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Psychosocial healthcare research is entering a period in which artificial intelligence, continuous behavioral measurement, 

adaptive intervention, equity science, and digitally mediated care are developing simultaneously rather than independently. 

Their convergence creates opportunities to measure behavior in everyday settings, tailor support dynamically, augment 

communication, and make social context more visible to care systems. It also creates substantial risks if computational 

performance is mistaken for psychological understanding, behavioral prediction for clinical benefit, personalization for patient-

centeredness, or increased data availability for equitable representation. This Horizon Review examines emerging signals across 

digital psychiatry, generative artificial intelligence, multimodal behavioral data, precision behavioral medicine, digital 

phenotyping, algorithmic fairness, social determinants, and relational care. The scan treats future horizons as evidence-bounded 

research trajectories rather than forecasts and distinguishes observed developments from proposed convergence and weak 

signals. We propose that future psychosocial healthcare research should prioritize four forms of validity simultaneously: 

empirical validity, relational validity, equity validity, and implementation validity. Nearer-term research is likely to center on 

bounded artificial intelligence augmentation and improved governance; intermediate horizons may connect multimodal sensing 

with adaptive behavioral support; longer-term possibilities involve increasingly continuous and hybrid human-digital systems 

but remain substantially uncertain. Progress will depend less on maximizing technological capability in isolation than on 

determining when computational outputs remain psychologically interpretable, clinically useful, relationally acceptable, 

structurally fair, and feasible within real health systems. 
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Introduction 

Digital technologies are increasingly embedded within 

mental-health and psychosocial care, spanning mobile 

interventions, conversational systems, remote 

assessment, social-media-derived information, sensing 

technologies, and virtual environments [1]. Yet the future 

of psychosocial healthcare cannot be understood as a 

simple progression from less technology to more 

technology. Even established digital mental-health 

interventions show uneven effectiveness, engagement, 

implementation, and usability across populations and 

settings [2]. Similarly, digital phenotyping can transform 

continuously generated behavioral traces into potentially 

informative measures, but the transition from observable 

behavior to clinically meaningful inference requires 

explicit attention to purpose, quality, safety, privacy, and 
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contextual validity [3]. Adaptive intervention science 

further demonstrates that personalization is not merely 

matching a person to a program; it involves deciding 

when, why, and under what changing conditions an 

intervention should be delivered [4]. 

These developments expose a larger conceptual problem. 

Psychological experience, observable behavior, 

therapeutic relationship, service participation, clinical 

status, organizational capability, structural disadvantage, 

and digital access are related but noninterchangeable 

domains. A model may classify language accurately 

without understanding its social meaning. A sensor may 

detect behavioral change without identifying its cause. A 

chatbot may be experienced as supportive without 

producing durable clinical benefit. An efficient workflow 

may nevertheless erode trust, exclude people with limited 

digital access, or amplify inequities embedded upstream. 

This Horizon Review therefore examines the future of 

psychosocial healthcare as a problem of cross-domain 

convergence under uncertainty. Its central argument is 

that technological capability should not be the principal 

unit of future readiness. Instead, emerging approaches 

should be evaluated jointly for empirical performance, 

psychological interpretability, relational consequences, 

equity conditions, and health-system implementability. 

The resulting synthesis is explicitly prospective and 

proposed where it extends beyond established evidence. 

Scope and horizon definition 

Horizon scanning is used here to identify developments 

that may become consequential for psychosocial research 

and care, not to predict their probability of occurrence. 

Health-related horizon-scanning methods typically 

combine identification, assessment, and prioritization of 

emerging technologies or practices, but methodological 

approaches vary substantially and do not provide a 

universal forecasting rule [5]. Accordingly, the horizons 

in this review represent differences in evidence proximity 

and translational dependency rather than deterministic 

timelines. 

The scope includes technologies and research 

architectures that can alter how psychosocial states, 

behaviors, relationships, social conditions, or care 

processes are measured, interpreted, supported, or 

governed. The horizon therefore extends beyond mental-

health applications narrowly defined. It includes 

computational support for patient communication, 

multimodal behavioral sensing, adaptive behavioral 

interventions, algorithmic fairness, social-context data, 

relational design, and workforce transformation where 

these developments affect psychological or psychosocial 

care. 

