize engagement 

metrics. 

4. Tight coupling between recommendation outputs and ad inventory to monetize 

attention. 

ByteDance’s public materials and engineering accounts emphasize production-grade deep 

learning recommendation systems (BytePlus whitepapers show the company’s recommender 

approaches and tooling). This architecture enabled TikTok to surface highly relevant videos to 

small niche audiences quickly — a feature often credited with accelerating discovery for 

creators and viral phenomena. Industry recognition (e.g., MIT Technology Review’s 2021 list) 

highlighted TikTok’s recommender as a breakthrough technology for cultural and commercial 

influence.  

5.1 Technical components documented for ByteDance (public sources) 

ByteDance has publicly described how deep learning and online systems power its products: 

deep embedding models for content and users, real-time feature pipelines, and ranking 

frameworks tuned to maximize watch time and retention. Whitepapers from BytePlus 

(Bytedance’s developer arm) discuss engineering tradeoffs for production recommendation 

systems, including support for batch/real-time features and the emphasis on end-to-end deep 

learning approaches. Although the company naturally keeps proprietary details private, these 

disclosures plus academic analyses provide enough detail to map the technical pipeline 

described earlier onto ByteDance’s product stack.  
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6. Strategic Impacts on Digital Marketing 

This section synthesizes how the ML capabilities described translate into marketing outcomes 

for brands, advertisers, and content creators. 

6.1 Enhanced audience discovery and targeting 

Traditional social platforms often rely on social graphs and explicit follows for distribution. 

ByteDance’s recommender surfaces content to users regardless of creator follower counts, 

enabling brands and creators to reach tailored micro-audiences rapidly. For marketers, this 

creates two opportunities: (1) discovery campaigns can achieve early reach without pre-

existing follower bases, and (2) hyper-targeted creative allocation (serving specific creative 

variants to user cohorts predicted to respond) becomes practical at scale. This materially alters 

media planning: algorithmic distribution replaces simple follower accumulation as the primary 

growth lever. InsideHook 

6.2 Creative optimization and creative intelligence 

AI/ML enables dynamic creative optimization (DCO) where combinations of imagery, copy, 

and editing formats are algorithmically evaluated and routed to segments that maximize 

engagement or conversions. ByteDance’s short-form format and rapid feedback allow 

advertisers to iterate creative faster; platforms can automatically promote the highest-

performing creative variants to users most likely to respond. Practically, this reduces the time 

from ideation to validated content and raises the importance of creative experimentation in 

marketing strategy (A/B testing augmented by multi-armed bandit approaches). This trend 

elevates "creative compute" — combining human ideation with AI-assisted selection — as a 

core marketing capability.  

6.3 Measurement, attribution, and ROI improvement 

Machine learning models that predict conversion probabilities at impression time enable 

advertisers to make more value-aligned bidding decisions (e.g., bid higher on impressions with 

high predicted CVR). When platforms provide robust conversion measurement (both click and 

view-through conversions, event-level outcomes), advertisers can optimize campaigns toward 

business metrics rather than raw engagement. However, platform-provided measurement has 

limits: opaque models and aggregation methodologies complicate independent verification, 

generating calls for third-party auditing and standardized measurement frameworks.  

6.4 Creator economy and influencer marketing dynamics 

Because recommendation drives discovery, creators can achieve virality independent of 

follower count. This changes influencer strategies: micro-influencers with niche content can 

be more efficient for certain campaigns, while brand-creator partnerships need to account for 

algorithmic reach sensitivity. Marketers must therefore evaluate creator fit not merely by 

follower metrics but by historical engagement patterns, content formats, and resonance with 

algorithmically discoverable niches. Studies and press reporting on TikTok show that the 

algorithm channels demand to content with high early engagement signals, amplifying the 

benefits of fast-feedback creative tests.  

6.5 Platform dependency and concentration risk 

https://www.insidehook.com/culture/tiktok-mit-breakthrough-technology-2021?utm_source=chatgpt.com
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A strategic risk is dependency: when campaigns and customer acquisition become tightly 

coupled to a single platform’s recommendation algorithm, firms risk exposure to algorithmic 

changes, policy shifts, or platform governance decisions. Marketing diversification across 

channels remains important to manage this risk. Scholars warn that platform concentration can 

create bargaining power asymmetries where platforms dictate discoverability rules — a 

governance concern with implications for market structure and competition.  

