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Abstract  

 

Graph-level neural architectures provide a unique set of modeling capabilities that can be leveraged toward predictive analytics 

for rich, heterogeneous healthcare systems. A broad methodological framework defines the steps required to extract semantically 

interoperable event streams from diverse internal and external clinical data sources. The algorithmic framework is capable of 

supporting GNN-driven predictive analytics for historical events within institutional data, as well as forward-looking safety-

monitoring architectures that continuously evaluate future prognosis during live operations and ignite alerts whenever the 

predictions rise above user-defined thresholds. 

Case studies support safe operations of a temperature-controlled drug-shipping distribution network and an active location-based 

epidemic containment management., Graph Neural Network (GNN) architectures hold great promise for predictive modeling of 

large-scale healthcare systems by directly representing the clinical network and incorporating heterogeneous information sources. 

Nevertheless, the proper data representation and preparation remain challenges that need to be addressed. A methodological 

framework broadens the horizons for GNN applications beyond conventional settings toward prediction of risk and hazard in 

rich, heterogeneous environments. Interoperable event streams from different clinical departments constitute the basis for two 

concrete applications. 

Keywords : Graph Neural Networks (GNNs),Healthcare Data Interoperability,Clinical Data Integration,Electronic Health 

Records (EHR) Analytics,Multimodal Medical Data Fusion,Knowledge Graphs in Healthcare,Temporal Graph Modeling,Real-

Time Clinical Data Streams,Predictive Healthcare Analytics,Privacy-Preserving Health AI.

1. Introduction 

The ongoing transformation of the world economy into a 

data-driven environment has sought to derive economic and 

social benefits from such data. This interest is especially 

prevalent in healthcare, particularly within the field of 

clinical research. In contrast, the pharmaceutical industry 

operates a design, test, failure cycle for new products, 

resulting in high development and financial costs. To 

ameliorate the situation, increased patient safety and public 

health are today demand-driven. In the medical domain, the 

ability to share data in a manner that retains inherent 

semantics is vital to these research interests. These are 

especially true in predictive safety monitoring, whereby the 

aim is to conduct daily examinations and be alerted to 

potential problems at the earliest possible stage. 

A central concern is knowledge discovery from clinical data. 

The application of machine and deep learning is prevalent 

and with it the question of how to derive knowledge, and not 

just correlations. Unlike in clinical practice, patients do not 

arrive in an isolated manner over long periods of time. 

Hotelling and other contributors recognize that data streams 

should be considered, so that commonalities among patients 

are detected as emerging patterns rather than consequences 

of production modeling. The economic concern is that 
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predictive safety monitoring should be possible sufficiently 

early to allow appropriate action to be taken. Consequently, 

these emerging patterns extend across multiple patients. 

Unfortunately, clinical data has no accepted model, which 

consequently hampers intelligent predictive monitoring. 

 

                   Fig 1: Graph neural networks for clinical risk 

prediction based on electronic health records 

1.1. Background and Significance                                    

Healthcare analytics can benefit from methods that are able 

to operate over rapidly changing, heterogeneous, distributed, 

and high-dimensional clinical datasets. The proposed 

framework employs a GNN approach, together with an 

Integrated-Aggregation-Predict module, that is instantiated 

for the task of predictive safety monitoring. Reliability on 

limited historical data while satisfying a time-to-predict 

constraint, and adaptability to predictable data drifts or 

preset conditions, are demonstrated by predicting the 

likelihood of Acute Kidney Injury during postoperative 

hospitalization. The proposed approach is operationalized on 

the ClinicalData-Clinical-Report and Clinical-Data-Risk 

datasets. Other risk-based use cases relying on predictive 

performance are described and illustrated. 

Graph neural networks (GNNs) are emerging Artificial 

Intelligence (AI) tools that can exploit the multi-level 

complexity of healthcare data patterns and relationships. 

GNNs model data as graphs with information organized in 

nodes and edges that intuitively represent the traditional 

entities and relationships of healthcare ecosystems, such as 

patients, conditions or events, and temporal or causal 

associations. Healthcare analytics can benefit from methods 

that operate over rapidly changing, heterogeneous, 

distributed, and high-dimensional data. Current use cases 

explore these GNN strengths, focus on predictive 

performance, or target risk-based or safety-monitoring 

applications. The recent proposal of a GNN method 

incorporates the Integrated-Aggregation-Predict (IAP) 

methodological pattern, which decomposes the main task 

into an integrated aggregation of disparate data sources and a 

prediction subtask. 

