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Abstract

Electronic health records (EHRs) are central to modern healthcare analytics but are often characterized by noise,
ambiguity, and missing information, making reliable clinical phenotyping difficult. Clinical phenotypes—observable
characteristics derived from patient data—are essential for diagnosis, prognosis, and treatment planning. Yet,
traditional supervised machine learning methods depend on large volumes of high-quality annotated data that are
difficult to obtain at scale.

This review examines the role of weak supervision in enabling scalable clinical phenotyping from noisy and
heterogeneous EHR data. Weak supervision frameworks generate labels using heuristic rules, knowledge-based
signals, or programmatic labeling functions, allowing models to learn from large datasets without extensive expert
annotation. These approaches help address challenges such as inconsistent terminology, missing values, and
temporal irregularities commonly found in clinical records.

We synthesize recent developments in scalable phenotyping systems that integrate machine learning architectures,
probabilistic labeling strategies, and multimodal data representations to extract meaningful patterns from imperfect
clinical data. The review also outlines a systems-level perspective on healthcare analytics pipelines, covering data
ingestion, model training under label uncertainty, deployment in clinical environments, and governance considerations
for responsible Al integration.

Overall, weak supervision emerges as a practical strategy for transforming noisy EHR data into usable clinical
intelligence, enabling more scalable and trustworthy analytics for healthcare decision support.
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Introduction
The evolution of Al in healthcare infrastructure

The integration of artificial intelligence (Al) into healthcare systems has fundamentally reshaped clinical analytics,
enabling the processing of vast, heterogeneous data streams from electronic health records (EHRs) to inform patient
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care. Since the widespread adoption of EHRs in the early 2010s, healthcare infrastructure has evolved from siloed data
repositories to interconnected ecosystems that leverage Al for real-time analytics and decision support [1-3]. This shift is
driven by the need to handle the exponential growth in clinical data, including structured elements like vital signs and
laboratory results, alongside unstructured narratives such as physician notes and imaging reports. Al technologies,
particularly machine learning (ML) models, have been pivotal in extracting meaningful patterns from this data deluge,
facilitating applications ranging from predictive risk assessment to personalized intervention strategies [4-6].

In the context of healthcare systems, Al enhances infrastructure by automating data harmonization and integration across
disparate sources. For instance, deep representation learning techniques have been employed to unlock patient
stratification at scale, transforming raw EHR inputs into latent embeddings that capture complex clinical trajectories [4].
Such methods address the infrastructural challenges of data silos, where interoperability standards like HL7 FHIR are
often inconsistently implemented, leading to fragmented analytics pipelines. Moreover, Al-driven analytics support
population health management by identifying cohorts for targeted interventions, as seen in models that infer multimodal
latent topics from EHRs to reveal hidden disease patterns [7-9]. These advancements underscore the role of Al in
building resilient healthcare infrastructures that prioritize scalability and efficiency.

However, the promise of Al in healthcare is tempered by the realities of data quality. EHRs are notoriously noisy, with
ambiguities arising from coding inconsistencies, temporal drifts, and incomplete documentation [10]. Traditional analytics
approaches, reliant on clean, labeled datasets, falter in these environments, necessitating innovative paradigms like weak
supervision to enable scalable phenotyping.

Challenges in clinical phenotyping with noisy data

Clinical phenotyping—the process of deriving computable representations of patient states from raw data—is central to
Al-enabled healthcare analytics. Phenotypes serve as proxies for underlying health conditions, enabling downstream
tasks such as disease classification, outcome prediction, and treatment optimization [1]. Yet, in noisy EHRs, phenotyping
is fraught with ambiguity: terms like “hypertension” may be documented variably across providers, missing data can skew
representations, and contextual factors (e.g., comorbidities) introduce uncertainty [7]. These issues are exacerbated in
large-scale systems where manual labeling by clinicians is impractical, often limited to small subsets of data due to time
and expertise constraints [11-13].

Weak supervision emerges as a response to these challenges, offering a scalable labeling theory that utilizes imperfect,
programmatic labels instead of gold-standard annotations. By aggregating multiple weak sources—such as heuristic
rules, external knowledge graphs, or proxy signals—models can be trained on vast, unlabeled EHR corpora with reduced
bias [14, 15]. This approach aligns with the infrastructural demands of modern healthcare, where analytics must operate
under resource constraints while maintaining clinical relevance. Literature from this period highlights how weak
supervision mitigates label noise, as in predictive modeling for depression using novel ML architectures [5] or sepsis early
warning systems that process unstructured data [8].

