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Introduction 

Pharmaceutical research is increasingly computational, data-intensive, and distributed across organizations that hold 

complementary but non-interchangeable evidence. Molecular structures, assay measurements, omics profiles, imaging data, 

trial records, real-world observations, and safety reports may each contribute to a scientific or development decision, yet they 

are frequently separated by institutional ownership, contractual restrictions, jurisdictional rules, incompatible data models, and 

commercial sensitivity. Machine learning has expanded across target identification, molecular design, property prediction, 
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Pharmaceutical research increasingly depends on evidence distributed across companies, healthcare 

institutions, research networks, and jurisdictions, yet legal restrictions, commercial sensitivity, 

technical incompatibility, and patient-privacy obligations often prevent centralized data pooling. 

Privacy-preserving collaboration has therefore emerged as a possible means of learning across 

organizational boundaries while retaining data at their sources or limiting disclosure during 

analysis. However, the evidence base combines conceptually distinct technologies, heterogeneous 

validation designs, and inconsistent claims about privacy, analytical utility, and implementation 

readiness. This evidence-mapping review critically organizes recent peer-reviewed scholarship on 

federated learning, secure computation, synthetic data, and distributed analytics across 

pharmaceutical discovery, development, and safety. The review maps evidence according to the 

protected asset, exchanged artifact, application context, threat model, validation setting, 

implementation maturity, utility limitation, and translational boundary. The synthesis indicates that 

data locality can enable collaboration but does not itself constitute a complete privacy guarantee. 

Formal privacy mechanisms provide stronger protection for specified adversarial conditions, 

although their usefulness remains conditional on computational feasibility, privacy parameters, 

model performance, and organizational infrastructure. Evidence is most developed for retrospective 

modeling, molecular-property prediction, distributed clinical analysis, and cross-company 

quantitative structure–activity relationship learning. By contrast, prospective decision impact, 

independent security testing, semantic interoperability, governance evaluation, and routine 

pharmaceutical integration remain comparatively underdeveloped. The article proposes a bounded 

maturity interpretation that separates conceptual plausibility, technical feasibility, retrospective 

validation, operational piloting, and decision-integrated readiness. This synthesis is an organizing 

framework rather than a validated scoring instrument. Trustworthy pharmaceutical collaboration 

will require privacy claims to be linked explicitly to threat models, utility assessments, data 

suitability, reproducibility, governance, and the scientific consequences of model use. 
 

This is an open-access article distributed under the terms of the Creative Commons Attribution-

Non Commercial-Share Alike 4.0 License, which allows others to remix, and build upon the work 

non commercially. 

http://www.pharmacophorejournal.com/
https://doi.org/10.51847/mS21cxN933
https://creativecommons.org/licenses/by-nc-sa/4.0/
https://creativecommons.org/licenses/by-nc-sa/4.0/


Almeida et al., 2025 
Pharmacophore, 16(5) 2024, Pages 119-129 

120 

clinical development, and post-authorization evidence generation, but the scientific value of these applications remains 

dependent on the suitability, representativeness, and interpretability of the underlying data rather than on algorithmic 

sophistication alone [1]. Centralizing all relevant records is therefore neither technically straightforward nor always legally, 

ethically, or commercially acceptable. 

Federated learning has become a prominent response to this constraint because it permits participating organizations to train 

or evaluate models while retaining source records within local environments. Its importance lies not merely in avoiding a large 

central repository, but in enabling coordinated analysis across otherwise inaccessible datasets. Nevertheless, decentralization 

does not eliminate data heterogeneity, governance obligations, model leakage, infrastructure vulnerabilities, or uncertainty 

about whether collaborating institutions are solving sufficiently comparable tasks [2]. Privacy-preserving machine learning 

consequently includes a broader family of approaches, such as differential privacy, secure aggregation, homomorphic 

encryption, multiparty computation, trusted execution environments, synthetic-data generation, and distributed query systems. 

These mechanisms protect different objects against different adversaries and should not be described as equivalent forms of 

privacy protection [3]. 

The unresolved problem is therefore not whether collaboration without conventional data pooling is technically imaginable. It 

is how the evidence should be interpreted when reported studies use different meanings of privacy, different validation 

environments, and different measures of utility. In pharmaceutical research, the protected information may include proprietary 

chemical structures, confidential assay labels, target hypotheses, patient-level observations, genomic records, trial data, safety 

signals, model parameters, or organizational participation itself. A method that protects one of these assets may expose another 

through gradients, outputs, metadata, membership signals, or repeated queries. Drug-discovery scholarship has accordingly 

emphasized the need to evaluate decentralized learning together with model leakage, cryptographic protection, computational 

burden, trust assumptions, and the distinctive commercial sensitivity of molecular and assay data [4]. 