Equation 1: RDF formalism 

An RDF triple is: 

(𝑠, 𝑝, 𝑜) 
 

 𝑠: subject entity (e.g., Patient123, DrugA) 

 𝑝: predicate/relation (e.g., hasMedication, 

hasLabResult) 

 𝑜: object entity/value (e.g., DrugA, 

Creatinine=2.1) 

2. Background and Motivation 

Graph neural networks (GNNs) have emerged as a powerful 

tool for a wide range of healthcare analytics tasks including 

patient outcome prediction and disease progression modeling 

thanks to their ability to leverage relational information. 

Clinical datasets, especially those obtained from electronic 

health record (EHR) systems, naturally reside in the form of 

heterogeneous graphs—known as clinical data graphs 

(CDGs)—in which patients and clinical concepts such as 

diagnoses, procedures, and medications are connected via 

timing, evidential, and ordering relations. Interoperable 

clinical data streams enable the generation of reusable CDGs 

from diverse sources for a constellation of applications 
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across different semantic domains. As GNNs require a 

fundamental change in the abstraction of data to represent 

patients as nodes in a graph, safe recommendations to 

mitigate the adverse effects of drugs remain hard to provide 

in real time owing to the unavailability of safety information 

for the unlabeled pairs of drugs. Predictive safety 

monitoring, the semiautomated analysis of drug pairs for the 

early detection of safety signals, thus emerges as a favorable 

solution. 

In light of the granular nature of these data streams, 

frameworks focusing on building and analyzing predictive 

clinical data graphs at the multigraph level are proposed, 

enabling GNN-based predictive safety monitoring while 

preserving information-rich relations among different 

clinical events. These novel data streams apply recent GNN 

architectures to predictive safety monitoring within the 

generalizable framework, synthesizing and refining 

evidential safety information for drug pairs with unknown 

associations. 

Equation 2: Core GNN equation (message passing) used 

for predictive monitoring 

Each node 𝑣has initial features: 

ℎ𝑣
(0)

= 𝑥𝑣 ∈ ℝ𝑑 

 

At layer ℓ, aggregate messages from neighbors 𝒩(𝑣): 

𝑚𝑣
(ℓ)

= AGG
(ℓ)({ℎ𝑢

(ℓ−1)
: 𝑢 ∈ 𝒩(𝑣)}) 

 

Update node embedding: 

ℎ𝑣
(ℓ)

= 𝜎(𝑊(ℓ) [ℎ𝑣
(ℓ−1)

  ∥  𝑚𝑣
(ℓ)
] + 𝑏(ℓ)) 

 

 ∥= concatenation 

 𝜎(⋅)= nonlinearity (ReLU, GELU, …) 

For a whole patient-episode graph: 

ℎ𝒢 = READOUT({ℎ𝑣
(𝐿)
}𝑣∈𝒱) 

 

Then predict risk: 

𝑦̂ = 𝑓(ℎ𝒢) = sigmoid(𝑤⊤ℎ𝒢 + 𝑐) 

2.1. Research design 

Predictive healthcare analytics relies on background 

information for predicting future events. Real-time or 

regularly updated background information becomes an 

additional stream, which is often unstructured or semi-

structured clinical free-text data and is difficult to exploit for 

predictive purposes due to limited semantics. Research with 

the motivation to build a prediction model from these data 

can benefit from technologiesmaking these streams 

interoperable. 

The Schizophrenia Research Database contains patients’ 

clinical progress notes written with no standardized form, 

partially encoded, and labelled/annotated by clinically 

trained researchers. Annotated data streams commonly lack 

the uniform structure required for optimal prediction, 

although prediction models take account of samples 

exchanged over time. Authors combine the database with 

external free-text clinical notes of hospital-acquired 

bloodstream infection for predictive safety monitoring. A 

Random-Forest model trained using semantic 

representations of laboratory test result samples is applied to 

predict patients’ probabilities of urinary tract infection. 

Probabilities of the event are captured at clinical decision 

points by prediction Hazard modelling. A RapidMiner 9 

workflow developed for the task makes internvtions at the 

predicted time window. 