Ambiguity in EHRs further complicates phenotyping, manifesting as semantic vagueness (e.g., “possible infection” vs.
confirmed diagnosis) or structural inconsistencies (e.g., varying data formats across institutions). Scalable labeling
theories address this by incorporating probabilistic frameworks that model uncertainty, allowing for robust phenotype
extraction even in high-noise settings [2]. Such theories are particularly vital in analytics for critical care, where timely
phenotyping can influence life-saving decisions [14].

Al analytics for handling ambiguity and noise

Al analytics in healthcare have increasingly focused on techniques that tolerate and even exploit data ambiguity. Deep
learning models, for example, combine token selection with representation learning to phenotype patients from noisy
EHRs, achieving scalability without exhaustive preprocessing [1]. Explainable Al (XAl) methods enhance this by providing
interpretable predictions, crucial for clinical trust in ambiguous scenarios [2]. In systems-level analytics, these tools
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integrate with broader infrastructures, such as predictive algorithms for acute iliness that learn from raw EHR inputs [2], or
multimodal models that fuse text, time-series, and imaging data [9].

The literature also emphasizes the ethical dimensions of Al analytics under ambiguity. Algorithmic fairness frameworks
ensure that phenotyping models do not perpetuate biases in noisy data, particularly in diverse populations [12]. Similarly,
uncertainty quantification in ML outputs helps clinicians navigate ambiguous phenotypes, preventing over-reliance on
potentially flawed predictions [7]. These analytics extend to specialized domains, like mental health phenotyping [5] or
surgical risk assessment, where weak supervision enables the creation of scalable, noise-resilient models.

Governance in Al analytics is another critical facet, involving standards for data privacy, model validation, and integration
into clinical workflows. As healthcare systems adopt Al, analytics must incorporate feedback mechanisms to recalibrate
models based on real-world performance, addressing drifts in data distribution [16, 17].

Positioning this review: scope and synthesis logic

This narrative review synthesizes Al advancements in healthcare systems and analytics from 2017 to 2021, focusing on
weak supervision for clinical phenotyping under EHR ambiguity. Unlike prior reviews that catalog ML applications
taxonomically, we adopt an original systems-level framing that integrates data ingestion, model training, deployment, and
governance as interconnected components of a scalable labeling theory. Our synthesis logic draws cross-study insights
to construct interpretive structures, such as end-to-end analytics loops, emphasizing how weak supervision transforms
noisy EHRs into reliable phenotypic intelligence. By prioritizing infrastructural and analytical synergies, we position weak
supervision as a foundational paradigm for equitable, efficient healthcare delivery, grounded in the approved literature
without introducing new empirical elements.

Landscape of Al in Healthcare Systems and Analytics
Data foundations and infrastructural integration

The landscape of Al in healthcare systems begins with robust data foundations, where EHRs serve as the primary
substrate for analytics. Between 2017 and 2021, advancements in Al have focused on integrating disparate data sources
into cohesive infrastructures, enabling analytics at scale [3]. Deep learning models have been instrumental in processing
raw EHR data, generating accurate predictions for clinical outcomes like in-hospital mortality [18, 19]. These systems
leverage scalable architectures to handle the volume and variety of data, from structured codes to free-text notes,
fostering a unified analytics ecosystem [4].

Infrastructural integration extends to interoperability, where Al facilitates data harmonization across institutions. For
example, representation learning techniques create embeddings that capture patient similarities despite noisy inputs,
supporting population-level analytics [4]. This is complemented by generative models that synthesize high-fidelity patient
data for testing analytics pipelines, addressing privacy concerns in shared infrastructures [10]. Such approaches ensure
that healthcare systems can deploy Al analytics without compromising data integrity, a key consideration in governance
frameworks [17].

Analytics in this landscape also emphasize real-time data processing, as seen in models for sepsis prediction using
unstructured EHR elements [8]. By incorporating temporal dynamics, these systems provide a foundation for proactive
healthcare, where analytics inform infrastructural decisions like resource allocation [14].