Three distinctions bound the analysis. First, a signal is an 

observable development in research, technology, 

implementation, governance, or patient experience. 

Second, an emerging horizon is an evidence-informed 

trajectory constructed from related signals. Third, a 

potential discontinuity is a plausible but poorly 

established development capable of changing 

assumptions about care. None of these categories implies 

a validated probability of future occurrence. 

Horizon-scanning approach 

The scan used targeted searches across PubMed-indexed 

scholarship, journal and publisher records, and related 

scholarly indexing sources covering horizon-scanning 

methodology and the principal domains defined in 

advance for this review. Search families addressed 

generative artificial intelligence and mental health, 

digital sensing and phenotyping, adaptive behavioral 

intervention, algorithmic bias and health equity, social 

determinants and digital readiness, patient trust, 

participatory design, and technology-related workforce 

change. Contemporary evidence was emphasized while 

retaining earlier methodological or conceptual work 

where necessary. 

Published horizon-scanning and foresight research shows 

considerable variation in signal sources, stakeholder 

involvement, search techniques, and reporting practices 

[6]. For this reason, the scan did not treat methodological 

heterogeneity as a numerical ranking problem. Candidate 

signals were instead examined for relevance to 

psychosocial healthcare, conceptual distinctiveness, 

evidence maturity, plausibility of cross-domain 

influence, equity implications, and identifiable validation 

requirements. 

Because the retrieval environment used ranked scholarly 

searches rather than a fixed database export suitable for 

reproducible prevalence estimation, the scan is not 

interpreted as an exhaustive census of publications. 

Search-result frequency is therefore never used as 

evidence that one future domain is intrinsically more 

important than another. 

Signal sources and evidence domains 

Signals were drawn from analytically distinct evidence 

domains. Computational signals included generative 

models, prediction systems, sensing platforms, and 
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multimodal models. Behavioral signals concerned 

repeated measurement, contextual adaptation, 

engagement, and dynamic intervention. Relational 

signals included patient trust, communication, perceived 

clinician presence, co-design, and human oversight. 

Structural signals concerned social determinants, 

differential digital access, representation, and power. 

Organizational signals included workflow integration, 

workforce burden, implementation infrastructure, and 

governance. 

Keeping these domains separate is important because 

digital interventions can generate inequity at multiple 

stages, including access, uptake, adherence, and 

effectiveness [7]. Information abundance itself can also 

be misleading: technical examination of mental-health-

related applications has demonstrated that actual data-

sharing behavior may diverge from privacy 

representations [8]. Signals were consequently assessed 

not only for what a technology could do, but also for the 

conditions under which its outputs are generated, 

interpreted, and acted upon. 

Signal identification and screening 

Signal identification emphasized developments capable 

of altering at least one of five psychosocial research 

functions: measurement, interpretation, intervention, 

relationship, or system organization. Signals were 

retained when they had a plausible connection to future 

care and enough empirical or methodological substance 

to define what would need to be tested next. 

Technological novelty alone was insufficient. 

Screening also distinguished evidence type. Randomized 

intervention evidence was not considered equivalent to 

observational sensing research, qualitative participatory 

evidence, algorithm audits, consensus recommendations, 

or patient-attitude surveys. This separation prevents a 

frequent horizon-scanning error in which diverse signals 

become visually or rhetorically comparable merely 

because they concern the same technology. 

Signals with clear evidence of current function but 

uncertain transfer were retained as context-dependent 

developments. Signals requiring several untested 

assumptions between current evidence and future clinical 

application were retained only as weaker horizons. 

Claims that depended primarily on speculative 

technological capability without a defensible 

psychosocial or health-system pathway were not used to 

establish priority. 

Thematic clustering 

Signals were clustered by the scientific problem they 

create rather than by technology brand or data modality. 

Five clusters emerged as particularly useful for 

organizing the scan: computational psychosocial care, 

continuous and multimodal behavioral measurement, 

adaptive behavioral intervention, equity-aware data and 

algorithms, and human-centered relational systems. 