3. Graph Neural Networks in Healthcare 

Healthcare datasets generated are highly dynamic, 

heterogeneous, and customer-centric. The construction of 
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intuitionistic healthcare graphs is based on the idea of 

semantic cognition. The cognition is where the user 

considers not only the prognosis but also the results of the 

adverse reactions of high-risk subjects undergoing different 

healthcare processes. In situations where the health-related 

factors are high-dimensional and the underlying hidden 

semantic structures among the patients are difficult to 

determine, an attention-weighted multilayer graph 

consideration with the generated higher-order semantics is 

effective. In this case, the graphs consist of nodes from the 

subcategories with different semantics that induce higher-

order semantics. The prediction is performed at the next time 

point based on the health state of the selected high-risk 

subject. The connection strength under the selected 

semantics is one of the important factors. 

Predictive safety monitoring considers the modeling of 

safety-adverse reactions under clinical conditions with 

different health states. The concentration of the data can be 

determined by quantile regression. The first aspect is 

common in high-dimensional space. In high-dimensional 

space, exploitability of supervised production models and 

determinants of shapley-value-type use in payoff objects 

such as brands. The predictive safety monitoring are 

important with great economic consequence. The change in 

high-dimensional affected by specific attributes also brings 

change in safety. 

 

                 Fig 2: Integrating Graph Neural Networks and 

Deep Reinforcement 

3.1. Fundamentals of Graph Representations                          

The creation of advance-directed graphs is frequently 

insufficient to symbolize intricate medical items due to 

dynamic label shifts that emerge when disease sets have 

similar stages or are triggered by various safety interactions. 

With the incorporation of GCN-SMS—an algorithmically 

generated subgraph segment structure based on Sutton's 

major side effects—that fuses both the Multi-gram equation 

attribute and the data source into labels—the short-time 

direction of the HealthyNode, which serves to switch from 

the source function of the RealNode to the output function of 

the SMS-Node, can thus be designed successfully. The 

construction of label clusters is essential as labels 

continually circulate for merge supervision according to 

GCN; otherwise, instant training cannot manage the EMS-

SPT relation. 

The importance of tags in Pathology and intern choiceness 

within the GNN framework need to accommodate the 
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required time for training with bird's-eye direction and 

selection interaction items. A state-to-analogy blend for 

labeling and a clinical source data function must be fused 

into a unified label. The inherent characteristic of the item-

gram position and temporal direction must continue forming 

the tag. Moreover, even consensus membership should 

merge into a Public-Minneapolis-Item clause to handle net 

change signatures in special EMISSION_Net subgraph 

clusters, which is a theorem established on Webb's setup. 

Equation 3: GraphSAGE (explicitly mentioned) — full 

derivation 

Update step-by-step 

1. Compute neighbor mean: 

𝑚𝑣
(ℓ)

= mean{ℎ𝑢
(ℓ−1)

} 

 

2. Concatenate with self: 

𝑧𝑣
(ℓ)

= [ℎ𝑣
(ℓ−1)

∥ 𝑚𝑣
(ℓ)
] 

 

3. Linear transform + nonlinearity: 

ℎ𝑣
(ℓ)

= 𝜎(𝑊(ℓ)𝑧𝑣
(ℓ)

+ 𝑏(ℓ)) 
 

4. (Often) normalize: 

ℎ𝑣
(ℓ)

←
ℎ𝑣
(ℓ)

∥ ℎ𝑣
(ℓ)

∥2
 

 

4. Interoperable Clinical Data Streams 

Clinical data streams continue to grow as patient data are 

collected in real time from wearable devices, environment 

sensors, and other monitoring equipment. Major mobile 

device vendors now enable healthy competition through 

open ecosystems that promote functionality, compatibility, 

and interoperability. However, clinical data generated by 

hospitals remain vastly isolated even when offered as APIs, 

with dependencies on data vendors leading to a poor user 

experience and insufficient insight into patients’ health. A 

solution must therefore allow patients and their data to leave 

hospitals without compromising safety or privacy. Patient 

data must thus be carefully managed and monitored in real 

time for semantic and safety screening to follow the patients’ 

travels between hospitals and health monitoring 

organizations. 

Septet agent theory from knowledge representation, agent-

based systems, and game theory describes reliable transport 

in large, open systems. It can enable monitoring of patient 

data transferred from hospitals to new destinations. 