Machine learning paradigms for clinical analytics

Machine learning paradigms dominate the Al landscape in healthcare analytics, with a shift toward handling noisy and
ambiguous data. Supervised models, while effective, often require clean labels, prompting the adoption of weak
supervision strategies [1]. These paradigms use heuristic labeling to train on large EHR datasets, enabling phenotyping
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under ambiguity [9]. For instance, token selection in deep learning enhances patient phenotyping by focusing on salient
features amid noise [1].

Explainable ML has gained prominence, providing transparency in analytics outputs [2]. Models that predict acute critical
illness from EHRSs incorporate interpretability to build clinician trust, crucial for adoption in healthcare systems [2].
Similarly, uncertainty-aware algorithms in sepsis detection acknowledge data ambiguities, outputting “I don’t know” when
confidence is low [13]. This paradigm extends to fairness-aware analytics, mitigating biases in population health models
[12].

Advanced paradigms like multimodal learning integrate diverse EHR modalities for comprehensive analytics [9]. Inferring
latent topics from text and time-series data reveals hidden phenotypes, supporting analytics in complex diseases [9]. In
mental health, predictive modeling uses novel Al approaches to analyze EHRs for depression and anxiety, demonstrating
the versatility of these paradigms [5].

Applications in predictive and risk analytics

Predictive analytics form a core application area in the Al healthcare landscape, leveraging EHRs for outcome
forecasting. Models for in-hospital mortality use ML to process admission data, achieving high accuracy in noisy
environments [19]. Similarly, lung cancer survival estimation employs EHR-based algorithms to identify at-risk cohorts
[20].

Risk analytics extend to specialized domains, such as violence assessment in inpatient settings using clinical notes [21].
These applications synthesize EHR signals to generate probabilistic risks, informing preventive measures [21]. In atrial
fibrillation prediction, harmonized EHR data feeds ML models for early detection [22]. Hospital readmission analytics
compare ML to standard rules, highlighting Al's superiority in handling ambiguity [23].

Emergency department triage benefits from ML-based outcome prediction, optimizing resource use [24]. Delirium risk
models validate against EHR cohorts, demonstrating practical utility [25]. These applications underscore how Al analytics
enhance healthcare systems by providing actionable insights from noisy data.

Ethical and governance considerations in analytics

The landscape includes a strong emphasis on ethical Al in healthcare analytics. Ambient intelligence in hospitals raises
legal concerns, necessitating governance for privacy and consent [17]. Diagnostic error reduction through Al must
address health disparities, ensuring equitable analytics [18].

Governance frameworks advocate for uncertainty communication in ML, preventing harm from ambiguous predictions [7].
Patient safety scoping reviews highlight Al's potential to mitigate risks, but stress validation in real systems [14].
Translational perspectives on Al in clinical development emphasize ethical deployment [6].

In analytics for surgical discharge, ML aids processes while incorporating governance for bias mitigation [26, 27]. Cancer
mortality prediction validates algorithms with ethical considerations for outpatient use [28]. Overall, this landscape
integrates ethics into Al systems, ensuring analytics align with healthcare values.

Synthesis of systems-level analytics

Synthesizing the landscape, Al in healthcare systems and analytics forms an interconnected web, where data
infrastructures support ML paradigms for predictive applications, all under ethical governance. Weak supervision threads
through this, enabling scalable analytics in noisy EHRs [15]. Cross-study analysis reveals synergies, such as combining
explainable models with risk prediction to create trustworthy systems [2, 11]. This original synthesis frames Al as a holistic
enabler, transforming raw data into systemic intelligence for improved healthcare delivery.



Meyer et al. J. Health Inform. Digit. Syst. (2021) 1:4

Page 5 of 14
https://doi.org//0262985102 9

Intelligent clinical decision and closed-loop healthcare systems

Architectures for Al-enabled decision support

Intelligent clinical decision support systems (CDSS) represent the pinnacle of Al integration in healthcare, where analytics
directly influence real-world actions. Architectures for these systems typically encompass data ingestion, model inference,
and output integration into clinical workflows [3]. In EHR-centric designs, deep learning architectures process noisy inputs
to generate phenotypic insights, supporting decisions in acute care [2]. Scalable models for EHR-based prediction
exemplify this, using convolutional and recurrent layers to handle temporal ambiguities [3].

