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Introduction
The technical and economic logic of digital commerce has 

changed. This transition is also part of a broader restructur-
ing of digital and social media marketing research, where data 
access, platform governance, and AI-mediated personaliza-
tion have become central rather than peripheral concerns 
(Dwivedi et al., 2021). For roughly two decades, the dominant 
paradigm assumed that more data centralization would reli-
ably produce better personalization, more precise advertis-
ing, stronger attribution, and lower customer acquisition cost. 
Recommendation engines, bidding systems, and marketing 
analytics were therefore designed around the continuous ex-

traction and fusion of behavioral traces across sites, devices, 
and application contexts. That model is now under pressure 
from multiple directions. Privacy regulation has expanded the 
compliance burden surrounding personal data processing; 
platform policies have restricted tracking and identi�ier shar-
ing; consumers have become more aware of surveillance-ori-
ented advertising; and �irms increasingly face the reputa-
tional and operational costs of building AI systems on data 
practices that are dif�icult to justify or audit (Boerman et al., 
2017; Dinev et al., 2013; Morimoto, 2021; Truong et al., 
2021). As a result, digital commerce has moved into a stage in 
which the central challenge is no longer only how to optimize 
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AI models, but how to construct AI infrastructures that re-
main effective under privacy, governance, and interoperabil-
ity constraints.

This shift is especially consequential because digital com-
merce is structurally heterogeneous. Data relevant to a single 
commercial decision can be distributed across retailers, mar-
ketplaces, social platforms, creators, payment intermediaries, 
analytics providers, and cloud services. A recommendation 
model may depend on on-site browsing, purchase history, in-
ventory states, content metadata, and social signals. An adver-
tising system may combine audience estimation, creative se-
lection, attribution, fraud detection, and budget allocation. A 
creator monetization work�low may require audience match-
ing, engagement prediction, content moderation, revenue al-
location, and contractual auditability. In each case, the techni-
cal object is not a single model but a socio-technical pipeline 
embedded in a wider platform ecosystem (Hein et al., 2020; 
Mukhopadhyay & Bouwman, 2019). This is why privacy-pre-
serving AI in commerce cannot be understood merely as the 
addition of a privacy mechanism to an otherwise unchanged 
system. It entails redesigning the infrastructure through 
which data, incentives, models, and accountability are coordi-
nated.

Research on trustworthy AI has reinforced this broader 
view. Surveys and policy-oriented syntheses increasingly ar-
gue that trustworthy AI is not exhausted by fairness or ex-
plainability at the model level; it also includes robustness, 
traceability, responsibility allocation, and risk management 
across the system life cycle (Corrêa et al., 2023; Dıáz-Ro-
drıǵuez et al., 2023; Laux et al., 2024; Lewis & Moorkens, 
2020; Tabassi, 2023). In digital commerce, these issues are in-
tensi�ied by commercial imperatives. Firms want more granu-
lar measurement, faster experimentation, and scalable per-
sonalization, while regulators and users demand minimiza-
tion, transparency, and control. The resulting tension cannot 
be resolved by normative statements alone. It requires archi-
tectures capable of combining privacy preservation with com-
mercially usable outputs.

Federated learning has become a prominent candidate be-
cause it allows multiple parties or devices to train shared 
models without directly pooling raw data (Cheng et al., 2020; 
Kairouz et al., 2021). Yet federated learning by itself does not 
solve the underlying commerce problem. Distributed training 
still leaves questions about leakage from gradients, partici-
pant heterogeneity, personalization quality, veri�ication, con-
tent governance, and downstream measurement. Differential 
privacy can limit leakage, but often at the cost of utility (Abadi 
et al., 2016; Wei et al., 2020). Secure aggregation can reduce 
exposure of participant updates, but it complicates orchestra-
tion and operational resilience (Bonawitz et al., 2017). Zero-
knowledge proofs and related cryptographic mechanisms can 
improve veri�ication and accountability, but they introduce 
complexity and latency that many commerce systems are not 
designed to absorb (Sun et al., 2021). In short, privacy-pre-
serving AI for commerce is modular, not monolithic.

The importance of this problem is ampli�ied by two busi-
ness trends. First, commerce journeys are now inherently 
cross-channel. Consumers move between search, social feeds, 

creator content, marketplaces, merchant websites, loyalty ap-
plications, and physical channels. Measurement and attribu-
tion have therefore become more dif�icult at exactly the mo-
ment when identi�iers are less stable. The classical attribution 
problem, already dif�icult in pay-per-conversion settings, has 
become more severe in privacy-constrained environments 
(Jordan et al., 2011). Second, small and medium-sized busi-
nesses increasingly rely on external AI infrastructures rather 
than internal data science teams. This expands the relevance 
of multi-tenant architectures, standardized recommendation 
and measurement APIs, and platform-level governance mech-
anisms that can lower adoption barriers while embedding 
compliance and auditability into default work�lows (Arnold et 
al., 2022; Gieß & Hutterer, 2025; Xue et al., 2019).

Against this background, the present review treats pri-
vacy-preserving and trustworthy commerce AI as an inte-
grated infrastructure domain. It does not approach recom-
mendation, advertising, attribution, creator monetization, 
and SMB enablement as separate literatures that only happen 
to share some methods. Instead, it examines how these func-
tions become interdependent once privacy constraints limit 
frictionless data pooling. The review makes three contribu-
tions. First, it synthesizes the technical stack of federated 
learning, differential privacy, secure aggregation, and zero-
knowledge veri�ication in terms of their relevance for com-
merce rather than in purely generic machine learning terms. 
Second, it links privacy-preserving learning to cross-channel 
measurement and social advertising, two domains where 
commercial value depends on the controlled recovery of sig-
nal from partially observable environments. Third, it shows 
why trustworthy AI in commerce must be operationalized at 
the platform architecture and governance level, especially for 
SMB-focused ecosystems.

The rest of the paper follows this logic. Section 2 de�ines 
the main commerce scenarios and explains why they generate 
distinct data topologies and privacy risks. Section 3 reviews 
the core privacy-preserving technical stack. Section 4 ad-
dresses cross-channel measurement and attribution in a post-
cookie environment. Section 5 examines social commerce ad-
vertising and the creator economy. Section 6 analyzes trust-
worthy AI platforms for SMBs. Section 7 discusses gover-
nance, standards, and accountability. Section 8 concludes 
with a research agenda centered on the balance between pri-
vacy, utility, and commercial implementability.

Scenario Decomposition
Digital commerce is frequently described as a uni�ied do-

main, but the infrastructural requirements of its main AI tasks 
differ sharply. A useful review must therefore begin by distin-
guishing scenarios according to their decision objects, data 
topology, latency requirements, and regulatory exposure. Five 
scenarios are especially central: recommendation, advertising 
delivery and targeting, cross-channel measurement and attri-
bution, creator monetization, and platformized AI services for 
SMBs.