The available literature also spans markedly different levels of implementation. Some studies partition public datasets to 

simulate multiple partners, whereas others execute analyses across institutions or companies holding genuinely distributed 

information. Cross-pharmaceutical federated quantitative structure–activity relationship modeling demonstrates that large-

scale collaboration can be operationalized without transferring proprietary source records, yet the resulting performance 

improvements remain dependent on endpoint characteristics, partner distributions, data quality, and the validation design [5]. 

Such evidence does not by itself establish experimental success, candidate quality, clinical utility, regulatory acceptability, or 

routine organizational readiness. The objective of this evidence-mapping review is therefore to classify privacy-preserving 

pharmaceutical collaboration by technology, protected object, exchanged artifact, application, threat model, validation quality, 

maturity, utility limitation, and translational boundary. Its central contribution is an evaluative map that separates demonstrated 

capability from benchmark performance, plausible pharmaceutical usefulness, prospective decision value, and operational 

deployment. 

Evidence-Mapping Questions and Conceptual Boundaries 

The primary conceptual boundary concerns what is meant by learning without sharing the data. The phrase is used here to 

denote collaborative computation in which participating organizations do not conventionally transfer their complete source 

datasets into a common analytical repository. It does not imply that nothing is exchanged, that the resulting model is non-

disclosive, or that every participant receives the same protection. The evidence map therefore asks what remains local, what 

crosses organizational boundaries, which asset is intended to be protected, which adversary is considered, and what scientific 

decision the collaboration is intended to support. Within molecular discovery, this distinction is essential because predictive 

performance on molecular-property tasks must be separated from experimental confirmation, biological mechanism, 

synthesizability, developability, safety, and therapeutic value [6]. The map consequently treats pharmaceutical usefulness as a 

sequence of bounded evidentiary claims rather than as a direct consequence of collaborative model training. 

A second boundary separates architectural data locality from privacy guarantees. In conventional federated learning, 

participants commonly exchange parameters, gradients, predictions, or other model-derived artifacts while raw records remain 

local. Multi-institutional demonstrations show that this architecture can facilitate collaboration without conventional patient-

data transfer, but they also show that the resulting system still depends on server design, client behavior, update visibility, 

harmonized tasks, and local data quality [7]. Synthetic data occupy a different position because generated records may be 

transferred or released, sometimes more freely than their source data. Their acceptability depends on whether they preserve 

properties needed for the intended analysis while limiting disclosure about source individuals, organizations, or proprietary 

observations [8]. The evidence map therefore classifies federation and synthetic release separately rather than treating both as 

equivalent examples of decentralization. 

A third boundary concerns the meaning of utility. Distributional similarity, model accuracy, calibration, analytical validity, 

clinical usefulness, and pharmaceutical decision value are related but distinct outcomes. A synthetic dataset may reproduce 

marginal distributions yet distort rare safety events or relationships among covariates. A federated model may improve average 

prediction while performing poorly for one organization, chemical series, patient group, or assay family. Evaluation must 

therefore be aligned with the downstream purpose and should examine fidelity, analytical utility, disclosure risk, stability, 

subgroup performance, and sensitivity to alternative validation designs. Methodological evaluations of synthetic patient data 

support this multidimensional approach and show why resemblance to source records cannot function as a sufficient indicator 
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of either privacy or usefulness [9]. The same principle applies to collaborative modeling: a result is scientifically meaningful 

only when the evaluated metric corresponds to the decision the model is expected to inform. 

A fourth boundary separates formal protection from practical security and organizational trustworthiness. Secure multiparty 

computation and homomorphic encryption can provide mathematically specified confidentiality for particular computations, 

but the guarantee remains conditional on the protocol, key distribution, implementation, adversary model, collusion 

assumptions, communication architecture, and information revealed through outputs. Multiparty homomorphic federated 

analytics illustrate how distributed biomedical analyses can be executed under stronger cryptographic protection while also 

exposing practical dependencies on computational overhead and system design [10]. Accordingly, the present review maps 

privacy claims according to their stated assumptions instead of assigning a generic “privacy-preserving” label. It also 

distinguishes technical confidentiality from governance, interoperability, accountability, legal responsibility, and scientific 

validity. Table 1 organizes the evidence, constructs, and interpretation boundaries needed to develop evidence-mapping 

questions and conceptual boundaries within the article’s central argument. 