Requirements include a definite goal, sufficient 

management, a robust communication environment, crossing 

over incompatible environment areas, and attaining patient 

safety. The core content is to detect semantic inconsistency, 

semantic deviance, and potential danger at uncertain times 

and places according to modified request and monitoring 

agents. A semantic safety framework for mobile patient data 

is thus incorporated to ensure semantic consistency and 

semantic correctness. Here, standards and semantics of 

mobile health monitoring data provide an interoperable 

mobile clinical data stream to support the monitoring 

framework. 

 

             Fig 3: Standards supporting healthcare 

interoperability 
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4.1. Standards and Semantics                                             

The semantic modeling of medical data, devices, and 

applications have been intensively pursued in the context of 

the HL7 FHIR (Health Level 7 Fast Healthcare 

Interoperability Resources) specification, an important 

foundation for achieving standards-based interoperability 

across care delivery settings. As part of this process, HL7 

has developed a set of resources and semantic definitions 

that leverage the W3C’s Semantic Web technologies. The 

clinical event streams considered here implement the FHIR 

model, creating instances that are subjected to predictive and 

causative analysis for safety monitoring of GLP non-clinical 

studies. The production monitoring and safety considerations 

for study application of these devices are addressed by 

collecting event data during study execution, supported by 

the SaGE dataset Apollo edition. Predictive analytics of 

these event streams have been organized to deliver data that 

potentially indicate an emerging safety issue: Data supply 

warnings, Data supply errors, and Data supply invalid 

entries. Failure prediction models have also been developed 

prior to device deployment. 

The power of predictive models developed from previous 

device deployments is increased by risk signal monitoring of 

post-deployment data flows. Positioning risk signal 

monitoring present these analytics within a time sequence 

leading to device failure rather than subsequent to 

occurrence. Risk signal monitoring uses these predictive 

analytics, sourcing alerts from both predictive analytics and 

historical records to identify events that are indicative of hot-

path conditions and prior to device failure. These techniques 

human health risk analytical models that directly utilize 

predictive safety analytics of the data-serving environments. 

Human health risk independence is maintained during model 

application as the monitoring analytics are generated 

independently, and functionality loss signals are not direct 

predictors, but indicators of safety margin breach. 

Equation 4: IAP pattern (Integrated–Aggregation–

Predict) → equations 

Suppose sources 𝑆1, … , 𝑆𝐾produce features 𝑥(𝑘). 
A simple integration map: 

𝑥 = 𝜙(𝑥(1), … , 𝑥(𝐾)) 
 

Common choices: 

 concatenation: 𝑥 = [𝑥(1) ∥ ⋯ ∥ 𝑥(𝐾)] 

 gated sum: 𝑥 = ∑ 𝑔𝑘𝑘 ⊙𝑥(𝑘) 

ℎ𝑣
(𝐿)

= GNN(𝑥, 𝒢) 
 

Binary risk: 

𝑦̂𝑣 = 𝜎(𝑤⊤ℎ𝑣
(𝐿)

+ 𝑐) 

5. Methodological Framework 

The methodological framework adopted relies on the 

preliminary step of acquiring clinical data streams from an 

established and reliable source. Only the publicly available 

portions of the data characterized in the preceding section 

are utilized in what follows. Therefore, all data figures and 

analyses are reproduced from the relevant literature. As an 

initial preconditioning step, the individual clinical data 

streams are transformed into the recently proposed 

directional-ascendant format, thus allowing diverse 

sequential and temporal analyses. Two particular 

applications areas are then elaborated upon, both involving 

predictive safety monitoring. 

The practical grounding undertaken in adopting predictive 

safety monitoring based on time-stamped clinical data 

streams is aimed at demarcating and illuminating gaps in 

traditional data-source perspectives rather than developing 

fully realized NeuroAI applications. An initial-looking 

NeoLogistics-based predictive safety monitoring architecture 

is established to employ the clinical data streams found in 

the publicly available section of the publicly available 
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clinical data streams derived from the publicly available 

clinical data. The initial monitoring application examines a 

potential hepatic safety concern for an existing small-

molecule therapeutic in development in patients with 

ongoing latent tuberculosis. 

 

5.1. Data Acquisition and Preprocessing                                    

To address the heterogeneity in clinical data streams, the 

research leverages the Fast Healthcare Interoperability 

Resources standard and represents clinical events and time 

stamps using Resource Description Framework triples. 