Weak supervision enhances these architectures by providing labeling mechanisms that tolerate noise, allowing for
phenotyping in resource-limited settings [1]. For instance, token selection in deep networks focuses on ambiguous
signals, refining decision outputs [1]. Explainable architectures incorporate attention mechanisms to highlight decision
rationales, fostering human-Al collaboration [2].

Closed-loop systems extend these architectures by incorporating feedback, where decisions trigger interventions that
generate new data for model refinement [16]. In sepsis management, Al architectures predict and monitor, closing the
loop through continuous EHR updates [8, 13]. Risk stratification architectures, like those for mortality prediction, integrate
probabilistic outputs into decision trees, enabling adaptive responses [19].

Ethical architectures emphasize fairness and uncertainty, embedding modules for bias detection and confidence
calibration [7, 12]. This ensures decisions are equitable across populations, crucial in diverse healthcare systems [18].

Integration of phenotyping in decision loops

Clinical phenotyping underpins intelligent decision systems, serving as the bridge between raw EHR data and actionable
insights. In ambiguous environments, weak supervision enables scalable phenotyping by aggregating noisy labels into
robust representations [4, 9]. Architectures for phenotyping integrate multimodal data, inferring phenotypes that inform
decisions in mental health [5] or critical illness [2].

Closed-loop integration involves phenotyping outputs feeding into decision engines, which in turn influence interventions.
For example, delirium risk phenotyping from EHRs supports real-time alerts, closing the loop via clinician feedback [25].
Violence risk phenotyping uses notes to generate alerts, adapting decisions based on ongoing data [21].

In predictive loops, phenotyping architectures for atrial fibrillation or readmissions harmonize data for decision support
[22, 23]. These systems model ambiguity through probabilistic phenotyping, ensuring decisions account for uncertainty

[71.

Governance in phenotyping loops includes recalibration mechanisms, addressing data drifts in dynamic healthcare
environments [16]. This synthesis highlights phenotyping as the core of intelligent systems, enabling closed-loop
analytics.

Feedback mechanisms and human-Al fusion

Feedback mechanisms are essential for closed-loop healthcare systems, allowing architectures to evolve with new data.
In Al-driven systems, feedback loops recalibrate models based on intervention outcomes, as in emergency triage, where
predictions refine over time [24]. Uncertainty-aware feedback, where models defer ambiguous cases to humans,
enhances safety [13].

Human-Al fusion architectures blend phenotypic insights with clinician judgment, using XAl to facilitate shared decisions
[2, 29]. In surgical care, discharge models incorporate feedback for iterative improvement [27]. Cancer outcome
phenotyping fuses Al predictions with oncologist input, closing loops through longitudinal EHR updates [28].
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Ethical feedback ensures disparities are monitored, adjusting decisions for fairness [12, 18]. This fusion creates resilient
systems, where Al augments human intelligence in ambiguous scenarios. Figure 1 illustrates the clinical phenotyping
system, which is under ambiguity.

Governed Clinical Phenotyping System Under Ambiguity
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Figure 1. Closed-loop weak supervision architecture for clinical phenotyping under EHR ambiguity.

The figure depicts weak supervision as the central labeling logic through which noisy, incomplete, and semantically
inconsistent EHR data are transformed into uncertainty-aware clinical phenotypes. These phenotypes feed decision
support and workflow interventions, while outcome monitoring, fairness review, and recalibration mechanisms
continuously update labeling and decision logic in response to evolving clinical environments.

The diagram uses dashed lines for uncertainty flows and solid arrows for data progression, with color gradients (blue for
data, green for intelligence, red for decisions) to denote phases. Caption: “Schematic of a closed-loop Al system for

clinical phenotyping in ambiguous EHRs, integrating weak supervision for scalable analytics.”

Table 1 formalizes how distinct ambiguity sources in EHRs map onto specific weak supervision mechanisms, residual
risks, and governance requirements.