 

Table 1. Evidence domains, core questions, scientific requirements, and interpretation boundaries for Evidence-mapping 

questions and conceptual boundaries 

Evidence 

domain 

Eligible evidence or 

method 

Reported 

capability or 

claim 

Strength of 

support 

Reproducibility or 

bias concern 
Unresolved gap 

Collaborative 

architecture 

Federated learning, split 

computation, distributed 

query execution, secure 

aggregation 

Enables 

coordinated 

analysis while 

retaining source 

records within 

participating 

environments 

Strong support 

for technical 

feasibility; 

variable support 

for 

pharmaceutical 

usefulness 

Public-data 

partitioning may be 

presented as 

equivalent to real 

organizational 

federation; client 

distributions and 

local workflows 

may be 

incompletely 

described 

Independent 

validation across 

genuinely distinct 

companies, 

laboratories, data 

models, and 

decision 

environments 

Formal privacy 

protection 

Secure multiparty 

computation, 

homomorphic encryption, 

differential privacy, 

trusted execution, 

cryptographic aggregation 

Reduces specified 

disclosure risks 

under defined 

threat and trust 

assumptions 

Strong theoretical 

support for 

bounded 

guarantees; 

implementation 

evidence remains 

context-

dependent 

Privacy parameters, 

collusion 

assumptions, 

implementation 

details, and residual 

output leakage may 

be underreported 

Standardized 

threat-model 

reporting and 

independent 

adversarial testing 

under realistic 

infrastructure 

Synthetic-data 

release 

Generative models, 

disclosure controls, 

distributional and task-

based validation 

Produces 

transferable 

records intended 

to preserve 

selected analytical 

properties while 

limiting disclosure 

Moderate and 

heterogeneous 

support across 

datasets and 

downstream tasks 

Fidelity metrics may 

obscure rare-event 

distortion, 

memorization, 

subgroup error, or 

task-specific utility 

loss 

Fit-for-purpose 

release criteria 

combining 

disclosure attacks, 

analytical validity, 

and intended-use 

restrictions 

Pharmaceutical 

discovery 

Molecular-property 

prediction, quantitative 

structure–activity 

relationships, phenotypic 

modeling, computational 

toxicology 

Expands 

collaborative 

training data and 

may improve 

selected predictive 

tasks 

Strongest for 

retrospective 

modeling and 

benchmarked 

prediction; 

weaker for 

experimental 

consequences 

Simulated partners, 

inconsistent 

endpoint definitions, 

chemical-series 

leakage, and limited 

prospective testing 

Evidence that 

collaborative 

models alter 

experiment 

selection, 

candidate 

prioritization, or 

reproducible 

laboratory 

outcomes 

Development 

and safety 

Distributed clinical 

analysis, trial-support 

analytics, 

pharmacoepidemiology, 

pharmacovigilance 

Supports multi-

source evidence 

generation 

without 

conventional 

record pooling 

Moderate support 

for distributed 

analysis; uneven 

support for 

decision-

integrated 

machine learning 

Variable coding, 

local data quality, 

missingness, 

confounding, and 

inconsistent 

outcome definitions 

may limit 

comparability 

Prospective 

validation of 

scientific, 

operational, and 

safety-decision 

consequences 

Utility and 

uncertainty 

Discrimination, 

calibration, task utility, 

subgroup analysis, 

Demonstrates 

whether protected 

collaboration 

Frequently 

reported for 

benchmark 

Aggregate metrics 

can hide partner-

specific 

Joint reporting of 

privacy 

parameters, 
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robustness, external 

validation 

retains adequate 

analytical 

performance 

accuracy; less 

consistently 

reported for 

calibration and 

decision utility 

degradation, 

distribution shift, or 

privacy-induced 

uncertainty 

calibration, 

transportability, 

subgroup 

performance, and 

decision 

thresholds 

Governance 

and 

interoperability 

FAIR data practices, 

common data models, 

provenance, access 

control, accountability, 

audit and incident 

procedures 

Enables 

technically valid 

and 

organizationally 

accountable 

collaboration 

Strong conceptual 

support; limited 

comparative 

evaluation of 

governance 

arrangements 

Governance may be 

treated as 

administrative 

context rather than 

part of system 

validity 

Evaluated 

governance 

models covering 

contribution, 

withdrawal, 

liability, 

monitoring, 

versioning, and 

benefit allocation 

Search, Classification, and Charting Methodology 

The review was designed as an evidence map rather than an effectiveness meta-analysis. Search concepts combined privacy-

preserving computation with pharmaceutical discovery, molecular modeling, biomedical data science, clinical development, 