Recommendation remains the most mature commerce AI 
application. It includes product ranking, bundle suggestion, 
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personalized search, media selection, and retention-oriented 
recommendation. The modern literature emphasizes increas-
ingly complex representations, including graph neural net-
works, cross-domain transfer, and self-supervised learning 
(Chen et al., 2025; Gao et al., 2023; Sharma et al., 2024). How-
ever, the privacy problem in recommendation is unusually 
acute because consumer preference data are both economi-
cally valuable and behaviorally intimate. Historical work on 
privacy-preserving recommender systems focused on 
anonymization, obfuscation, or cryptographic computation 
(Checco et al., 2017; Sweeney, 2002; Wang et al., 2018). More 
recent work shifts toward federated recommendation, where 
interaction data remain local to users, enterprises, or do-
mains while models are coordinated centrally or semi-cen-
trally (Asad et al., 2023; Kalloori & Klingler, 2021; Luo et al., 
2024; Qin et al., 2021). The central trade-off is that preserving 
locality often worsens sparsity, non-IID data problems, and 
personalization dif�iculty.

Advertising delivery and targeting form a second scenario. 
Here the key task is not simply ranking items but matching 
audiences, contexts, and creatives under auction-like or bud-
get-constrained conditions. Behavioral advertising research 
has long shown that performance depends on the availability 
of reliable behavioral features and identity linkage, but these 
same features trigger privacy concern, persuasion resistance, 
and trust deterioration when consumers perceive tracking as 
intrusive (Boerman et al., 2017; Carlson et al., 2022; Jiang et 
al., 2013). In social media settings, personalization also inter-
acts with platform-speci�ic motivations and trust perceptions, 
which means that advertising effectiveness depends not only 
on the accuracy of targeting but on the legitimacy of the tar-
geting process itself (Carlson et al., 2022; Morimoto, 2021). 
Privacy-preserving advertising therefore requires both a tech-
nical solution to audience estimation and an institutional so-
lution to perceived manipulation.

Cross-channel measurement and attribution constitute a 
third scenario and should not be reduced to a reporting prob-
lem. In digital commerce, �irms optimize campaigns, recom-
mendations, and incentives on the basis of measured down-
stream outcomes. When user journeys span multiple chan-
nels, devices, and actors, the absence of stable identi�iers cre-
ates measurement loss: some conversions cannot be linked, 
some touchpoints cannot be sequenced, and some causal con-
tributions cannot be isolated. The attribution literature al-
ready identi�ied the dif�iculty of assigning value across multi-
ple ad exposures and interactions even before current privacy 
restrictions (Jordan et al., 2011). The contemporary challenge 
is more severe because signal loss is now built into the envi-
ronment. Privacy-preserving conversion measurement, se-
cure aggregation of event counts, and differentially private re-
porting are increasingly central to campaign optimization 
rather than supplementary safeguards (Delaney et al., 2024; 
Farahat et al., 2009; Zhong et al., 2022).

Creator monetization forms a fourth scenario, especially 
within social commerce and in�luencer-led retail. In this set-
ting, the economic unit is often neither the platform alone nor 
the merchant alone, but a triangular relationship among cre-
ators, audiences, and commercial sponsors. The relevant AI 

tasks include audience matching, engagement prediction, 
conversion estimation, content recommendation, fraud or 
manipulation detection, and revenue allocation. Research on 
in�luencer and live-streaming commerce shows that con-
sumer response is mediated by credibility, parasocial rela-
tionships, platform affordances, and the perceived authentic-
ity of content (Bargoni et al., 2023; Bi & Zhang, 2023; Libai et 
al., 2025; Teng et al., 2022; Xue & Liu, 2023). This complicates 
privacy-preserving design because the system must often in-
fer high-value audience segments from interactional signals 
that are socially embedded and partly creator-speci�ic. The 
result is a need for architectures that can support monetiza-
tion without forcing creators to surrender comprehensive au-
dience-level data to centralized intermediaries.

The �ifth scenario is AI-as-infrastructure for SMBs. Most 
small �irms cannot build proprietary recommender systems, 
privacy engineering pipelines, or governance functions. They 
rely on platforms that expose standardized APIs for recom-
mendation, campaign management, analytics, catalog enrich-
ment, or content moderation. From a systems perspective, 
SMB adoption depends on whether these services can be of-
fered in a multi-tenant form that is suf�iciently modular, inter-
operable, and compliant. Research on digital platform ecosys-
tems shows that value creation depends on orchestrating 
complementors through shared interfaces and governance 
rules rather than merely providing software functionality 
(Hein et al., 2020; Mukhopadhyay & Bouwman, 2019; Xue et 
al., 2019). Recent platform research also highlights the impor-
tance of data architecture, modularity, and governance in 
shaping who can participate and under what conditions 
(Arnold et al., 2022; Gieß & Hutterer, 2025). Trustworthy AI 
for SMBs is therefore not only a matter of offering “responsi-
ble” models; it is a matter of packaging compliance, auditabil-
ity, and privacy guarantees into accessible infrastructure.

These scenarios share some common technological primi-
tives, but their data topologies differ. Recommendation often 
involves horizontally partitioned user-interaction data or 
cross-domain preference transfer. Advertising may combine 
platform-side audience estimates with merchant-side conver-
sion signals. Attribution connects event logs generated across 
multiple systems. Creator monetization adds relational data 
between creators and audiences, as well as platform-speci�ic 
content signals. SMB services require multi-tenant separa-
tion, tenant-speci�ic policy controls, and standard interfaces 
that can bridge heterogeneous tools. Vertical federated learn-
ing is relevant when distinct organizations hold different fea-
tures about overlapping user sets, while horizontal federated 
learning is more natural when participants hold similar fea-
tures over disjoint populations (Khan et al., 2025; Kalloori & 
Klingler, 2021). Cross-silo and cross-device settings therefore 
have different security and orchestration implications.

A scenario-based view also clari�ies why the privacy ques-
tion cannot be resolved by abstract “compliance” language. 
The same privacy mechanism can be appropriate in one sce-
nario and inadequate in another. For example, local differen-
tial privacy may be tolerable for aggregate measurement but 
too destructive for personalized recommendation. Secure ag-
gregation may protect participant updates in cross-silo learn-
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ing but still leave unresolved questions about malicious 
clients or biased participation. Zero-knowledge proofs may be 
particularly valuable where revenue sharing or creator com-
pensation requires veri�iable accounting, but less necessary 
in low-stakes catalog ranking. A useful commerce architecture 
must therefore map privacy tools to scenario-speci�ic func-
tional requirements. Table 1 summarizes the scenario logic 
used in this review.