This clustering deliberately allows overlap. Digital 

phenotyping, for example, belongs to behavioral 

measurement but can affect adaptive intervention; 

generative AI belongs to computational care but can also 

influence clinician workload and therapeutic interaction. 

Cross-cluster links are therefore treated as hypotheses 

about convergence rather than as evidence that the 

clusters have already become one integrated system. 

Novelty, plausibility, impact, and uncertainty assessment 

Novelty was interpreted as a meaningful change in 

capability, research design, or implementation context 

rather than the appearance of a new technical label. 

Plausibility required a credible pathway from the 

observed signal to a psychosocial research or care 

consequence. Potential impact concerned the breadth or 

depth of the change that could follow if the pathway 

proved valid. Uncertainty captured missing validation, 

population transfer, measurement ambiguity, 

implementation dependency, and possible countervailing 

effects. 

These dimensions were not combined into a numerical 

score. A highly novel system may have low clinical 

plausibility. A technically mature tool may have high 

implementation uncertainty. A modest technological 

change may have substantial relational consequences. 

Treating these dimensions independently better reflects 

the asymmetric evidence typical of emerging 

psychosocial technologies. 

Prioritization framework 

We propose that a psychosocial healthcare signal should 

receive greater research priority when four conditions 

converge. First, its underlying measurement or 

intervention has enough empirical validity to justify 

further translation. Second, its meaning remains 

interpretable in relation to psychological, behavioral, or 

clinical processes rather than merely correlating with 

them. Third, its operation has identifiable equity 

conditions, including who is represented, who can 

participate, and whose data are missing. Fourth, it has 
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plausible relational and implementation validity, 

meaning that patient trust, clinician roles, workflow, and 

governance can be examined rather than assumed. 

Adaptive intervention science illustrates why these 

conditions matter. Time-sensitive tailoring requires 

explicit decision points, changing tailoring variables, and 

defined intervention options rather than generic 

personalization [4]. At the same time, digital-health 

inequality can enter before, during, or after intervention 

delivery [7], and institutional trust cannot be inferred 

from technical performance. Privacy practices can 

further constrain whether repeated personal data 

collection is acceptable [8]. 

Priority should therefore attach not simply to the most 

advanced technology but to the most testable 

convergence of capability and context. Signals are lower 

priority for immediate translation when the 

computational component is mature but the psychosocial 

interpretation remains ambiguous, when evidence is 

promising but population transport is unknown, or when 

deployment requires institutional conditions that have 

not been demonstrated. 

The distinctions required for research prioritization are 

easier to compare as propositions than as a ranked list; 

Table 1 therefore organizes the patient and care-context 

states that determine what must be tested before an 

emerging capability can be treated as a viable 

psychosocial-care horizon. 

Table 1. Testability conditions that separate technically promising signals from research-ready psychosocial 