distributed evidence generation, and drug safety. Eligible evidence was restricted to peer-reviewed journal articles with 

sufficient methodological or conceptual detail to support a preassigned manuscript claim. Articles were excluded when they 

mentioned privacy-preserving collaboration only superficially, lacked a direct connection to a planned evidence domain, or 

reported a narrow benchmark that could not be interpreted in relation to validity, privacy assumptions, utility, or 

pharmaceutical relevance. Reporting was structured around the transparency principles used for scoping reviews, including 

explicit questions, eligibility logic, information sources, charting fields, and synthesis boundaries [11]. No pooled effectiveness 

estimate was attempted because the selected literature differed substantially in technology, data type, application, comparison, 

privacy mechanism, and validation design. 

Classification dimensions were defined before narrative synthesis to reduce post hoc category drift. Each article was charted 

by application context, pharmaceutical stage, technology family, protected asset, data location, exchanged artifact, 

collaboration topology, threat model, validation setting, privacy claim, utility measure, reproducibility concern, maturity, and 

translational limitation. The technology categories comprised federated learning, secure computation, synthetic-data 

generation, distributed analytics, and layered combinations of privacy-enhancing technologies. Maturity was interpreted 

qualitatively through conceptual or protocol rationale, simulated proof-of-concept, retrospective multi-site or multi-dataset 

validation, cross-organizational operational piloting, and routine decision-integrated use. These categories were informed by 

updated methodological guidance recommending that scoping-review concepts, boundaries, and charting decisions be 

established in advance and refined transparently when the evidence requires clarification [12]. They are proposed organizing 

categories, not validated scales, and they do not predict implementation success. 

Evidence extraction preserved differences among what a study attempted, what it demonstrated, and what could reasonably be 

concluded. Reported findings were charted together with application context, data distribution, technical architecture, 

validation design, quality concern, and contribution to the relevant review question. “Not clearly reported” was retained where 

an article did not provide enough information, rather than filling missing categories by inference. Critical appraisal focused on 

risks especially relevant to privacy-preserving collaboration: simulated rather than authentic organizational separation, unclear 

adversary assumptions, inadequate attack testing, unreported privacy parameters, utility assessment limited to aggregate 

accuracy, missing calibration, weak external validation, semantic incompatibility, and absence of prospective decision-impact 

evaluation. The synthesis then organized convergent findings, divergent findings, contextual explanations, uncertainties, and 

evidence gaps without converting the map into an unsupported comparative ranking. This approach follows recommendations 

that scoping-review results should preserve heterogeneity and present evidence distributions and uncertainties rather than 

imply effectiveness where comparative evidence is unavailable [13]. 

Federated Learning, Secure Computation, Synthetic Data, and Distributed Analytics 

Federated learning coordinates model development across data holders by moving model-derived information rather than 

conventionally pooling complete source datasets. In pharmaceutical research, this architecture is attractive when compound 

structures, assay outcomes, clinical observations, or safety records are commercially or legally difficult to centralize. A 

federated quantitative structure–activity relationship prototype demonstrated that molecular-property models can be trained 

across separated data partitions, establishing technical feasibility for collaborative prediction [14]. Nevertheless, simulated 

client partitions do not reproduce every feature of company-to-company collaboration. Endpoint definitions, chemical-series 

composition, assay protocols, missingness, infrastructure, and incentives may differ substantially among actual partners. 

Federated feasibility should therefore be interpreted as an early evidence layer rather than as proof of cross-company 

usefulness. 

Secure computation addresses a different problem by protecting inputs or intermediate values during jointly specified 

calculations. Secure multiparty computation can allow organizations to evaluate collaborative drug-discovery procedures 
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without revealing their original inputs to one another, although the feasible computation is constrained by the selected protocol 

and its communication and runtime requirements [15]. This approach may provide stronger confidentiality for defined 

operations than ordinary parameter exchange, but it does not automatically establish correctness of the source data, relevance 

of the analytical task, or usefulness of the output. Secure computation should consequently be charted according to the 

protected object, participating parties, collusion assumptions, permitted outputs, computational burden, and whether the 

analysis was independently reproduced under realistic infrastructure. 

Data heterogeneity is a central limitation across decentralized learning. Pharmaceutical partners rarely hold random samples 

from one common distribution; instead, they may investigate different chemical series, targets, populations, assays, indications, 

or development stages. Federated learning on non-identically distributed drug-discovery data shows that aggregation behavior 

and local performance can change when partner datasets differ systematically [16]. A globally improved model may therefore 

coexist with deterioration for one contributor or one scientific domain. Appropriate evaluation requires partner-level 

performance, calibration, transportability, uncertainty, and sensitivity to the aggregation rule. Data locality cannot compensate 

for incompatible labels, inconsistent measurements, or an analysis that combines scientifically non-comparable tasks. 