7. Ethical, Legal, and Regulatory Considerations 

7.1 Privacy, surveillance, and consumer autonomy 

AI/ML personalization relies on behavioral data collection at scale. Critics argue this model 

enables "surveillance capitalism," where firms extract and monetize behavioral predictions to 

the detriment of autonomy and privacy. Shoshana Zuboff’s work highlights the societal 

implications of behaviorally targeted business models, including power asymmetries and 

manipulative design possibilities. Ethical marketing requires balancing personalization 

benefits with respect for consumer agency and transparent data practices.  

7.2 Regulation: GDPR and global data protection regimes 

Regulations such as the EU’s General Data Protection Regulation (GDPR) (2016/679) impose 

legal requirements around lawful basis for processing, data minimization, transparency, and 

data subject rights (access, erasure). For platforms and advertisers operating globally, GDPR 

and analogous laws constrain data-driven personalization techniques and require stronger 

compliance, documentation, and in some cases, limitations on profiling. GDPR has direct 

implications for model design (explainability, purpose limitation) and for marketer obligations 

around consent for ad personalization.  

7.3 Algorithmic transparency and fairness 

Opaque ranking and ad allocation create risks of biased outcomes, discriminatory targeting, 

and unequal exposure. Calls for algorithmic audits, transparency reporting, and independent 

research have grown stronger; platforms, in response, have begun establishing transparency 

centers and independent research programs, though the sufficiency of these measures remains 

contested. Academic work also identifies technical remedies (fairness constraints, 

counterfactual evaluation) but emphasizes tradeoffs between fairness, utility, and business 

objectives.  

8. Managerial Implications and Recommendations 

Based on the empirical mapping and literature, the following recommendations are offered to 

marketing practitioners and platform managers. 

8.1 For marketing managers (brands & agencies) 

1. Prioritize creative experimentation: invest in rapid creative cycles and treat creative 

as a testable asset. DCO and algorithmic selection reward high-velocities of iteration.  

2. Measure incrementally and triangulate: use platform metrics but seek cross-platform 

measurement and, where possible, independent attribution to validate business impact. 
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3. Develop algorithmic literacy: marketers should understand core ML incentives 

(engagement-maximizing objectives) to align campaign KPIs with platform objectives. 

4. Diversify acquisition: avoid single-platform dependency by balancing discovery and 

direct channels (owned media, email, CRM).  

8.2 For platform managers & policymakers 

1. Invest in transparency & independent research access: enable vetted academic 

access and publish reproducible descriptions of ranking objectives to foster trust. 

2. Balance personalization with privacy: adopt privacy-preserving ML methods 

(differential privacy, federated learning) and minimize retention where possible to 

comply with regulation and ethical expectations. 

3. Provide advertiser guardrails: enrich ad measurement with standard reporting and 

validation capabilities to reduce information asymmetry.  

9. Limitations and Future Research Directions 

This study uses public documents and secondary literature; proprietary internal metrics and 

A/B tests held by ByteDance are unavailable to outside researchers, limiting causal attribution 

of outcomes. Future empirical research should attempt (where ethical and permitted) to obtain 

platform datasets or run controlled field experiments with cooperating marketers to quantify 

effects (e.g., ROAS lift attributable to recommender optimization).  

 

Fig. 3 AI and ML in digital marketing 

Additional research areas include: 

• Causal inference in platform environments: disentangling algorithmic effects from 

content and social factors. 

• Fairness metrics for attention allocation: operationalizing what counted fairness 

means in feed-based platforms. 

• Privacy-preserving personalization: techniques that reconcile regulatory constraints 

with personalization utility. 
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• Creator-market dynamics: long-term labor and income effects of algorithmic 

discovery on creators.  

Conclusion 

AI and ML have reshaped digital marketing practices by enabling platform-scale 

personalization, real-time optimization, and creative experimentation. ByteDance exemplifies 

how deep integration of recommender engineering and product design can transform content 

discovery and commercial dynamics. For marketers, the technical affordances translate into 

new opportunities (targeted discovery, creative validation, efficient bidding) and new risks 

(platform dependency, privacy concerns). Scholarly inquiry and policy effort must keep pace 

with industry deployment: a balanced agenda should maximize consumer value while 

safeguarding rights and competitive markets. 
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