Clinical events are obtained from Sudden Death in Positively 

Tested COVID-19 Patients data published by the 

Department of Genomics of the University of Genoa and 

GENOMICA, a division of P.J. Decker B.V in Spain. These 

records are linked to accessible and relevant Linked Open 

Data resources using a data enrichment pipeline 

implemented in Python. The demonstrator then builds a 

predictive model for drug-related problems and integrates 

dynamic enabler panels to strengthen explainability. The 

model is trained and deployed on an Azure infrastructure. 

The case study illustrates the potential of Graph Neural 

Network-driven analytics for heterogeneous, time-stamped, 

clinical event streams. Predictive models are obtained at the 

core and served on an orchestrated infrastructure for external 

resources availability. The approach contributes toward 

seamless interoperation and meaningful exploitability of 

clinical data. Indeed, the separated layers and plug-and-play 

configuration establish a basis for ensuring that external 

resources—e.g., ontology-based hazard functions, drug 

effect knowledge bases, or machine-learning classifiers pre-

trained on similar or wider datasets—are available and 

consumed if needed. 

Equation 5: Derive the key identity 

𝒉(𝒕) =
𝒇(𝒕)

𝑺(𝒕)
 

Start from conditional probability: 

𝑃(𝑡 ≤ 𝑇 < 𝑡 + Δ𝑡 ∣ 𝑇 ≥ 𝑡) =
𝑃(𝑡 ≤ 𝑇 < 𝑡 + Δ𝑡)

𝑃(𝑇 ≥ 𝑡)
 

 

Approximate numerator: 

𝑃(𝑡 ≤ 𝑇 < 𝑡 + Δ𝑡) ≈ 𝑓(𝑡)Δ𝑡 
 

Denominator: 

𝑃(𝑇 ≥ 𝑡) = 𝑆(𝑡) 
 

So: 

𝑃(𝑡 ≤ 𝑇 < 𝑡 + Δ𝑡 ∣ 𝑇 ≥ 𝑡)

Δ𝑡
≈
𝑓(𝑡)Δ𝑡

𝑆(𝑡)Δ𝑡
=
𝑓(𝑡)

𝑆(𝑡)
 

 

Taking limit gives: 

ℎ(𝑡) =
𝑓(𝑡)

𝑆(𝑡)
 

6. Case Studies and Applications 

Graph Neural Network–Driven Healthcare Analytics for 

Interoperable Clinical Data Streams 

Predictive Safety Monitoring 
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Graph neural networks (GNNs) powerful predictive 

capabilities are harnessed for FDA-spurred analytics of 

drugs’ adverse effects. Adverse Event Reporting System and 

DrugBank data inform a heterogeneous KG. Drug-AE 

reporting incidences establish interconnections over time. 

Supported by GraphSAGE, GNNs associate drugs and AEs 

across the KG, enabling temporal clustering of safety 

signals. The GNN’s predictive results, considered within a 

spatiotemporal context provided by Twitter, enhance the 

monitoring ecosystem. The scalable GNN-oriented approach 

salience is underscored by success in predicting FDA Black 

Box Warnings for drugs. 

GNNs additionally drive predictive modelling of adverse 

safety signals whereby changes in drugs’ networks-of-

interests can precede incidences. The proposed approach, 

called Signals_In_Changes (SIC), is adaptable and can 

complement traditional signal-detection algorithms within 

predictive-adverse-effect drug-safety ecosystems. Having 

detected drugs undergoing changes in drugs-networks-of-

interests, further investigation of drug AEs per time-period 

can confirm or reject issues of concern. For drugs-disease 

AEs, shared genes provide drug candidates with the potential 

to expedite ecosystem-based treatment. Moreover, temporal 

enhancement of COVID-19 vaccine-AE reports is evident in 

Twitter reference signals. 

Graph-model-driven mechanisms within Data Heterogeneity 

Reduction and Standardisation support temporally enhanced 

contrast adjustment of different sensors/streams. 

Semiallergenic signal boosting across the complete 

spatiotemporal domain is therefore feasible, although basic 

data integration remains challenging. GNNs strengthen Data 

Precise ability to monitor, via enthalpic activity on long-

time-scales, long-existential pending pump-cycles of 

hydrogen in phreatic systems. 