Synthetic data and layered privacy-enhancing architectures extend the design space beyond federated parameter exchange. 

Comparative benchmarking of synthetic health-record generators indicates that privacy, fidelity, and analytical utility vary by 

model and evaluation context, with no single metric establishing safe or useful release [17]. End-to-end privacy-preserving 

learning may combine federation with encryption, secure aggregation, and differential privacy, thereby reducing several 

exposure routes while increasing computational complexity and potentially altering model utility [18]. These technology 

families should not be ranked through a single privacy label. Their suitability depends on whether the intended activity is 

model training, aggregate analysis, external data release, exploratory collaboration, or regulated evidence generation, as well 

as on the adversary, output, and scientific consequences of error. 

Pharmaceutical Use Cases across Discovery, Development, and Safety 

Within discovery, molecular-property prediction is the most developed application cluster. Federated graph neural networks 

have been evaluated for learning molecular properties from heterogeneous client datasets, supporting the possibility that 

organizations can contribute complementary chemical evidence without disclosing their complete molecular collections [19]. 

However, the dominant evidence remains retrospective and benchmark-centered. Predictive improvement does not establish 

that generated rankings identify experimentally active compounds, preserve applicability across chemical neighborhoods, or 

improve synthesis and testing decisions. Discovery studies should therefore report chemical split design, partner heterogeneity, 

applicability domain, calibration, local benefit, and the relation between the modeled endpoint and the next experimental 

decision. 

Industrial collaboration provides stronger implementation evidence than simulated federation because genuine partners 

contribute proprietary tasks, infrastructure, and governance constraints. Federated learning with knowledge distillation has 

been applied to collaborative drug-discovery modeling, expanding the range of architectures available when conventional 

shared-parameter training is undesirable or impractical [20]. Its value remains conditional on task similarity, teacher quality, 

endpoint definition, baseline selection, and the information transferred through predictions or distilled representations. Such 

work supports operational feasibility, but prospective evidence is still needed to determine whether collaboration changes 

compound selection, experiment prioritization, project attrition, or reproducibility across companies. 

In development, privacy-preserving collaboration may connect trial, biomarker, sensor, imaging, and observational evidence 

held by different stakeholders. Proposed federated approaches for Parkinson’s disease drug development illustrate how 

distributed datasets could support disease characterization, endpoint development, patient stratification, and longitudinal 

analysis without requiring a single shared repository [21]. The evidence nevertheless remains uneven across these uses. A 

technically successful model does not establish that a biomarker is clinically meaningful, that a treatment effect is causal, or 

that an analytical output improves trial design. Development applications require prospective protocols, predefined decision 

roles, external validation, uncertainty assessment, and documentation of how outputs would influence scientific or operational 

choices. 

Drug safety offers a comparatively mature setting for distributed analysis because multi-database networks already rely on 

common protocols and local execution. Machine learning may extend these networks, but its interpretability depends on 

harmonized definitions, appropriate confounding control, transportability, and transparent local data processing [22]. 

Federated analyses across multiple drug-safety sources further demonstrate that participating databases can contribute results 

without transferring complete patient-level records [23]. These implementations support practical collaboration, yet they do 

not eliminate coding differences, missingness, outcome misclassification, or variation in healthcare practice. Safety claims 

must therefore distinguish signal detection, association, causal assessment, and decision-ready evidence. 

Privacy Guarantees, Utility Loss, Governance, and Attack Surfaces 

The first interpretive requirement is to avoid equating local data retention with complete privacy. Federated systems remain 

exposed to model poisoning, malicious updates, inference attacks, compromised aggregation, membership disclosure, and 

infrastructure failure [24]. Risks differ according to whether the server is trusted, clients can collude, updates are visible, 

participation is observable, or repeated queries are permitted. A defensible privacy claim must identify the protected asset and 

adversary, rather than merely state that raw data were not centralized. Security evaluation should also consider insider threats, 
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implementation errors, model outputs, logs, and metadata that may reveal organizational behavior or sensitive scientific 

activity. 