Table 1. Ambiguity sources in EHR phenotyping and the corresponding weak supervision resolution mechanisms

Ambiguity Typical Phenotyping Weak Residual analytic Governance
domain in manifestation in consequence supervision risk requirement
EHRs records resolution
mechanism
Semantic Variable Unstable Heuristic labeling  Misclassification Terminology
ambiguity terminology, phenotype functions through lexical review, clinician
uncertain phrasing, boundaries and combined with overreach or validation, and
inconsistent clinical inconsistent case terminology- under-capture periodic rule
descriptors identification aware rules and revision
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knowledge-guided

signals
Missingness and  Absent laboratory  Partial phenotype Proxy labeling False reassurance Missingness
incompleteness values, sparse representation  through correlated  from sparse but auditing and
notes, and and distorted indicators and weakly positive  explicit uncertainty
incomplete feature salience probabilistic signals communication
medication aggregation
histories across partial
evidence
Temporal Delayed Misaligned Time-aware Temporal leakage Timestamp quality
ambiguity documentation, phenotype onset labeling functions and incorrect event checks and
asynchronous and inaccurate and sequence- ordering temporal
event recording, longitudinal sensitive validation
unclear onset interpretation aggregation logic protocols
timing
Structural Cross-site Poor portability of Multi-source Institutional bias Cross-site
heterogeneity differences in phenotype labeling and transportability ~ calibration and
templates, coding  definitions across  abstractions that failure interoperability
systems, and note institutions decouple mapping
formats phenotype logic
from any single
data schema
Contextual Similar signals Confounded Conditional Hidden Context-specific
ambiguity arising from phenotype labeling strategies confounding in error audits and
different assignment and that incorporate phenotype subgroup
comorbidities or inflated false co-occurring construction performance
care-context positives features and care review
scenarios context
Label conflict Disagreement Uncertain Probabilistic label Over-weighting Source reliability
across weak between rules, supervision target modeling to unreliable label monitoring and
sources proxy indicators, and unstable estimate source sources threshold
and distant downstream reliability and governance
supervision signals training reconcile conflicts
Population Uneven data Differential Fairness-aware Amplified Equity auditing,
representation quality or phenotype label refinement disparities in subgroup
ambiguity documentation sensitivity and and subgroup- downstream calibration, and
intensity across  fairness distortion aware decision support bias mitigation
subgroups aggregation review

checks

Results and Discussion

The application of weak supervision in clinical phenotyping within noisy electronic health records (EHRS) represents a
transformative approach in artificial intelligence (Al) for healthcare systems and analytics. This paradigm shifts the focus
from resource-intensive manual labeling to scalable, programmatic methods that leverage imperfect signals to derive
reliable phenotypes, thereby enhancing the infrastructural backbone of clinical decision-making [1, 3]. By synthesizing
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insights across the reviewed literature, it becomes evident that weak supervision addresses core inefficiencies in
healthcare analytics, such as data heterogeneity and ambiguity, which traditional supervised learning struggles to
overcome [4, 9]. For instance, integrating token selection with deep learning allows for patient phenotyping that scales
across large cohorts, revealing latent patterns in EHRs that inform stratified care [1, 4]. This synthesis underscores a
systems-level synergy where analytics not only process noisy data but also contribute to closed-loop infrastructures,
feeding phenotypic intelligence back into operational workflows [16].

Table 2 reconstructs the manuscript’s closed-loop logic by specifying how weakly supervised phenotyping progresses
from ambiguous inputs to governed clinical action across the full healthcare analytics system.

Table 2. Systems-level progression from weak labels to governed clinical action in closed-loop phenotyping architectures

System Primary analytic Dominant Output Principal failure ~ Operational Governance
stage function uncertainty artifact mode success checkpoint
burden criterion
Data Consolidate Missingness, Harmonized  Data distortion Sufficient Data
ingestion structured and  inconsistency, patient-level  before labeling representational  provenance
unstructured EHR = and source input set begins coverage of review and
inputs into a fragmentation relevant clinical privacy
usable analytic signals compliance
substrate
Weak Generate scalable Rule fragility, = Weak label Noise Acceptable label Label source
supervision supervisory proxy matrix or amplification coherence documentation
construction signals without mismatch, probabilistic through across sources  and reliability
exhaustive and inter- supervisory unreliable and contexts audit
manual annotation source structure labeling
disagreement functions
Phenotype Convert noisy Boundary Computable Unstable Clinically Clinical face-
synthesis supervision into uncertainty phenotype phenotype plausible and  validity review
stable patient- and latent state or class definitions analytically and subgroup
level phenotype confounding  assignment  across time or reproducible evaluation
representations sites phenotype
output
Model Use phenotype Confidence Risk score, Overconfident Decision Uncertainty
inference representations to instability and  alert, triage  recommendation usefulness calibration and
and decision generate scores, threshold signal, or under without human-
support alerts, or sensitivity ranked ambiguous input  excessive false override
recommendations prediction conditions escalation protocol
Workflow Translate model- Context Escalation, Alert fatigue, Timely Clinical
intervention  supported outputs mismatch treatment  workflow friction, integration into workflow
into clinical or between trigger, and care processes governance
operational action analytic output  monitoring inappropriate with actionable and
and real action, or escalation relevance accountability
workflow resource assignment
conditions allocation

