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Abstract
Background: The adoption of remote patient monitoring in home-based care, chronic disease management, and hospital-at-home services creates opportunities to improve clinical services, but technical performance alone does not establish patient benefit. Objective: To critically examine applications, evidence, safety, equity, and implementation of remote patient monitoring. Approach: This narrative review develops an analytical synthesis of established clinical AI principles and reporting guidance; it does not report a systematic search, a new dataset, or an empirical trial. Findings: Key opportunities include early deterioration alerts, follow-up prioritization, and longitudinal risk estimation. Important limitations include missingness, device adherence, and changes in individual baselines, as well as alarm fatigue, measurement error, and delayed escalation. Responsible adoption requires shared escalation rules, patient consent, and clinician accountability, transparent reporting, and evaluation of timely intervention, avoidable admissions, patient burden, and false alarms. Conclusion: The clinical value of remote patient monitoring depends on fit with the care pathway, prospective evaluation, accountable human oversight, and sustained monitoring after deployment.
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Introduction
Remote patient monitoring has become an increasingly visible part of debates about the future of healthcare. In home-based care, chronic disease management, and hospital-at-home services, proposed systems promise faster processing of information, more consistent decision support, and better coordination across services. These ambitions should not be confused with established clinical effectiveness. A system may perform well on curated examples while introducing new risks in a busy clinic. The central question is therefore not whether a model can produce a technically plausible output, but whether its use changes decisions and patient experiences for the better . (Kvedar et al., 2014; Steinhubl et al., 2015)
This review approaches remote patient monitoring as a sociotechnical intervention rather than a stand-alone algorithm. The intervention includes the data pipeline, interface, clinical protocols, staff training, escalation rules, and institutional incentives. Its effects can differ markedly across settings, particularly where resources, staffing, and populations vary. Claims of universal performance are therefore difficult to justify without evidence from more than one clinical environment.
The discussion is a narrative synthesis, not a systematic review or meta-analysis. It presents an original conceptual framework for evaluating remote patient monitoring through five linked questions: who is served, what information is used, which decisions change, what harms may occur, and who remains accountable. The framework is intended to help editors, investigators, and implementers distinguish technological possibility from defensible clinical adoption.
Clinical Context and Intended Use
Accounting for contextual variation. One major difficulty is missingness, device adherence, and changes in individual baselines. Differences across hospitals, patient groups, devices, and periods can alter both the prevalence of clinical events and the meaning of the recorded variables. Even when overall discrimination appears stable, errors may be concentrated in populations that were underrepresented during development. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details. (Inglis et al., 2015; Obermeyer et al., 2019)
Interpreting performance. Evaluation should cover timely intervention, avoidable admissions, patient burden, and false alarms. No single statistic is sufficient: high average accuracy may coexist with unacceptable false alarms, delayed action, or unequal results. Investigators should report uncertainty, clinically meaningful thresholds, and the consequences of false-positive and false-negative outputs. When possible, comparisons should include existing care rather than a hypothetical no-tool baseline. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Protecting patients. Potential harms include alarm fatigue, measurement error, and delayed escalation. These risks arise not only from a model error but also from how users interpret the output, whether an alert arrives at a useful moment, and whether there is capacity to respond. Safety plans should define escalation pathways, override rights, incident review, and explicit criteria for pausing the system. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Data Sources and Measurement
Protecting patients. Potential harms include alarm fatigue, measurement error, and delayed escalation. These risks arise not only from a model error but also from how users interpret the output, whether an alert arrives at a useful moment, and whether there is capacity to respond. Safety plans should define escalation pathways, override rights, incident review, and explicit criteria for pausing the system. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Embedding responsible oversight. Effective governance requires shared escalation rules, patient consent, and clinician accountability. Responsibilities must be assigned to named roles rather than left to an abstract committee. A documented review schedule should consider changes in model versions, clinical guidelines, population characteristics, and user behavior. The World Health Organization (2021) emphasizes the importance of accountability, inclusiveness, and transparency in health AI. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Defining the intended population. For remote patient monitoring, a deployment plan must identify the population, care setting, intended user, and precise decision being supported. Early deterioration alerts, follow-up prioritization, and longitudinal risk estimation are distinct tasks and should not be bundled under one vague performance claim. A model that supports a specialist may be inappropriate for direct patient use. The expected action after an output must be written down before evaluation begins. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Technical Approaches and Design Choices