Gradient leakage illustrates why exchanged model information can remain sensitive. Under some conditions, gradients or 

updates can be exploited to infer features of training records or reconstruct aspects of local inputs [25]. The practical severity 

of this risk depends on model architecture, batch size, update frequency, optimization, attacker access, and available auxiliary 

information. Consequently, an attack demonstrated in one configuration cannot be generalized automatically to every 

pharmaceutical federation, but neither can the risk be dismissed because source files remain local. Collaboration agreements 

should define update visibility, aggregation protection, retention, monitoring, red-team testing, and response procedures for 

suspected leakage. 

Differential privacy provides a formal framework for limiting the influence of individual records or contributions, but the 

resulting protection is parameter-dependent and can reduce analytical utility. Evaluations in medical deep learning demonstrate 

that privacy-preserving noise may affect model performance differently across tasks and privacy settings [26]. Reporting only 

final accuracy is therefore inadequate. Studies should specify the privacy accounting method, protected unit, privacy 

parameters, training duration, clipping procedure, calibration, subgroup effects, and uncertainty. In pharmaceutical contexts, 

the protected unit may be a patient, compound, assay, experimental batch, institution, or project; these choices are not 

interchangeable and determine what the guarantee actually means. 

Technical safeguards must be embedded within organizational governance. Healthcare-focused analyses of federated privacy 

emphasize that secure aggregation, differential privacy, encryption, access control, monitoring, and policy should be treated 

as complementary layers rather than substitutes for one another [27]. Governance must specify participation, authorization, 

permitted uses, model ownership, contribution, benefit allocation, withdrawal, incident handling, auditing, versioning, and 

responsibility for harmful or misleading outputs. These requirements also interact with utility: a highly protected system that 

cannot answer the scientific question is not useful, whereas a high-performing system without defensible controls is not 

trustworthy. Privacy and utility should therefore be evaluated jointly within the intended decision context. 

Evidence Map of Implementation Maturity and Validation Quality 

Implementation maturity should be distinguished from algorithmic sophistication. Reviews of federated-learning 

implementation identify persistent barriers involving data harmonization, infrastructure, workflow integration, security, law, 

incentives, maintenance, and organizational coordination [28]. The proposed evidence map therefore separates conceptual 

rationale, simulated proof-of-concept, retrospective multi-site validation, authentic cross-organizational piloting, and routine 

decision-integrated use. These categories describe the reported setting rather than assigning a validated readiness score. 

Progression between them is not automatic: a technically strong method may remain unsuitable because the collaborating data 

are incompatible, the threat model is incomplete, or the analytical result lacks a defined pharmaceutical use. 

The mapped literature is heterogeneous in data type, model architecture, collaboration pattern, privacy mechanism, and 

validation practice. A scoping review of federated and distributed learning for structured medical data found substantial 

variation in application context and technical design, limiting direct comparison across studies [29]. Similar heterogeneity is 

expected in pharmaceutical research, where molecular, clinical, omics, and safety datasets differ fundamentally. Validation 

quality must therefore be interpreted relative to the claim. A public benchmark may support algorithmic comparison, whereas 

cross-company usefulness requires genuine organizational separation, protected execution, partner-level evaluation, 

reproducibility, and evidence that the collaborative result is relevant to an actual decision. 

Clinical and technical reviews further indicate that retrospective performance should not be treated as a substitute for external 

validity, fairness, security, or prospective usefulness [30]. For pharmaceutical applications, validation should examine whether 

an approach performs across organizations, populations, chemical spaces, instruments, laboratories, and time. It should also 

test whether privacy protections alter calibration, rare-event detection, subgroup reliability, or local benefit. The highest 

evidentiary layer would require prospective evaluation of how the collaborative analysis affects experiment selection, trial 

conduct, safety assessment, or another predefined decision. Even then, success in one use case would not establish universal 

readiness. 

The available evidence supports a broad technical opportunity space, but surveys continue to identify unresolved needs in 

reproducibility, security testing, standardization, and cross-site validation [31]. The article therefore proposes a privacy–utility 

collaboration airlock in which a claim must pass through linked checks for question definition, data suitability, protected 

execution, utility, generalizability, operational integration, and accountable governance. The airlock is an original conceptual 

synthesis and has not been empirically validated as a predictive maturity instrument. Figure 1 presents the privacy–utility 

collaboration airlock, showing how the article’s key components and boundaries are connected within evidence map of 

implementation maturity and validation quality. 
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Figure 1. Privacy–Utility Collaboration Airlock 

 

The figure is an original conceptual synthesis that organizes the article’s central contribution across evidence-mapping 

questions and conceptual boundaries, search, classification, and charting methodology, charting methodology, federated 

learning, secure computation, synthetic data, and distributed analytics, federated learning, secure computation. Arrows and 

grouping indicate proposed or evidence-supported relationships rather than measured effect sizes. The figure does not represent 

a validated predictive model, regulatory determination, clinical recommendation, or deployment-ready system. 