healthcare priorities 

Patient or care-

context state 

What is 

currently 

observable 

Mechanism that 

requires testing 

Context that can 

change 

interpretation 

Competing 

explanation or 

unresolved 

uncertainty 

Boundary before 

translation 

Proposed 

research 

consequence 

Repeated 

behavioral 

change is 

detectable 

Digital activity or 

interaction 

patterns vary 

over time 

Whether the 

pattern tracks a 

clinically 

meaningful 

within-person 

state 

Device use, 

routines, 

disability, work, 

culture, access 

Behavioral change 

may reflect 

environment 

rather than 

psychological 

change 

Association 

cannot be treated 

as direct 

measurement of 

internal state 

Test within-person 

validity and 

context sensitivity 

before triggering 

care 

Adaptive 

support can be 

delivered at 

selected 

moments 

A system can 

modify content 

or timing 

Whether timing 

corresponds to a 

state in which 

intervention can 

help 

Burden, 

receptivity, 

competing 

demands, 

treatment stage 

Increased contact 

may not improve 

engagement or 

outcome 

Personalization is 

not equivalent to 

effectiveness 

Predefine decision 

rules and proximal 

outcomes 

Computational 

communication 

appears fluent 

or 

understandable 

AI can produce 

patient-facing 

language or draft 

responses 

Whether 

communication 

remains accurate, 

safe, relationally 

appropriate 

Literacy, 

language, clinical 

complexity, 

cultural 

expectations 

Fluency may 

conceal omission 

or error 

Readability 

cannot substitute 

for clinical 

validation 

Evaluate 

comprehension, 

accuracy, 

escalation, trust, 

and downstream 

action separately 

Model 

performance is 

acceptable in 

development 

data 

Predictions or 

classifications 

meet technical 

benchmarks 

Whether 

performance and 

meaning transfer 

across populations 

Representation, 

structural 

disadvantage, 

prevalence, 

measurement 

practice 

Performance 

differences may 

reflect biased 

proxies or unequal 

data generation 

Aggregate 

accuracy cannot 

establish fairness 

Require subgroup 

and context-

specific validation 

with transparent 

dataset 

documentation 

Patients can 

access a digital 

intervention 

Enrollment or 

technical 

connectivity is 

feasible 

Whether 

participation 

remains 

acceptable and 

sustainable 

Digital readiness, 

privacy concerns, 

disability, 

language, 

resources 

Access may not 

produce use, 

adherence, or 

benefit 

Availability 

cannot be 

interpreted as 

equitable reach 

Measure access, 

uptake, experience, 

and outcome as 

distinct stages 

AI is 

incorporated 

Clinicians can 

view or use 

Whether 

augmentation 

Staffing, EHR 

design, liability, 

Apparent 

automation may 

Workflow 

adoption cannot 

Evaluate workload, 

cognitive burden, 
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into a clinical 

workflow 

generated 

material 

improves care 

without shifting 

hidden work or 

responsibility 

oversight, 

organizational 

resources 

redistribute rather 

than remove 

workload 

establish patient 

or clinician 

benefit 

patient experience, 

error recovery, and 

accountability 

together 

These states are proposed research-priority categories, 

not validated scoring dimensions. 

The same reasoning is represented visually in Figure 1 

because prioritization depends on crossing several 

evidence and interpretation boundaries rather than 

progressing through a single pipeline. 

 

 
Figure 1. Where psychosocial technology signals become research-ready horizons: evidence maturity, 

interpretability, equity, and implementation boundaries 

 

Emerging horizons 

Three emerging patterns are particularly visible. First, 

generative AI is moving from demonstration tasks 

toward direct mental-health support, communication, and 

clinical workflow applications. Recent reviews describe 

rapid expansion but also heterogeneous evaluation, 

limited standardization, and unresolved problems 

involving clinical validity, cultural competence, safety, 

trust, and relational adequacy [9-11]. A meta-analysis of 

generative mental-health chatbots suggests potential 

symptom benefit on average, but variation across 

interventions and populations makes broad effectiveness 

claims premature [12]. 

Second, passive and multimodal data are shifting 

research from episodic self-report toward denser 

representations of everyday behavior. Third, adaptive 

intervention methods are increasingly capable of linking 

changing states to changing support. These developments 

are potentially complementary, but complementarity 

should not be confused with validated integration. A 

behavioral state inferred from a smartphone does not 

automatically identify the correct intervention; an 

adaptive intervention does not establish that the sensed 

state was psychologically meaningful. 

The emerging horizons are therefore best understood as 

mechanism-context cases rather than technology 
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categories. Table 2 makes explicit how apparently 

similar developments can diverge once equity, 

measurement, relational, and organizational conditions 

are considered. 

Table 2. Equity-sensitive pathways through which emerging psychosocial technologies may diverge in real-world 