change
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Outcome  Capture real-world  Attribution Performance Failure to detect Reliable Continuous
feedback performance after  uncertainty metrics, degradation or monitoring of  monitoring and

intervention and  and outcome clinical unintended both model and post-
decision use delay response consequences care-process deployment
signals, and effects surveillance
drift markers
Recalibration ~ Update labels, Policy lag, Revised Closed-loop Adaptive Fairness audit,
and system thresholds, and  fairness drift, labeling failure through ~ maintenance of threshold
governance operating rules in and stale functions, static validity, fairness, revision, and
response to labeling logic  thresholds, governance and usability formal update
feedback and oversight authorization

rules

A key implication of this approach is its potential to democratize Al in healthcare, making advanced analytics accessible in
under-resourced settings where expert annotations are scarce [10]. Literature highlights how weak supervision facilitates
applications like sepsis prediction from unstructured data, where heuristic labels aggregate to produce robust models
despite inherent ambiguities [8]. Similarly, in mental health analytics, noisy EHR signals are harnessed to model
depression and anxiety, demonstrating the versatility of weak labeling theories in capturing subtle phenotypic nuances [5].
However, this scalability introduces interpretive challenges, as aggregated labels may propagate biases if not carefully
governed [12]. Cross-study analysis reveals that explainable Al frameworks mitigate this by communicating uncertainties,
ensuring that phenotypic outputs align with clinical realities [2, 7].

From an infrastructural perspective, weak supervision strengthens healthcare systems by enabling seamless integration
of Al into existing EHR platforms. Models for acute illness prediction exemplify this, where scalable deep learning
operates directly on raw records, bypassing extensive preprocessing [3]. This integration extends to risk analytics, such
as in-hospital mortality estimation, where phenotypic insights derived under ambiguity guide resource allocation [19].
Ethical considerations are paramount here, as ambient Al in hospitals must balance innovation with legal safeguards for
data privacy [17]. The discussion also points to disparities in Al-driven phenotyping, where noisy data from
underrepresented groups could exacerbate inequities unless fairness algorithms are embedded [12, 18].

Moreover, the role of weak supervision in fostering human-Al collaboration cannot be overstated. In decision support
architectures, phenotypic outputs serve as advisory inputs, allowing clinicians to override ambiguous predictions [29].
This fusion is evident in violence risk assessment from clinical notes, where weak labels enable proactive interventions
while preserving clinician autonomy [21]. Synthesizing these elements, weak supervision emerges as a labeling theory
that not only tolerates but exploits EHR noise, creating adaptive analytics ecosystems. Yet, its efficacy depends on
governance structures that monitor for data drifts, as seen in COVID-19 admission models [16]. Overall, this discussion
integrates the literature to frame weak supervision as a pivotal enabler of resilient healthcare systems, where analytics
evolve from static tools to dynamic components of clinical intelligence.

Challenges

Despite the advancements in weak supervision for clinical phenotyping, several challenges persist in its application to
noisy EHRs within Al-driven healthcare systems and analytics. One primary technical hurdle is the management of label
noise amplification, where weak signals—though scalable—can introduce inconsistencies that degrade model
performance in ambiguous settings [1, 13]. For example, in sepsis detection models, unstructured data ambiguities like
vague clinical descriptors may lead to false positives if labeling functions are not rigorously validated [8]. This challenge is
compounded by temporal drifts in EHRS, where patient data evolves, necessitating continuous recalibration that weak
supervision frameworks must accommodate [16].
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Data heterogeneity across healthcare infrastructures poses another significant barrier. EHRs vary widely in format and
quality between institutions, complicating the portability of phenotyping models [4, 10]. Literature indicates that synthetic
data generation helps simulate diverse scenarios, but real-world ambiguities often exceed simulated noise, limiting
generalizability [10]. In predictive analytics for outcomes like atrial fibrillation, harmonizing disparate EHR sources
requires sophisticated preprocessing, which weak supervision partially addresses but does not fully resolve [22].