The remainder of the review builds on this scenario differ-
entiation by examining how privacy-preserving technologies 
can be assembled into commerce-speci�ic infrastructures.

Privacy-Preserving Technical Stack
The privacy-preserving technology stack relevant to digi-

tal commerce is best understood as layered. Federated learn-
ing determines where model training occurs and how updates 
are coordinated. Differential privacy constrains what can be 
inferred from outputs or intermediate updates. Secure aggre-
gation protects the visibility of participant-level updates dur-
ing coordination. Zero-knowledge proofs and related crypto-
graphic techniques support veri�ication and accountability. 
Each layer addresses a different failure mode, and none is suf-
�icient on its own.

Federated learning as an infrastructural rather 
than purely algorithmic choice

Federated learning emerged as a response to the concen-
tration of data in centralized machine learning pipelines. In-
stead of moving raw data to a single repository, participants 
compute local updates that are then aggregated into a shared 
model (Cheng et al., 2020; Kairouz et al., 2021). This basic 
idea is attractive for commerce because merchants, platforms, 
creators, and user devices often have incentives not to share 
raw data. Federated learning can preserve local data resi-
dency while still enabling collective model improvement.

Yet the relevance of federated learning to commerce de-
pends on deployment form. Cross-device federated learning is 
suitable when the primary participants are consumer devices, 
for example in on-device ranking or personalized content se-
lection. Cross-silo federated learning �its settings where par-
ticipants are institutions, such as merchants collaborating 

with an advertising network or multiple brands joining a re-
tail media platform. Horizontal and vertical federated learn-
ing further distinguish whether parties hold similar feature 
spaces over different users or different feature spaces over 
overlapping users (Kalloori & Klingler, 2021; Khan et al., 
2025). These distinctions matter because the operational 
problems differ. Cross-device settings face high churn, weak 
trust assumptions, and device heterogeneity. Cross-silo set-
tings face stronger governance and contractual issues, but 
usually enjoy more stable participation and richer local com-
putation.

For recommender systems, federated learning is appealing 
because interaction histories are especially privacy-sensitive. 
Surveys show rapid growth in federated recommendation, in-
cluding matrix factorization, neural recommendation, graph-
based models, and personalized federated strategies (Asad et 
al., 2023; Kalloori & Klingler, 2021; Luo et al., 2024; Qin et al., 
2021). At the same time, several technical obstacles remain 
persistent. First, user behavior data in commerce are highly 
non-IID. Consumers differ across language, category prefer-
ence, price sensitivity, and channel use, which makes global 
models unstable. Second, sparse and long-tail item spaces 
create dif�iculties when local clients only observe tiny slices of 
the inventory. Third, recommendation quality often depends 
on rich side information, some of which may be distributed 
across merchants, platforms, and content systems rather than 
concentrated on a single device. These problems mean that 
federated learning must often be combined with personaliza-
tion layers, cross-domain transfer, or graph-aware represen-
tations (Chen et al., 2025; Gao et al., 2023; Sharma et al., 
2024).

Federated learning also creates new attack surfaces. Even 
when raw data stay local, model updates can leak informa-
tion, and malicious participants can poison training or infer 
sensitive attributes. Surveys consistently identify gradient 
leakage, inference attacks, poisoning, backdoors, and free-rid-
ing as major risks (Gosselin et al., 2022; Jere et al., 2021; 
Mothukuri et al., 2021; Papadopoulos et al., 2021). For com-
merce applications, these risks are not only technical. An ad-
versarial merchant could manipulate shared recommenda-
tion training; a platform participant could attempt to infer the 
strategic value of another tenant’s audience; or a creator-side 

Scenario Main AI task Data topology Primary privacy risk Main infrastructure implication

Recommendation Ranking, retrieval, 
personalization

User- or domain-local 
interaction data

Preference leakage, re-
identification, profiling

Federated recommendation, privacy-
aware personalization

Social advertising Audience matching, bidding, 
creative optimization

Platform-side behavioral 
traces plus merchant 
outcomes

Opaque targeting, cross-
context tracking

Privacy-preserving targeting and 
reporting

Cross-channel 
measurement

Attribution, lift analysis, 
conversion counting

Event logs across channels 
and devices

Linkage risk, unverifiable 
conversion claims

Secure aggregation, DP reporting, 
auditable measurement

Creator monetization Matching sponsors, 
audiences, and content

Creator-specific audiences 
plus platform interaction 
graphs

Centralized exposure of 
audience value

Verifiable revenue sharing and 
protected audience analytics

SMB platform services
Model hosting, 
recommendation APIs, 
content governance

Multi-tenant enterprise data 
and policy settings

Tenant leakage, inconsistent 
compliance

Trustworthy multi-tenant architecture 
and standardized APIs

Table 1 | Core digital commerce scenarios and their infrastructural implications
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application could introduce distorted engagement signals. 
Consequently, federated learning should be seen not as a pri-
vacy guarantee but as a controlled redistribution of where 
risk appears.

Differential privacy and the pricing of privacy loss
Differential privacy provides a mathematically explicit 

way to limit the impact of any single record on released out-
puts or model parameters (Dwork, 2006). In practice, it is rel-
evant to commerce for three broad reasons. First, it can re-
duce the likelihood that recommendation, advertising, or 
measurement outputs expose identi�iable behavior. Second, it 
provides a language of privacy budgets that can be docu-
mented and governed. Third, it allows organizations to com-
municate formal guarantees in settings where informal assur-
ances about “anonymization” have become unreliable.

The introduction of differential privacy into deep learning 
made these ideas operational for modern models, although 
often with substantial utility trade-offs (Abadi et al., 2016). In 
federated settings, the utility-privacy trade-off is further com-
plicated by client heterogeneity, communication limits, and 
the fact that noise may be inserted at local or aggregate stages 
(Wei et al., 2020). For commerce, the key question is not 
whether differential privacy can be added, but where in the 
pipeline it is most valuable. Local differential privacy offers 
stronger participant-side protection but often destroys �ine-
grained signal needed for personalization. Central differential 
privacy, applied after secure aggregation, can preserve more 
utility but requires stronger trust in the aggregation server or 
protocol. Aggregate reporting tasks such as campaign mea-
surement may tolerate higher noise than item-level ranking 
or dynamic pricing decisions.

The privacy budget perspective is particularly useful for 
commerce governance. Recommendation, targeting, and mea-
surement are not one-time computations; they are recurring 
processes that consume privacy budget across repeated re-
leases, experiments, and reporting intervals. A �irm that runs 
continuous campaign attribution, creator analytics, and user 
segmentation needs an accounting framework for cumulative 
privacy loss. This links privacy engineering to platform gover-
nance: privacy budgets are not only mathematical objects but 
resource-allocation decisions shaped by business priorities. 
Surveys on privacy-preserving federated learning show that 
practical deployments must decide which outputs are worth 
preserving at higher �idelity and which can absorb more noise 
(Gu et al., 2023; Truong et al., 2021). In that sense, differential 
privacy is also a managerial instrument.