 

6.1. Predictive Safety Monitoring                                       

Currently, hazard signals are mainly detected when a safety 

issue has become evident. For instance, the World Health 

Organization collaborated with Google to develop the Health 

and Medication Google Search Tool (HaM-GST), a system 

that processes the frequency of medication-associated health 

events in Google Trends to identify drug safety signals. The 

largest problem with such retrospective analyses is that they 

can only provide information after a damage has occurred. 

Alternatively, Nsengiyumva et al. developed a system for 

conducting prospective predictive safety signal detection in a 

semi-automated manner. The developed model is based on 

Lasso, long short-term memory, and random forest 

techniques. It identifies top-ranking drugs with the potential 

of frequently causing safety outcomes by using data from 

multiple sources, including the U.S. FDA and WHO. An 

example of a drug with a signal around its use with β-

adrenergic antagonists is presented. 

The World Health Organization and the U.S. Centers for 

Disease Control and Prevention are conducting research to 

extend the predictive tone of pharmacovigilance. National 

and county-specific flu vaccine safety data is being 

combined with Google Trends data to enable the prediction 

of adverse events that may occur when a specific vaccine is 

administered. The goal is to predict harmful vaccine−event 

combinations before an outbreak or pandemic, thereby 

alerting the medical and general communities to extend 

pharmacovigilance to the predicted combinations. 
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               Fig 4: Predictive Safety Monitoring 

7. Conclusion 

Established capabilities of Graph Neural Networks for 

predictive modelling are translated into predictive healthcare 

analytics over real-time streams of clinical data. The 

augmented predictive-power of GNNs enables the 

identification of temporal—and cause-and-effect—

associations between drugs and patient-safety events, as well 

as the prediction of drug-induced patient-safety eventsa. 

Unsupervised-interpretable explanations elucidate the 

medical rationale for predicted drug safety risk. The 

methodology and results demonstrate how GNNs can 

augment predictive safety monitoring of rapidly processed 

real-time clinical-stream data by predictive-healthcare 

analytics and safety sciences, particularly given the slow 

accumulation of direct evidence in conventional 

pharmacovigilance. Future research directions include 

exploration of a wider range of Heath Level 7 Fast Health 

Interoperability Resources data streams, applied integrative 

health-analysis of temporal multifactor agents in evaluating 

clinical conditions and diseases, and testing the approach 

against disease-prediction benchmarks using real-world 

evidence. 

GNNs provide a powerful method for predictive healthcare 

analytics over clinical data streams, particularly when 

multivariate agents are expected to affect monitored 

conditions, yet rapid (real-time) consequence evidence is 

lacking. The methodology and results demonstrate both 

prediction and explanation of the association between a drug 

and a safety event, in a real clinical context, based solely on 

clinical data stream composition. The explanatory detection 

of agent-event cause-and-effect dynamics from consequently 

processed, readily available, clinical data streams underlies 

the predictive-analytics capability of the GNN that augments 

predictive safety-monitoring over these time-sensitive 

streams. 

node type x_drug x_ae 

AE2 AdverseEvent 0.0 1.0 

AE3 AdverseEvent 0.0 1.0 

G1 Gene 0.0 0.0 

G2 Gene 0.0 0.0 

G3 Gene 0.0 0.0 

          Table : Synthetic node feature table 

7.1. Future Directions                                                           

Digital healthcare research and developments will 

inescapably utilize GNN-driven analytics of interoperable 

clinical data streams such as FHIR and OpenEHR for 

healthcare decision support, resource management, patient 

safety, outcomes research, etc. Important prospective 

research directions include (1) information fusion of clinical 

events and real-world evidence from multiple distributed 

sources with potential reliability and trustworthiness 

concerns; (2) patient characterization and clustering in the 

context of multi-dimensional disease evolution and relevant 

decision-making resources; (3) predictive safety studies in 

multi-drug treatment settings with complex system–drug 

interaction; (4) adverse event detection via longitudinal 

event pattern mining; (5) outcome prediction modeling 
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based on disease trajectory characterization; and (6) multi-

dimensional safety assessment in terms of both event and 

drug categories. These GNN research directions address 

immediate real-world problems and go beyond the 

established privacy, consent and regulatory compliance 

barriers, well beyond simple “adversarial” attacks. Coupled 

with the recently developed standards for clinical data 

streams, such studies thus constitute timely new steps toward 

the desired higher-level outcomes and benefits of digital 

health. 
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