care 

Emerging 

mechanism-

context case 

Immediate 

capability 

Psychosocial 

pathway under 

consideration 

Equity-sensitive 

modifier 

Evidence 

uncertainty 

Condition that 

could reverse the 

expected value 

Proposed horizon 

interpretation 

Generative 

conversational 

support 

Produces rapid 

natural-language 

interaction 

May extend 

psychoeducation, 

self-reflection, or 

low-intensity 

support 

Language, cultural 

norms, disability 

access, digital 

literacy, privacy 

Relational quality 

and durable 

clinical benefit are 

incompletely 

established 

Unsafe advice, 

cultural mismatch, 

false reassurance, 

or delayed 

escalation 

Nearer-term use is 

more defensible 

when bounded and 

supervised than 

when autonomous 

AI-assisted 

patient 

communication 

Rewrites or drafts 

patient-facing 

content 

May improve 

accessibility and 

reduce 

communication 

friction 

Health literacy, 

language, trust, 

clinical 

complexity 

Fluency does not 

guarantee 

accuracy or 

comprehension 

Omission, 

hallucination, 

altered tone, 

unclear 

responsibility 

Evaluate as 

communication 

augmentation with 

explicit accuracy 

and escalation 

checks 

Passive 

behavioral 

sensing 

Captures activity 

and interaction 

patterns 

longitudinally 

May detect 

within-person 

deviations 

relevant to 

changing need 

Device ownership, 

work patterns, 

disability, housing 

stability, 

surveillance 

concerns 

Behavioral 

features are 

context-dependent 

proxies 

Environmental or 

social change 

mimics 

psychological 

deterioration 

Useful horizon if 

inference remains 

personalized and 

context-aware 

Multimodal 

assessment 

Combines 

language, voice, 

video, or sensor 

features 

May improve 

characterization 

of heterogeneous 

behavioral signals 

Representation 

across culture, 

language, age, 

phenotype, and 

setting 

External transport 

and construct 

validity remain 

limited 

Model learns 

demographic or 

contextual 

correlates rather 

than target 

construct 

Research priority 

should emphasize 

external and cross-

context validation 

Just-in-time 

adaptive 

support 

Changes timing or 

content as states 

change 

May align 

intervention with 

moments of need 

or receptivity 

Notification 

burden, autonomy, 

resource 

constraints, 

treatment access 

Optimal decision 

rules and 

engagement 

mechanisms 

remain unsettled 

Increased 

intervention 

frequency 

becomes 

burdensome or 

mistimed 

Medium-horizon 

integration 

depends on within-

person causal 

testing 

Social-context 

data 

integration 

Makes selected 

social needs 

visible to care 

systems 

May connect 

structural context 

to care planning 

Disclosure risk, 

trust, stigma, 

organizational 

capacity, available 

services 

Missingness and 

willingness to 

disclose are 

informative rather 

than random 

Data collection 

occurs without 

meaningful 

capacity to 

respond 

Value depends on 

governance and 

service linkage, 

not data capture 

alone 

Human-AI 

collaborative 

care 

Combines 

computational 

support with 

clinician 

judgment or 

facilitation 

May preserve 

relational 

accountability 

while extending 

capacity 

Workforce 

resources, patient 

preference, 

institutional trust 

Appropriate 

division of 

responsibility 

remains unsettled 

Automation shifts 

hidden workload 

or weakens 

continuity 

Promising only 

when clinician 

role, patient 

choice, and 

accountability 

remain explicit 

Entries represent a proposed horizon interpretation 

synthesized from the reviewed evidence rather than 

validated future-state categories. 

Artificial intelligence and computational psychosocial 

care 
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The strongest near-term AI signal is not autonomous 

psychosocial treatment but diversification of bounded 

computational roles. In an exploratory randomized trial, 

a guardrailed generative-AI digital mental-health 

intervention was feasible over a short period and 

produced encouraging user-experience findings, but the 

design does not establish general clinical effectiveness or 

long-term safety [13]. A separate randomized trial of 

topic-based mental-health chatbots found improvements 

in selected self-care and well-being outcomes that were 

not uniformly sustained over follow-up [14]. These 

findings support continued evaluation while arguing 

against treating conversational capability itself as 

therapeutic validation. 

Communication augmentation may mature faster 

because its output can be inspected before action. 

Generative rewriting of inpatient discharge summaries 

substantially improved readability and understandability, 

while clinician review also identified omissions and 

inaccuracies with potential safety relevance [15]. AI-

drafted replies to patient portal messages can exhibit 

useful communication characteristics [16], yet 

integration of draft replies into electronic workflows did 

not automatically reduce physician reply time [17]. 

Computational quality, workflow efficiency, and patient 

benefit are therefore separate outcomes. 