Secure aggregation and the hidden middle layer of 
trust

Secure aggregation protects the con�identiality of individ-
ual participant updates during federated coordination. The 
canonical design goal is that the server should learn only the 
aggregate sum of client updates, not the update of any single 
client (Bonawitz et al., 2017). In commerce, this is critical 
when multiple organizations jointly train models or contrib-
ute outcome events. Without secure aggregation, federated 

learning may offer only super�icial privacy because the coor-
dinating party can inspect participant-level gradients.

Secure aggregation is especially relevant to cross-channel 
measurement. If advertisers, platforms, merchants, and ana-
lytics providers each contribute event signals, a naıv̈e aggre-
gation system can expose partner-level conversion patterns 
or strategic performance information. Privacy-preserving 
event reporting and frequency management were already rec-
ognized in earlier online advertising work (Farahat et al., 
2009). The current environment strengthens the case for se-
cure aggregation because direct identi�ier-level matching is 
both harder and more controversial. Measurement systems 
increasingly need to recover aggregate signal while hiding 
participant-speci�ic detail.

However, secure aggregation is often treated as a neutral 
technical layer when it is actually a design choice with gover-
nance implications. The protocol determines fault tolerance, 
dropout handling, communication burden, and the point at 
which trust is centralized. In cross-silo commerce systems, 
these operational details affect participation. Small mer-
chants or creators may not tolerate protocols that are too 
costly or brittle. Thus, secure aggregation should be evaluated 
not only in cryptographic terms but in infrastructural terms: 
who can realistically join, who controls orchestration, and 
what evidence of correct execution is available.

Zero-knowledge proof, verification, and 
accountable commerce AI

Zero-knowledge proofs (ZKPs) are usually discussed in 
blockchain contexts, but their relevance to commerce AI lies 
more broadly in veri�iable computation and accountability. A 
zero-knowledge protocol allows one party to prove that a 
statement is true without revealing the underlying secret in-
formation (Sun et al., 2021). In commerce infrastructures, this 
can support claims such as: a conversion count was computed 
according to an agreed protocol; a revenue share was allo-
cated using an approved formula; a participant satis�ied eligi-
bility conditions without disclosing raw data; or a model-
serving process complied with a de�ined policy rule.

This is particularly salient in creator monetization and 
federated advertising. Creators often depend on platform-
provided analytics to assess sponsorship value and payout 
fairness. Merchants depend on platforms to report audience 
quality and conversions. When raw logs cannot be disclosed 
for privacy or proprietary reasons, veri�ication becomes dif�i-
cult. ZKPs do not solve all of these problems, but they provide 
a route toward auditable claims without full data exposure. 
Their main limitation is practical: proof generation and veri�i-
cation impose computational costs, and integration into real-
time or near-real-time systems is still complex.

Architectural composition and trade-offs
The main analytical point is that commerce systems 

should not select privacy tools one by one in isolation. The 
functional unit is a composed stack. Federated learning ad-
dresses data locality; differential privacy constrains inferen-
tial exposure; secure aggregation protects intermediate coor-
dination; ZKPs support veri�ication; and API-level governance 
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structures determine how these components are exposed to 
tenants and partners. Research on privacy-preserving recom-
mendation-as-a-service and privacy-aware commercial AI 
points toward this compositional logic, even when implemen-
tation details vary (Wang et al., 2018; Papadopoulos et al., 
2021). Table 2 summarizes the main roles and trade-offs of 
these primitives.

The literature suggests that utility-preserving privacy in 
commerce will not come from maximizing any single tech-
nique. Instead, it will come from designing a stack whose 
components are matched to the information requirements 
and trust assumptions of speci�ic scenarios. This point be-
comes clearer once we turn from training infrastructure to 
measurement infrastructure.

Cross-Channel Measurement and 
Attribution in A Post-Cookie Environment

Cross-channel measurement is the point at which privacy 
preservation most visibly collides with commercial decision 
making. Recommendation and targeting models are valuable 
because they in�luence outcomes, but �irms cannot justify 
continued investment without measurement. Once identi�iers 
become unstable and event-level linkage becomes con-
strained, campaign optimization, budget allocation, and chan-
nel evaluation all degrade. The core question is therefore not 
simply how to measure less invasively, but how to reconstruct 
enough signal for action while respecting data minimization.

The attribution literature identi�ied the dif�iculty of as-
signing conversion credit long before today’s privacy restric-
tions. In pay-per-conversion advertising, multiple exposures 
may contribute jointly to a conversion, making straightfor-
ward last-touch accounting strategically misleading (Jordan 
et al., 2011). The contemporary setting adds two new compli-
cations. First, observable user paths are incomplete because 
tracking is fragmented across browsers, applications, plat-
forms, and walled gardens. Second, even when data exist 
somewhere in the system, they may not be legally or contrac-
tually combinable. This transforms attribution from an econo-
metric challenge into an infrastructural one.

One response is to shift attention from user-level trace-
ability to privacy-preserving aggregate measurement. Recent 
work on ad conversion measurement develops differentially 
private mechanisms that release aggregate campaign statis-
tics while bounding privacy leakage (Delaney et al., 2024). 
Similar efforts in advertising security propose privacy-pre-
serving conversion tracking and bidding protocols that allow 
parties to optimize campaigns without fully exposing conver-
sion logs (Zhong et al., 2022). Historically, even comparatively 
narrow tasks such as frequency capping generated privacy 
concerns because they required maintaining exposure histo-
ries (Farahat et al., 2009). The current research frontier gen-
eralizes this insight: almost every useful advertising metric 
depends on linking behavior over time, which means privacy-
preserving measurement must selectively reconstruct just 
enough linkage to support action.

This requirement produces measurement loss, a concept 
that is useful even when different papers use different termi-
nology. Measurement loss refers to the gap between true 
causal or transactional activity and what the system can legit-
imately and technically observe. In commerce, this loss has 
four dimensions. First, identity loss occurs when the system 
cannot reliably connect touchpoints to the same user. Second, 
path loss occurs when intermediate interactions are not visi-
ble. Third, outcome loss occurs when conversions happen in 
contexts not observable to the measurement partner. Fourth, 
semantic loss occurs when privacy-preserving aggregation re-
moves detail needed to interpret heterogeneous conversions. 
Differential privacy can protect against leakage, but it also en-
larges semantic loss if the released outputs are too coarse. Se-
cure aggregation can hide local contributions, but it does not 
guarantee causal interpretability. This is why privacy-pre-
serving measurement must be paired with careful metric de-
sign.