Defining the intended population. For remote patient monitoring, a deployment plan must identify the population, care setting, intended user, and precise decision being supported. Early deterioration alerts, follow-up prioritization, and longitudinal risk estimation are distinct tasks and should not be bundled under one vague performance claim. A model that supports a specialist may be inappropriate for direct patient use. The expected action after an output must be written down before evaluation begins. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Understanding data provenance. The underlying information may include wearable signals, symptom reports, and home measurements. Each source carries assumptions about collection, coding, missing values, and clinical interpretation. Data captured for routine operations are not necessarily suitable for training or validating a model. Institutions should document inclusion criteria, measurement timing, label quality, and any changes in the source systems. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Accounting for contextual variation. One major difficulty is missingness, device adherence, and changes in individual baselines. Differences across hospitals, patient groups, devices, and periods can alter both the prevalence of clinical events and the meaning of the recorded variables. Even when overall discrimination appears stable, errors may be concentrated in populations that were underrepresented during development. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Evidence and Validation
Accounting for contextual variation. One major difficulty is missingness, device adherence, and changes in individual baselines. Differences across hospitals, patient groups, devices, and periods can alter both the prevalence of clinical events and the meaning of the recorded variables. Even when overall discrimination appears stable, errors may be concentrated in populations that were underrepresented during development. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Interpreting performance. Evaluation should cover timely intervention, avoidable admissions, patient burden, and false alarms. No single statistic is sufficient: high average accuracy may coexist with unacceptable false alarms, delayed action, or unequal results. Investigators should report uncertainty, clinically meaningful thresholds, and the consequences of false-positive and false-negative outputs. When possible, comparisons should include existing care rather than a hypothetical no-tool baseline. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Protecting patients. Potential harms include alarm fatigue, measurement error, and delayed escalation. These risks arise not only from a model error but also from how users interpret the output, whether an alert arrives at a useful moment, and whether there is capacity to respond. Safety plans should define escalation pathways, override rights, incident review, and explicit criteria for pausing the system. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Safety and Failure Modes
Protecting patients. Potential harms include alarm fatigue, measurement error, and delayed escalation. These risks arise not only from a model error but also from how users interpret the output, whether an alert arrives at a useful moment, and whether there is capacity to respond. Safety plans should define escalation pathways, override rights, incident review, and explicit criteria for pausing the system. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Embedding responsible oversight. Effective governance requires shared escalation rules, patient consent, and clinician accountability. Responsibilities must be assigned to named roles rather than left to an abstract committee. A documented review schedule should consider changes in model versions, clinical guidelines, population characteristics, and user behavior. The World Health Organization (2021) emphasizes the importance of accountability, inclusiveness, and transparency in health AI. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Defining the intended population. For remote patient monitoring, a deployment plan must identify the population, care setting, intended user, and precise decision being supported. Early deterioration alerts, follow-up prioritization, and longitudinal risk estimation are distinct tasks and should not be bundled under one vague performance claim. A model that supports a specialist may be inappropriate for direct patient use. The expected action after an output must be written down before evaluation begins. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Human Factors and Workflow Integration
Defining the intended population. For remote patient monitoring, a deployment plan must identify the population, care setting, intended user, and precise decision being supported. Early deterioration alerts, follow-up prioritization, and longitudinal risk estimation are distinct tasks and should not be bundled under one vague performance claim. A model that supports a specialist may be inappropriate for direct patient use. The expected action after an output must be written down before evaluation begins. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Understanding data provenance. The underlying information may include wearable signals, symptom reports, and home measurements. Each source carries assumptions about collection, coding, missing values, and clinical interpretation. Data captured for routine operations are not necessarily suitable for training or validating a model. Institutions should document inclusion criteria, measurement timing, label quality, and any changes in the source systems. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Accounting for contextual variation. One major difficulty is missingness, device adherence, and changes in individual baselines. Differences across hospitals, patient groups, devices, and periods can alter both the prevalence of clinical events and the meaning of the recorded variables. Even when overall discrimination appears stable, errors may be concentrated in populations that were underrepresented during development. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Equity, Privacy, and Ethics
Accounting for contextual variation. One major difficulty is missingness, device adherence, and changes in individual baselines. Differences across hospitals, patient groups, devices, and periods can alter both the prevalence of clinical events and the meaning of the recorded variables. Even when overall discrimination appears stable, errors may be concentrated in populations that were underrepresented during development. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Interpreting performance. Evaluation should cover timely intervention, avoidable admissions, patient burden, and false alarms. No single statistic is sufficient: high average accuracy may coexist with unacceptable false alarms, delayed action, or unequal results. Investigators should report uncertainty, clinically meaningful thresholds, and the consequences of false-positive and false-negative outputs. When possible, comparisons should include existing care rather than a hypothetical no-tool baseline. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Protecting patients. Potential harms include alarm fatigue, measurement error, and delayed escalation. These risks arise not only from a model error but also from how users interpret the output, whether an alert arrives at a useful moment, and whether there is capacity to respond. Safety plans should define escalation pathways, override rights, incident review, and explicit criteria for pausing the system. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Implementation and Governance