Trust creates an additional boundary. National survey 

evidence indicates limited patient trust in health systems 

to use AI responsibly and suggests that broader 

institutional trust and experiences of discrimination 

matter to AI acceptance [18]. Future research should 

consequently treat trust not as a usability score appended 

after model evaluation but as a relational and institutional 

outcome influenced by transparency, clinician 

involvement, prior experience, perceived accountability, 

and power. 

Multimodal behavioral and patient-generated data 

Psychosocial assessment has historically relied heavily 

on episodic questionnaires, interviews, and clinical 

encounters. Digital sensing creates the possibility of 

observing behavioral patterns between encounters, but 

the research task is not merely to collect more data. Field-

level work emphasizes the need for stronger standards, 

adequate study design, and alignment between sensing 

research and clinical or community priorities [19]. 

Longitudinal smartphone data can support individualized 

mood prediction within studied cohorts [20], while real-

world digital and physical activity measures show that 

different indicators of activity and motivation need not 

relate to depression and anxiety in equivalent ways [21]. 

Passive smartphone features have also been associated 

with transdiagnostic dimensions of psychopathology 

[22]. Such results are scientifically useful but should not 

be described as direct measurement of mood, motivation, 

identity, trust, or meaning. A reduction in mobility, for 

example, may reflect psychological distress, physical 

illness, work conditions, caregiving, environmental 

disruption, disability, or deliberate behavior change. 

Measurement becomes psychosocially informative only 

when competing explanations are addressed. 

Multimodal approaches add further complexity. Video, 

speech, and text can be combined to model self-reported 

depression, anxiety, or posttraumatic stress symptoms 

[23], but additional modalities can also multiply sources 

of bias and context dependence. The research horizon is 

therefore multimodal inference with retained 

provenance: each modality should preserve information 

about what was measured, when, under what conditions, 

and with what plausible alternative explanations. 

Precision behavioral medicine 

Precision behavioral medicine should be distinguished 

from increasingly fine demographic segmentation. Its 

more consequential direction is dynamic within-person 

adaptation. Contemporary JITAI science emphasizes the 

challenge of engaging people when intervention may be 

useful, sustaining engagement, and incorporating social 

relationships into adaptive support [24]. Meta-analytic 

evidence suggests a small average benefit for mental-

health and well-being outcomes while also documenting 

design heterogeneity and risk-of-bias concerns [25]. 

The next research step is therefore unlikely to be 

maximal personalization. It is better decision science 

about when adaptation is justified. A system may detect 

an inferred state yet still lack evidence that an 

intervention delivered at that moment changes the 

desired proximal process. Precision requires 

distinguishing prediction from treatment selection, 

receptivity from need, and behavioral response from 

clinical outcome. 

This review proposes that adaptive psychosocial 

interventions should be evaluated as repeated decision 

systems. Their validity depends on whether the tailoring 

variable is interpretable, whether the intervention option 

is acceptable, whether timing has causal relevance, and 

whether adaptation remains equitable for people whose 
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daily behavior or digital access differs from the 

populations used to build the system. 

Digital phenotyping and continuous assessment 

Digital phenotyping is most useful when understood as a 

measurement architecture rather than a clinical verdict. 

The horizon scan identified converging signals from 

smartphone sensing, repeated ecological assessment, 

individualized modeling, and multimodal data, but the 

evidence also makes clear that continuous observation 

does not eliminate measurement error. Instead, it changes 

its form. 

Three validation layers are therefore necessary. The first 

is signal validity: whether the device or platform reliably 

captures the behavior it claims to measure. The second is 

construct validity: whether changes in that behavior 

support the intended psychological or clinical 

interpretation. The third is decision validity: whether 

acting on the inferred state improves a meaningful 

process or outcome. Evidence can be strong at one layer 

and weak at another. 

Continuous assessment also changes the ethics of 

measurement. Frequency creates potential surveillance 

burden, missingness may become socially patterned, and 

long-term observation can reveal routines extending 

beyond the health purpose for which data were collected. 

These concerns are not peripheral to measurement 

quality; they influence who participates, when people 

disengage, and whether the resulting data represent the 

intended population. 