A second response is to redesign incentives around partial 
observability. If the system cannot perfectly observe every 
conversion path, then contracts and optimization rules must 
be robust to incomplete measurement. This insight has prac-
tical relevance in creator commerce and af�iliate-like settings, 
where payout formulas may depend on noisy or delayed attri-
bution. Platform ecosystems can reduce con�lict by using 

Building block Primary function Commerce use cases Main strengths Main limitations

Federated learning Distributed model training
Recommendation, audience 
modeling, shared fraud 
detection

Preserves data locality; 
enables multi-party learning

Non-IID data, communication 
overhead, attack surface

Differential privacy Formal privacy guarantee 
through controlled noise

Reporting, analytics, 
recommendation training, 
measurement

Quantifiable privacy budget; 
useful for governance

Utility loss; difficult budget 
allocation across repeated tasks

Secure aggregation
Hides participant-level 
updates during 
coordination

Federated training, 
conversion counting, partner 
reporting

Reduces visibility of local 
updates

Protocol complexity; orchestration 
burden; dropout handling

Zero-knowledge proof Verifiable computation 
without revealing raw data

Payout verification, 
conversion claims, 
compliance checks

Supports auditability under 
data minimization

Computation cost; integration 
complexity

Standardized APIs and 
policy layers

Controlled exposure of 
model and analytics 
functions

SMB enablement, platform 
orchestration, tenant 
governance

Scalability, interoperability, 
embedded compliance

Requires mature governance and 
version control

Table 2 | Privacy-preserving building blocks for commerce AI
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standardized reporting protocols and clearly documented 
con�idence intervals or eligibility rules, rather than pretend-
ing that privacy-preserving measurement is exact. The prob-
lem is not only technical uncertainty but contestability. When 
merchants, creators, and platforms do not share raw logs, 
they need rules for how approximate measurement enters 
billing, budgeting, and compensation.

A third response is to exploit structured forms of distrib-
uted learning and matching. Vertical federated learning is po-
tentially relevant when different organizations hold comple-
mentary features about overlapping user sets, such as plat-
form-side engagement features and merchant-side purchase 
outcomes (Khan et al., 2025). Federated cross-domain recom-
mendation and federated rating prediction also illustrate how 
signal can be transferred across domains without unre-
stricted data pooling (Wu et al., 2022). These approaches are 
not measurement systems in the narrow sense, but they show 
how cross-channel information can be leveraged under parti-
tioned data conditions. The limitation is that overlap resolu-
tion and identity correspondence remain dif�icult, especially 
when privacy constraints forbid explicit linkage.

The measurement problem is therefore best understood 
as a trade space among �idelity, privacy, and veri�iability. High-
�idelity user-level attribution maximizes optimization value 
but creates the greatest exposure. Strong privacy with heavy 
noise or coarse aggregation minimizes exposure but may be 
too weak for commercial action. Veri�iable protocols improve 
trust but can slow deployment. A privacy-preserving com-
merce system must choose a point in this trade space based 
on decision purpose. Strategic budget allocation across chan-
nels may tolerate aggregate reporting with uncertainty 
bounds. Real-time bidding and creative optimization may re-
quire more granular proxies. Creator compensation may re-
quire auditable but delayed settlement rather than instanta-
neous perfect attribution.

Behavioral research further indicates that measurement 
design shapes trust. Consumers’ privacy concerns are not 
driven solely by formal data collection volume, but by per-
ceived loss of control, opacity, and manipulative intent 
(Chaudhuri et al., 2023; Dinev et al., 2013; Jiang et al., 2013). 
Thus, privacy-preserving measurement can have indirect 
commercial bene�its if it reduces the perception that advertis-
ing relies on hidden surveillance. At the same time, if report-
ing becomes too opaque or technically obscure, merchants 
and creators may distrust the platform instead. The design 
task is therefore dual-facing: measurement must be privacy-
legible to users and accountability-legible to business partici-
pants.

The literature suggests several research priorities. First, 
more work is needed on the interaction between differential 
privacy parameters and business decision quality in realistic 
campaign settings. Second, attribution models should explic-
itly incorporate observability constraints rather than treating 
missingness as a nuisance. Third, privacy-preserving mea-
surement systems need stronger audit layers, potentially in-
cluding cryptographic proofs of correct aggregation or rule 
execution. Fourth, incentive-compatible contracts are needed 
for settings where measurement is approximate by design. 

Privacy-preserving measurement is therefore not a residual 
technical adjustment to post-cookie advertising; it is becom-
ing the central coordination mechanism through which digital 
commerce decides what counts as performance.

A recent preprint by Yi (2026a) is illustrative here. It pro-
poses a federated and differentially private framework for 
cross-channel measurement that explicitly integrates Topics 
and Protected Audience on the web side with Attribution Re-
porting and SKAdNetwork on the app side, while linking mea-
surement to incentive allocation for SMB advertisers. Because 
the work is currently a preprint, it should be interpreted cau-
tiously. Even so, it is directly relevant to this review because it 
treats post-cookie measurement as a joint problem of privacy 
budgeting, channel harmonization, and decision support 
rather than as a narrow reporting task.

Social Commerce Advertising and The 
Creator Economy

Social commerce and the creator economy have trans-
formed the structure of advertising by embedding persuasion, 
discovery, and transaction inside relationship-rich media en-
vironments. In conventional display advertising, targeting 
and measurement are often discussed as relatively separate 
layers. In creator commerce, they are intertwined. The value 
of an impression depends not only on who sees it but on who 
delivers it, how the content is framed, what platform norms 
govern disclosure, and how conversion is attributed across 
social and transactional touchpoints. This makes privacy-pre-
serving design especially dif�icult.

Research in marketing and interactive media shows that 
creator in�luence depends on credibility, perceived similarity, 
parasocial interaction, and the alignment between message 
form and platform culture (Bi & Zhang, 2023; Carlson et al., 
2022; Teng et al., 2022). Consumers often respond to creators 
not as interchangeable ad inventory but as trusted or quasi-
relational intermediaries. In live-streaming and ecosystem-
based analyses of social selling, value creation �lows through 
interactions among platforms, anchors, brands, and audi-
ences rather than through one-directional promotion alone 
(Xue & Liu, 2023). Recent synthesis work on the creator econ-
omy similarly emphasizes that value chains are multi-actor 
systems involving platforms, creators, advertisers, agencies, 
and analytics providers (Libai et al., 2025). This means that 
the data generated in creator commerce are relational, con-
textual, and partially co-produced.

From a privacy perspective, this relationality matters in 
two ways. First, creator audiences are strategic assets. Plat-
forms and brands want to infer which audiences are likely to 
convert, but creators may resist architectures that fully ex-
pose their audience data because those data underpin bar-
gaining power. Second, consumers may accept creator recom-
mendations partly because they perceive them as socially sit-
uated rather than purely algorithmic. Excessively invasive tar-
geting can undermine that perception and erode trust. The 
problem is therefore not simply how to protect user privacy, 
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but how to preserve the autonomy and informational position 
of intermediaries within the commerce ecosystem.