Priorities for Trustworthy Cross-Organizational Collaboration 

The first priority is to treat governance as part of analytical validity rather than as an external administrative layer. A scoping 

review of federated-learning governance in healthcare identifies recurring requirements involving roles, accountability, 

control, participation, access, oversight, and lifecycle management [32]. Pharmaceutical consortia additionally require 

arrangements for commercially sensitive endpoints, contribution asymmetry, intellectual property, model ownership, 

withdrawal, and benefit allocation. Governance should be specified before training begins and tested through realistic 

scenarios, including partner departure, security incidents, disputed outputs, model updates, and changes in permitted use. 

Comparative evaluation of governance models remains an important research need. 

The second priority is to improve data suitability, metadata, and provenance. FAIR principles in biopharmaceutical research 

emphasize that data should be findable, accessible under appropriate authorization, interoperable, and reusable [33]. Privacy-

preserving computation does not correct mislabeled assays, incompatible units, undocumented transformations, population 

imbalance, or missing provenance. Before collaboration, partners should establish common definitions, quality rules, 

transformation records, endpoint semantics, and procedures for handling unresolved incompatibility. Where full harmonization 

is impossible, the model should preserve site-specific meaning and report uncertainty rather than forcing apparently uniform 

variables into an invalid pooled representation. 

The third priority is semantic and technical interoperability. Digital medicine depends on shared representations and 

communication standards because data held in different systems cannot support valid joint interpretation merely by remaining 

local [34]. Pharmaceutical collaboration requires interoperable molecular identifiers, assay vocabularies, clinical concepts, 

temporal definitions, outcome models, and provenance structures. Common data models should be evaluated for information 

loss and local mapping error, particularly when rare events or specialized laboratory measurements are important. 

Interoperability should therefore be validated scientifically, not inferred from successful data transmission or software 

connectivity. 

The fourth priority is alignment between privacy-enhancing technology, legal responsibility, and scientific purpose. Reviews 

of federated machine learning, privacy-enhancing technologies, and data-protection law show that technical decentralization 

does not remove obligations associated with sensitive model artifacts, processing purposes, participant rights, accountability, 

and cross-organizational control [35]. A trustworthy collaboration should document its protected objects, lawful and permitted 

uses, adversaries, safeguards, residual risks, validation plan, model lineage, monitoring, and withdrawal criteria. The proposed 
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priorities are not a universal compliance framework; they organize the evidence needed for context-specific assessment. Table 

2 organizes the evidence, constructs, and interpretation boundaries needed to develop priorities for trustworthy cross-

organizational collaboration within the article’s central argument. 

Table 2. Evaluation, implementation, and research priorities arising from Learning without Sharing the Data: An Evidence 

Map of Privacy-Preserving Collaboration in Pharmaceutical Research 

Approach or application 
Data and task 

context 

Evaluation 

practice 

Evidence 

maturity 

Translational 

limitation 

Review 

interpretation 

Federated molecular-

property learning 

Distributed 

chemical 

structures, assay 

endpoints, and 

molecular-

property tasks 

Chemical-series-

aware splits, 

partner-level 

performance, 

calibration, 

applicability-

domain analysis, 

and external 

validation 

Predominantly 

proof-of-concept 

to retrospective 

multi-partner 

validation, with 

selected 

operational pilots 

Benchmark 

improvement does 

not establish 

experimental 

activity, 

synthesizability, 

developability, or 

decision impact 

Promising for 

collaborative 

prediction when 

endpoint 

semantics and 

chemical 

distributions are 

compatible 

Cross-company 

quantitative structure–

activity relationship 

modeling 

Proprietary assay 

collections held 

by 

pharmaceutical 

partners 

Authentic 

organizational 

execution, local 

and global 

baselines, endpoint-

specific analysis, 

and reproducibility 

checks 

Operational 

cross-

organizational 

piloting 

Benefits may be 

uneven across 

endpoints and 

partners; 