Ethical and fairness challenges are equally pressing. Algorithmic biases in weak labels can perpetuate disparities,
particularly in population health analytics, where underrepresented groups are underrepresented in training data [12, 18].
For instance, mental health phenotyping models may overlook cultural nuances in EHR documentation, leading to
inequitable risk assessments [5]. Governance issues arise in ensuring transparency, as black-box models under weak
supervision hinder traceability of phenotypic derivations [2, 7]. Legal aspects of Al deployment in hospitals amplify this,
with liability concerns when ambiguous phenotypes inform decisions [17].

Deployment challenges include integration into clinical workflows, where Al must coexist with human judgment without
causing alert fatigue [14, 21]. In delirium risk modeling, for example, noisy EHR inputs can generate unreliable alerts,
eroding trust [25]. Resource constraints in healthcare systems further exacerbate this, as weak supervision, while
reducing annotation needs, still demands computational infrastructure for large-scale training [3, 6].

Uncertainty handling remains a core limitation. Models that “say | don't know” are a step forward, but in phenotyping
under high ambiguity, quantifying uncertainty across multiple weak sources is complex [7, 13]. Cross-study synthesis
reveals that patient safety is at risk if these uncertainties are not communicated effectively, as in surgical discharge
analytics [14, 27]. Finally, validation in real-world settings is challenging, with prospective evaluations often revealing gaps
between controlled studies and noisy clinical environments [19, 28]. These challenges highlight the need for robust
frameworks to fully realize weak supervision’s potential in healthcare analytics.

Future research directions

Building on the synthesized literature, future research in weak supervision for clinical phenotyping should prioritize
enhancing scalability and robustness in noisy EHRs to advance Al in healthcare systems and analytics. One direction
involves refining labeling theories to better incorporate multimodal data ambiguities, extending beyond text to integrate
imaging and genomics for comprehensive phenotypes [9, 15]. This could involve developing hybrid weak supervision
frameworks that fuse distant supervision with domain-specific heuristics, addressing gaps in current models for complex
diseases [4, 5].

Another avenue is improving uncertainty quantification in phenotyping pipelines, building on explainable Al to create
adaptive systems that dynamically adjust labels based on real-time feedback [2, 7]. Research could explore probabilistic
graphical models for aggregating weak signals, ensuring phenotypes remain reliable amid evolving EHR noise [13]. In
infrastructural terms, future work should focus on federated learning paradigms that enable cross-institution phenotyping
without data sharing, mitigating privacy concerns [10, 17].

Ethical integration represents a critical direction, with studies needed to embed fairness metrics directly into weak
supervision algorithms, preventing bias amplification in diverse populations [12, 18]. This includes longitudinal evaluations
of phenotyping equity in applications like violence risk assessment or cancer prognosis [21, 28].

Deployment-oriented research should investigate closed-loop systems with human-in-the-loop validation, optimizing Al-
clinician interactions in ambiguous scenarios [14, 29]. For predictive analytics, prospective trials could assess the impact
of weak supervision on outcomes like readmissions or triage efficiency [23, 24].

Finally, governance research directions include standardizing validation protocols for weak supervision models, ensuring
translational success from bench to bedside [6, 11]. By pursuing these paths, grounded in the 2017-2021 literature, weak
supervision can evolve into a cornerstone of equitable, intelligent healthcare systems.
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Conclusion

In conclusion, weak supervision offers a scalable labeling theory for clinical phenotyping under ambiguity in noisy EHRs,
fundamentally enhancing Al applications in healthcare systems and analytics. By synthesizing the literature, this review
demonstrates how this paradigm transforms heterogeneous data into actionable intelligence, supporting predictive
modeling, decision architectures, and closed-loop workflows. Despite challenges in noise management, ethics, and
deployment, its potential to foster equitable, efficient care is evident. Ultimately, weak supervision positions Al as an
integral component of modern healthcare, bridging data ambiguities to improve patient outcomes.
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