Federated and privacy-enhancing methods are relevant 
because they can decouple shared model improvement from 
unrestricted data access. Audience modeling or recommenda-
tion for creator-brand matching could, in principle, be trained 
across creators, merchants, or platforms without centralizing 
all raw interaction data. Surveys of federated recommenda-
tion and privacy enhancement suggest that this is technically 
plausible, particularly where participants have partially 
aligned objectives but do not want to share raw histories 
(Asad et al., 2023; Gosselin et al., 2022; Papadopoulos et al., 
2021). Yet social commerce introduces additional complica-
tions. Engagement signals can be noisy, strategic, and vulnera-
ble to manipulation. Creator-side optimization may also en-
courage gaming behaviors if payout formulas are visible but 
measurement is imperfect. Thus, privacy-preserving social 
advertising requires both learning protection and integrity 
control.

The creator economy also raises the question of revenue 
sharing and compensation veri�ication. In�luencer campaigns, 
af�iliate arrangements, and platform-mediated creator funds 
all depend on claims about reach, engagement quality, con-
versions, or downstream sales. Bargoni et al. (2023) show 
that endorsement services can affect campaign outcomes, but 
commercial value is contingent on how those services are op-
erationalized. If the creator, platform, and sponsor do not 
share raw data, disputes can arise over whether audience de-
livery and conversions were measured correctly. Here zero-
knowledge proofs or other veri�iable reporting methods may 
become useful because they allow a party to demonstrate 
compliance with an agreed formula without disclosing raw 
logs. Even when such mechanisms are not fully implemented, 
the design logic is clear: creator monetization requires pri-
vacy-preserving visibility rather than either total secrecy or 
total transparency.

Another relevant strand of literature concerns virtual in-
�luencers and platform-mediated identity. The emergence of 
virtual or AI-driven in�luencers intensi�ies privacy tensions 
because the distinction between content generation, user 
data exploitation, and synthetic persuasion becomes blurred. 
Recent work conceptualizes this through a multi-privacy 
paradox in which consumers may disclose or accept more 
than they normatively endorse under conditions of conve-
nience, entertainment, or social immersion (Liyanaarachchi 
et al., 2024). This observation has broader relevance for cre-
ator commerce. A privacy-preserving infrastructure cannot 
assume that disclosed preference is a reliable measure of in-
formed consent. Trustworthy design must therefore include 
procedural safeguards and governance constraints, not only 
predictive optimization.

There is also an asymmetry between large platforms and 
small creators or merchants. Major platforms can absorb pri-
vacy engineering costs and may internalize large-scale behav-
ioral data regardless of external restrictions. Smaller actors 
depend on whatever analytics and APIs the platform exposes. 
This suggests that trustworthy creator commerce cannot be 
evaluated solely at the �irm level; it must be assessed at the 

ecosystem level. Standardized, privacy-preserving reporting 
interfaces can improve access for smaller participants, but 
only if the platform’s governance rules also address auditabil-
ity, explainability of payout logic, and content moderation 
consistency. Otherwise, privacy discourse may simply mask 
further asymmetry in informational control.

A useful design principle is to treat audience matching, 
conversion estimation, and revenue allocation as distinct yet 
connected layers. Audience matching can often tolerate par-
tial decentralization and privacy-preserving representation 
learning. Conversion estimation may rely on differentially pri-
vate or aggregated outcome reporting. Revenue allocation 
may require explicit veri�ication and contract rules. Collaps-
ing all three into one opaque platform metric produces ef�i-
ciency in the short term but undermines long-term trust. So-
cial advertising under privacy constraints therefore bene�its 
from modularity.

The literature also points toward several open questions. 
First, little is known about how privacy-preserving advertis-
ing architectures affect creator bargaining power and market 
concentration. Second, more research is needed on fairness in 
creator recommendation and monetization when audience 
data are unevenly observable. Third, current work still under-
speci�ies how content governance and privacy protection in-
teract. A platform may privacy-protect user data while still 
recommending harmful or misleading commercial content. 
Finally, the boundary between recommendation and advertis-
ing becomes increasingly blurred in creator ecosystems, sug-
gesting that governance categories inherited from earlier dig-
ital advertising may be analytically insuf�icient. Trustworthy 
commerce AI in this domain must therefore integrate privacy, 
content accountability, and economic veri�ication rather than 
addressing them sequentially.

A closely related 2026 article by Yi (2026c) extends this 
line of thinking to social e-commerce advertising and creator 
monetization. Its proposed combination of federated learning 
and zero-knowledge veri�ication is useful for this review not 
because it resolves the empirical question of platform fair-
ness, but because it makes explicit a crucial architectural dis-
tinction: audience modeling, ad interaction veri�ication, and 
creator payout accountability can be separated and then re-
composed. That formulation reinforces the argument ad-
vanced here that trustworthy creator commerce depends on 
privacy-preserving visibility rather than either unrestricted 
surveillance or opaque platform reporting.

Trustworthy AI platforms for SMBs
The commercial relevance of privacy-preserving AI de-

pends heavily on whether it can be operationalized for small 
and medium-sized businesses. Large technology �irms can 
build proprietary data infrastructure, privacy engineering 
teams, and internal audit capabilities. Most SMBs cannot. 
They adopt AI through platforms, software-as-a-service ven-
dors, marketplaces, and ecosystem intermediaries. The criti-
cal question is therefore how trustworthy AI can be packaged 
into multi-tenant infrastructures that are technically scalable 
and organizationally usable.
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Multi-tenant architecture is central because SMB-facing 
systems must serve many organizations with limited cus-
tomization cost. Yet multi-tenancy creates its own privacy and 
governance problems. Tenant data must be logically or cryp-
tographically separated; model improvements may need to be 
shared without leaking competitive information; policy con-
trols must vary across sectors and jurisdictions; and audit 
logs must remain intelligible to clients who are not AI special-
ists. Architectural work on platforms and industrial data in-
frastructures shows that modularity, orchestration logic, and 
interface design strongly shape adoption and control (Arnold 
et al., 2022; Gieß & Hutterer, 2025; Hein et al., 2020). In com-
merce AI, the same principle applies. A platform that merely 
offers an API endpoint for “recommendation” without gover-
nance metadata, logging, and privacy options is not providing 
trustworthy infrastructure; it is externalizing governance 
burdens to the least capable actors.