Protecting patients. Potential harms include alarm fatigue, measurement error, and delayed escalation. These risks arise not only from a model error but also from how users interpret the output, whether an alert arrives at a useful moment, and whether there is capacity to respond. Safety plans should define escalation pathways, override rights, incident review, and explicit criteria for pausing the system. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Embedding responsible oversight. Effective governance requires shared escalation rules, patient consent, and clinician accountability. Responsibilities must be assigned to named roles rather than left to an abstract committee. A documented review schedule should consider changes in model versions, clinical guidelines, population characteristics, and user behavior. The World Health Organization (2021) emphasizes the importance of accountability, inclusiveness, and transparency in health AI. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Defining the intended population. For remote patient monitoring, a deployment plan must identify the population, care setting, intended user, and precise decision being supported. Early deterioration alerts, follow-up prioritization, and longitudinal risk estimation are distinct tasks and should not be bundled under one vague performance claim. A model that supports a specialist may be inappropriate for direct patient use. The expected action after an output must be written down before evaluation begins. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Evaluation Framework
Defining the intended population. For remote patient monitoring, a deployment plan must identify the population, care setting, intended user, and precise decision being supported. Early deterioration alerts, follow-up prioritization, and longitudinal risk estimation are distinct tasks and should not be bundled under one vague performance claim. A model that supports a specialist may be inappropriate for direct patient use. The expected action after an output must be written down before evaluation begins. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Understanding data provenance. The underlying information may include wearable signals, symptom reports, and home measurements. Each source carries assumptions about collection, coding, missing values, and clinical interpretation. Data captured for routine operations are not necessarily suitable for training or validating a model. Institutions should document inclusion criteria, measurement timing, label quality, and any changes in the source systems. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Accounting for contextual variation. One major difficulty is missingness, device adherence, and changes in individual baselines. Differences across hospitals, patient groups, devices, and periods can alter both the prevalence of clinical events and the meaning of the recorded variables. Even when overall discrimination appears stable, errors may be concentrated in populations that were underrepresented during development. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Research Gaps and Future Directions
Accounting for contextual variation. One major difficulty is missingness, device adherence, and changes in individual baselines. Differences across hospitals, patient groups, devices, and periods can alter both the prevalence of clinical events and the meaning of the recorded variables. Even when overall discrimination appears stable, errors may be concentrated in populations that were underrepresented during development. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Interpreting performance. Evaluation should cover timely intervention, avoidable admissions, patient burden, and false alarms. No single statistic is sufficient: high average accuracy may coexist with unacceptable false alarms, delayed action, or unequal results. Investigators should report uncertainty, clinically meaningful thresholds, and the consequences of false-positive and false-negative outputs. When possible, comparisons should include existing care rather than a hypothetical no-tool baseline. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
Protecting patients. Potential harms include alarm fatigue, measurement error, and delayed escalation. These risks arise not only from a model error but also from how users interpret the output, whether an alert arrives at a useful moment, and whether there is capacity to respond. Safety plans should define escalation pathways, override rights, incident review, and explicit criteria for pausing the system. In home-based care, chronic disease management, and hospital-at-home services, this issue is particularly important because the same technical result may produce different actions depending on staffing, patient preferences, and local protocols. A responsible study should explain how these contextual features were assessed rather than treating them as background details.
A practical implication is that nurses, primary care teams, patients, and caregivers should jointly review examples of both appropriate and inappropriate use before implementation. They should ask what happens when consumer devices, electronic records, and telehealth platforms become unavailable, when an individual declines the intervention, and when clinical evidence conflicts with the algorithm. These questions reveal operational dependencies that performance tables cannot capture. They also support a realistic evaluation of who bears the burden of errors and who receives the benefits.
Conclusion
Remote patient monitoring should be judged as part of a care system. Its most promising applications in home-based care, chronic disease management, and hospital-at-home services involve early deterioration alerts, follow-up prioritization, and longitudinal risk estimation, but success requires evidence beyond retrospective benchmark scores. Data quality, subgroup differences, workflow effects, and escalation procedures all influence whether benefits reach patients.
A credible adoption pathway combines clear intended use, independent validation, prospective assessment, transparent reporting, and postdeployment surveillance. Particular attention is needed to missingness, device adherence, and changes in individual baselines and to the possibility of alarm fatigue, measurement error, and delayed escalation. The responsibility for clinical decisions must remain explicit even when computational tools influence those decisions.
The appropriate next step is not indiscriminate automation. It is disciplined evaluation in which clinicians, patients, technical teams, and governance bodies define measurable outcomes and stop rules before widespread use. With these safeguards, remote patient monitoring may support better care while avoiding the misleading assumption that sophisticated models are necessarily safe models.
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