prospective project 

impact remains 

uncertain 

Strong 

implementation 

evidence, but not 

proof of routine 

discovery 

readiness 

Secure multiparty and 

homomorphic 

computation 

Joint analysis of 

confidential 

molecular, 

clinical, 

genomic, or 

safety data 

Formal protocol 

verification, 

adversary 

specification, 

runtime, 

communication, 

collusion testing, 

and output-leakage 

analysis 

Technical proof-

of-concept to 

retrospective 

distributed 

validation 

Computational 

burden and 

restricted analytical 

flexibility may 

limit practical use 

Stronger bounded 

confidentiality 

than data locality 

alone when 

assumptions are 

explicit 

Differentially private 

collaborative learning 

Patient-, 

compound-, 

assay-, or 

institution-level 

contribution 

protection 

Privacy accounting, 

protected-unit 

definition, 

calibration, 

subgroup utility, 

and sensitivity to 

privacy parameters 

Retrospective 

technical 

validation 

Utility loss and 

uncertainty are 

task-dependent; 

privacy parameters 

may be difficult to 

interpret 

operationally 

Useful when the 

protected unit and 

acceptable utility 

loss are defined 

prospectively 

Synthetic-data 

generation and release 

Transferable 

patient, trial, 

omics, or safety-

like records 

Distributional 

fidelity, 

downstream 

analytical validity, 

rare-event 

preservation, and 

disclosure attacks 

Predominantly 

retrospective 

methodological 

and 

benchmarking 

evidence 

Similarity does not 

establish privacy, 

and privacy does 

not establish fitness 

for every 

downstream use 

Release should be 

restricted to 

validated tasks 

and supported by 

attack testing 

Distributed 

pharmacoepidemiology 

and pharmacovigilance 

Multiple 

healthcare 

databases using 

common 

protocols and 

local execution 

Semantic 

validation, local 

quality control, 

confounding 

assessment, 

transportability, 

and reproducibility 

Retrospective 

multi-source 

implementation 

Coding variation, 

missingness, 

healthcare-system 

differences, and 

outcome 

misclassification 

remain 

Among the more 

operationally 

grounded 

collaboration 

models, but 

causal and 

decision claims 

remain bounded 

Governance, FAIR data, 

and interoperability 

Cross-company, 

institutional, and 

jurisdictional 

collaboration 

Role definition, 

provenance 

auditing, mapping 

validation, incident 

simulation, 

withdrawal testing, 

and lifecycle 

monitoring 

Conceptual 

guidance with 

emerging 

implementation 

evidence 

Governance 

outcomes and 

interoperability 

failures are rarely 

evaluated 

comparatively 

Necessary 

components of 

scientific validity 

and sustainable 

collaboration 

Prospective decision-

integrated validation 

Experiment 

selection, trial 

Prospective 

protocol, 
Limited 

Cost, 

organizational 

Highest-priority 

gap for separating 
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operations, safety 

assessment, or 

other predefined 

pharmaceutical 

decisions 

predefined success 

and failure criteria, 

independent 

replication, 

uncertainty 

reporting, and 

documented 

decision 

consequences 

complexity, and 

ethical or legal 

constraints may 

restrict evaluation 

plausible utility 

from 

demonstrated 

pharmaceutical 

value 

 

Figure 2 presents the evidence, validation, and translation boundary observatory for learning without sharing the data an 

evidence, showing how the article’s key components and boundaries are connected within priorities for trustworthy cross-

organizational collaboration. 

 

 
Figure 2. Evidence, Validation, and Translation Boundaries 

 

The figure is an original conceptual synthesis that shows how claims move from conceptual plausibility through evaluation, 

uncertainty assessment, and bounded pharmaceutical use. Arrows and grouping indicate proposed or evidence-supported 

relationships rather than measured effect sizes. The figure does not represent a validated predictive model, regulatory 

determination, clinical recommendation, or deployment-ready system. 

 

Conclusion 

Privacy-preserving collaboration can expand the evidence available to pharmaceutical research without requiring conventional 

pooling of every source dataset, but decentralization is not synonymous with privacy, scientific validity, or readiness. This 

evidence map distinguishes federated learning, secure computation, synthetic data, and distributed analytics according to what 

remains local, what is exchanged, what is protected, how utility is evaluated, and which risks remain. The strongest evidence 

supports technical feasibility, retrospective distributed modeling, and selected operational collaborations. More limited 

evidence addresses prospective pharmaceutical decisions, independent attack testing, calibrated uncertainty, semantic 

compatibility, governance performance, lifecycle monitoring, and routine integration. The proposed maturity map, privacy–

utility collaboration airlock, and translation-boundary observatory are organizing syntheses rather than validated instruments. 

Their purpose is to prevent benchmark performance or data locality from being interpreted as proof of experimental, clinical, 

regulatory, or operational value. Trustworthy collaboration will depend on aligning the scientific question, data suitability, 

threat model, privacy mechanism, utility requirement, interoperability, governance, and decision consequences before claims 

of pharmaceutical readiness are made. 
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