Standardized APIs occupy a strategic position in this archi-
tecture. They translate complex learning, ranking, and mea-
surement processes into callable services for merchants, cre-
ators, and app developers. Research on APIs and complemen-
tor innovation shows that interface standardization can stim-
ulate external innovation, but it can also reproduce depen-
dency and copying risks when governance is weak (Xue et al., 
2019). For privacy-preserving commerce AI, API design 
should do more than expose functionality. It should de�ine the 
permissible scope of data use, the granularity of outputs, the 
retention and deletion logic, and the audit trails associated 
with each invocation. Put differently, trustworthy AI for SMBs 
requires policy-aware APIs rather than bare prediction end-
points.

Recommendation-as-a-service provides a concrete exam-
ple. Traditional centralized services ask clients to upload user 
and item data to the provider. Privacy-preserving recommen-
dation-as-a-service aims to protect data while still enabling 
shared computation, often through distributed learning or 
cryptographic protocols (Wang et al., 2018). For SMBs, the at-
traction is clear: they can access advanced recommendation 
without building internal pipelines. But unless the service 
also supports tenant-level governance, documentation of pri-
vacy guarantees, and clear liability boundaries, adoption may 
be super�icial. The platform may be “privacy-enhancing” in a 
technical sense while remaining opaque in contractual or op-
erational terms.

Content governance is another essential component. Digi-
tal commerce increasingly depends on AI systems that rank or 
generate product descriptions, moderate user-generated re-
views, screen promotional content, and route creator materi-
als. Trustworthy infrastructure therefore requires alignment 
between privacy design and content governance. A platform 
that protects training data but fails to control harmful or non-
compliant commercial content is not trustworthy in the com-
merce sense. Conversely, aggressive moderation without due 
process or auditability can damage SMBs that depend on the 
platform for visibility. The governance challenge is to embed 
policy constraints into work�low design rather than bolting 
them onto downstream review.

This is where risk management frameworks become im-
portant. NIST’s AI RMF frames trustworthy AI through func-
tions such as govern, map, measure, and manage, emphasiz-
ing life-cycle controls rather than one-off ethical commit-
ments (Tabassi, 2023). The European trustworthy AI guid-
ance and associated assessment tools similarly move from 
principles toward operational checklists and self-assessment 
structures (High-Level Expert Group on Arti�icial Intelligence 
[HLEG], 2019, 2020). For SMB-oriented commerce platforms, 
these frameworks suggest that providers should supply gov-
ernance scaffolding as part of the service. Examples include 
con�igurable privacy budgets, model cards or service cards, 
incident reporting procedures, escalation channels, and hu-
man-review triggers for sensitive content or decisions.

A trustworthy SMB platform must also reconcile global 
shared models with tenant-speci�ic context. A generic recom-
mender or targeting model may not re�lect local catalog struc-
ture, legal obligations, or sector-speci�ic sensitivities. Feder-
ated approaches offer one route by enabling shared learning 
across tenants while keeping raw data local, but this is only 
part of the solution. Platforms also need tenant-aware policy 
layers and con�igurable governance modules. The most 
promising direction is therefore not “one model for all” but a 
layered system in which shared representation learning, ten-
ant-speci�ic �ine-tuning, privacy accounting, and rule enforce-
ment are separated but interoperable. Table 3 summarizes a 
design blueprint for trustworthy SMB AI platforms.

The SMB context highlights a broader point: trustworthy 
AI is not simply a quality of algorithms but a service design 
principle. It concerns how capabilities are exposed, con-
strained, documented, and monitored. Privacy-preserving in-
frastructures become economically meaningful only when 

Layer Design objective Key components

Data layer Protect tenant and user data while enabling 
useful learning Local storage controls, data minimization, retention policies, tenant isolation

Learning layer Support shared improvement without 
unrestricted pooling Federated learning, secure aggregation, personalization modules, attack monitoring

Measurement layer Provide actionable analytics under privacy 
constraints

Differentially private reporting, aggregate conversion measurement, confidence 
disclosure

Governance layer Make the system auditable and controllable Risk management workflows, logging, incident response, human oversight

Interface layer Lower adoption barriers for SMBs Standardized APIs, service cards, policy-aware configuration, interoperable 
documentation

Table 3 | Design blueprint for trustworthy SMB-oriented commerce AI infrastructure
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these properties are operationalized in ways that non-expert 
organizations can actually use.

On the provider side, Yi (2026b) offers a complementary 
architecture paper on trusted AI commercialization infra-
structure for SMBs. The paper emphasizes multi-tenant gov-
ernance controls, standardized recommendation APIs, incen-
tive systems, and content-governance work�lows. Its impor-
tance for the present review lies in showing that privacy 
preservation alone is insuf�icient for SMB adoption unless it is 
packaged together with auditability, reusable interfaces, and 
policy-aware service design. As with other recent architecture 
papers, the contribution is best read as a design blueprint 
rather than as settled evidence of market-wide effectiveness.

Governance and Standards
The governance debate surrounding commerce AI has ma-

tured beyond general ethical exhortation, but operational 
gaps remain signi�icant. Trustworthy AI is now commonly as-
sociated with transparency, accountability, human oversight, 
robustness, fairness, and privacy. The dif�iculty is that these 
principles are often stated at a high level while commerce sys-
tems require concrete allocations of decision rights, reporting 
duties, and technical responsibilities across multiple actors.

Large-scale reviews of AI governance guidelines show 
convergence around a limited set of principles, especially 
transparency, justice or fairness, non-male�icence, responsi-
bility, and privacy (Corrêa et al., 2023). However, the same re-
views also show fragmentation in interpretation and imple-
mentation. Commerce systems intensify this problem because 
many relevant decisions are distributed across platforms, ad-
vertisers, creators, vendors, and analytics intermediaries. A 
social advertising platform may control ranking and modera-
tion; a merchant may control pricing and campaign objec-
tives; a creator may control message framing; and a measure-
ment vendor may control attribution outputs. Governance 
therefore has to assign responsibility across a chain rather 
than inside a single organization.

Trustworthy AI scholarship increasingly argues that this 
chain perspective must be made explicit. Dıáz-Rodrıǵuez et al. 
(2023) connect AI principles to system requirements and reg-
ulation, emphasizing that trustworthy AI involves the transla-
tion of abstract norms into design controls, governance pro-
cesses, and compliance mechanisms. Laux et al. (2024) fur-
ther caution that trustworthiness should not be con�lated 
with mere acceptability of risk. This distinction matters in 
commerce because a platform may technically comply with 
risk categories while still cultivating opaque incentive struc-
tures or asymmetrical information control. Governance 
should therefore ask not only whether risk is bounded, but 
also who de�ines acceptable risk and who bears the residual 
cost when the system fails.

Transparency is often the �irst principle invoked, yet it is 
especially dif�icult to operationalize in commerce. Consumers 
do not need the same disclosure as merchants, regulators, or 
creators. Overly general notices can satisfy formal disclosure 
requirements while communicating little about actual system 
behavior. Conversely, highly technical descriptions may be un-

usable for most stakeholders. The practical lesson is that 
transparency must be role-speci�ic. Users need intelligible ex-
planations of data use and targeting logic at an appropriate 
level. Business participants need service-level information 
about measurement error, payout rules, and moderation trig-
gers. Regulators and auditors need traceable logs, documen-
tation, and evidence of policy enforcement. Trustworthy com-
merce AI therefore requires layered transparency rather than 
a single disclosure artifact.

Auditability is the next key requirement. AI audits in com-
merce should extend beyond model performance to include 
data lineage, privacy accounting, policy conformance, and dis-
pute resolution. Existing governance work and emerging au-
dit discussions indicate that standards boards, risk frame-
works, and formalized assessment procedures are increas-
ingly necessary if organizations are to move from principle 
statements to repeatable oversight (Tabassi, 2023). In digital 
commerce, audits should be able to address questions such 
as: Were conversion counts generated according to the docu-
mented privacy-preserving protocol? Were creators paid ac-
cording to the disclosed revenue-sharing rule? Were modera-
tion decisions applied consistently across comparable com-
mercial content? Was model retraining triggered by valid and 
logged inputs? These are infrastructural audit questions, not 
merely algorithmic ones.

Responsibility allocation is also changing because privacy-
preserving architectures can blur agency. When a recommen-
dation outcome results from federated updates contributed 
by many participants, or when attribution depends on se-
curely aggregated event streams, it can become harder to de-
termine who is accountable for a harmful or misleading re-
sult. Governance must therefore de�ine accountability despite 
distributed computation. One approach is to separate respon-
sibility by function: participants remain responsible for data 
lawfulness at source; orchestrators are responsible for proto-
col integrity and model governance; service providers are re-
sponsible for API behavior and documentation; and deploying 
�irms remain responsible for downstream business use. While 
such separation is imperfect, it is more realistic than treating 
“the AI system” as a singular responsible entity.

A rights-based perspective strengthens this analysis. Re-
search on trustworthy AI in social media argues that rights 
language can clarify what is at stake when commercial plat-
forms use AI to shape expression, exposure, and behavior 
(Lewis & Moorkens, 2020). In commerce, rights-based think-
ing helps connect privacy to due process, contestability, and 
freedom from manipulative opacity. This is especially impor-
tant in creator ecosystems and SMB platform dependence, 
where weaker actors may be constrained by platform-de�ined 
rules they cannot meaningfully negotiate. Governance should 
thus include appeal mechanisms, explanation pathways, and 
contractual clarity for participants, not only consumer-facing 
privacy controls.

The practical standards landscape is becoming denser. 
NIST’s AI RMF provides a �lexible but structured reference for 
organizational risk management (Tabassi, 2023). The EU’s 
trustworthy AI guidelines and assessment tools provide life-
cycle-oriented self-assessment logic (HLEG, 2019, 2020). Reg-
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ulatory developments such as the EU AI Act intensify the 
pressure to specify risk classi�ication, technical documenta-
tion, and accountability arrangements, even if debate contin-
ues regarding the relation between trustworthiness and legal 
acceptability (Laux et al., 2024). For commerce platforms, the 
implication is clear: governance cannot remain an informal 
compliance appendix. It has to be embedded in architecture, 
documentation, vendor management, and interface design.

Several unresolved issues deserve emphasis. First, privacy 
and transparency can con�lict. Strong privacy-preserving 
computation may reduce the amount of raw evidence avail-
able for audit or explanation. This increases the importance of 
protocol-level veri�ication and carefully designed logs. Sec-
ond, governance frameworks still under-address platform 
power asymmetries. A dominant platform may comply proce-
durally while imposing opaque economic dependencies on 
merchants and creators. Third, the connection between AI 
governance and content governance remains insuf�iciently 
theorized in commerce research. Commercial content rank-
ing, sponsored recommendations, and creator monetization 
all blur the line between economic infrastructure and infor-
mational governance. Finally, most current governance frame-
works are organization-centric, whereas digital commerce is 
ecosystemic. Future governance work must therefore address 
interoperability of audit artifacts, shared incident tax-
onomies, and cross-organizational accountability standards.

In summary, governance is not an external constraint on 
privacy-preserving commerce AI. It is the mechanism that de-
termines whether privacy-preserving methods become trust-
worthy infrastructures or merely technical shields around 
opaque systems.

Conclusion
This review has argued that privacy-preserving and trust-

worthy AI in digital commerce should be understood as an in-
frastructure problem. Recommendation, advertising, cross-
channel measurement, creator monetization, and SMB en-
ablement all depend on the controlled circulation of data, 
model updates, metrics, and governance signals across orga-
nizational boundaries. Privacy constraints do not eliminate 
the need for these �lows; they force them to be redesigned.

The literature shows that federated learning, differential 
privacy, secure aggregation, and zero-knowledge veri�ication 
offer a meaningful technical toolkit, but their value depends 
on how they are composed. Federated learning without gov-
ernance remains vulnerable. Differential privacy without sce-
nario-sensitive metric design can produce unusable outputs. 
Secure aggregation without veri�iability may protect data 
while undermining trust among business participants. Zero-
knowledge methods without operational integration remain 
aspirational. The most promising direction is therefore modu-
lar composition anchored in scenario-speci�ic requirements.

Three conclusions follow. First, cross-channel measure-
ment has become the strategic bottleneck of privacy-preserv-
ing commerce AI. Without credible and privacy-aware mea-
surement, �irms cannot allocate budgets, evaluate creators, or 
re�ine recommendation and advertising systems. Second, so-

cial commerce and creator monetization reveal that trustwor-
thiness is both consumer-facing and partner-facing. Privacy 
protection must coexist with auditable revenue logic, content 
governance, and role-speci�ic transparency. Third, SMB adop-
tion depends on whether trustworthy AI is embedded in 
multi-tenant platforms, standardized APIs, and governance-
by-design rather than offered as a collection of advanced but 
inaccessible technical options.

Future research should therefore move in four directions. 
One direction is quantitative evaluation of privacy-utility 
trade-offs in realistic commerce work�lows rather than in ab-
stract benchmarks alone. A second is the development of pri-
vacy-preserving measurement systems that include uncer-
tainty modeling, audit support, and incentive compatibility. A 
third is the study of ecosystem power under privacy-preserv-
ing architectures, especially whether such architectures de-
centralize control or simply repackage centralization. A 
fourth is the design of interoperable governance artifacts for 
platform ecosystems, including service cards, privacy ledgers, 
and standardized audit evidence. The next generation of digi-
tal commerce AI will be judged not only by whether it pre-
dicts well, but by whether it can produce commercially useful 
intelligence without undermining privacy, contestability, and 
accountability.
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