Equity science and algorithmic fairness 

Equity science challenges the assumption that technical 

accuracy averaged across a population establishes 

clinical validity. A widely used population-health 

algorithm demonstrated how health care cost, when 

treated as a proxy for health need, could produce 

substantial racial bias because expenditure reflected 

unequal care rather than only illness burden [26]. Clinical 

algorithms that explicitly adjust for race raise a related 

problem when social categories are treated as if they were 

unambiguous biological variables [27]. International 

consensus work now emphasizes that transparent 

documentation of populations, datasets, intended uses, 

and performance is central to responsible health-data and 

AI development [28]. 

Bias can enter at multiple stages, including data 

generation, model development, validation, deployment, 

and interpretation [29]. Digital mental-health scholarship 

similarly argues that equity must be addressed 

throughout design, evaluation, implementation, and 

monitoring rather than appended after product 

development [30]. 

For psychosocial research, the implications extend 

beyond subgroup performance. Structural disadvantage 

affects whether data are generated in the first place, 

which devices or services are accessible, what language 

appears in records, whether social needs are disclosed, 

and how behavioral signals should be interpreted. 

Fairness is therefore partly a measurement problem, 

partly a resource and power problem, and partly a 

decision problem. 

The horizon proposed here is not an algorithm that has 

achieved abstract fairness. It is a research ecosystem in 

which representation, context, differential missingness, 

accessibility, trust, and downstream allocation are treated 

as components of validity. This requires avoiding 

demographic essentialism: group membership should 

never be used as a shortcut for an individual’s 

psychological state, motivation, preference, resilience, or 

trust. 

Social and structural determinants as dynamic data 

Social and structural determinants are often represented 

in health data as static covariates. Psychosocial care 

requires a more dynamic interpretation because housing, 

employment, caregiving, financial strain, transportation, 

discrimination, social support, and access to services can 

change over time and modify both behavior and the 

feasibility of treatment. 

Evidence on exchanging sensitive social-determinant 

information shows that collection is not simply a 

technical interoperability problem. Patients and 

clinicians identify transparency about purpose, trusting 

relationships, staff and time capacity, and usable 

technical infrastructure as conditions affecting whether 

information should be collected and shared [31]. Digital-

health readiness likewise includes more than device 

access: preliminary measurement work distinguishes 

technical readiness from concerns about the quality of 

digitally mediated care [32]. 

These findings suggest that missing social data cannot 

automatically be classified as missing information. Non-

disclosure may reflect privacy, stigma, distrust, unclear 

benefit, or concern about how information will be used. 

Likewise, identifying a social need does not imply that 

an organization has resources to address it. 
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We therefore propose context-with-provenance as a 

future data principle: social information should retain 

when it was obtained, why it was collected, how it was 

reported or inferred, what level of confidence surrounds 

it, and whether an actionable service pathway exists. This 

is analytically different from increasing the number of 

social variables included in prediction models. 

Human-centered AI and relational care 

Human-centered AI in psychosocial healthcare should 

not be reduced to an attractive interface or satisfaction 

measurement. Participatory work with adolescents in 

rural South Africa demonstrates that generative AI can 

support co-design processes while simultaneously 

revealing cultural bias and situations in which human 

facilitation remains necessary [33]. Digital mental-health 

implementation scholarship similarly emphasizes 

guided-care structures, integration with health systems, 

stakeholder coordination, and evidence standards rather 

than stand-alone technological deployment [34]. 

Patient acceptance provides a further signal. 

Experimental survey evidence indicates that trust and 

preference for AI-assisted medical encounters can vary 

with clinician presence, system performance, 

representativeness of training data, and governance 

arrangements [35]. These factors imply that the social 

meaning of AI is partly determined by how responsibility 

is distributed. The same model may be interpreted 

differently when it advises a clinician, communicates 

directly with a patient, or appears to replace a human 

decision maker. 

Relational care consequently requires outcomes that 

conventional model evaluation rarely captures: whether 

patients feel heard, whether explanations are 

understandable, whether uncertainty is disclosed, 

whether disagreement can be expressed, whether 

escalation to a person is possible, and whether 

technology preserves rather than obscures accountability. 

These outcomes should remain distinct from clinical 

efficacy and system efficiency. 

The proposed human-centered horizon is therefore 

relationally bounded augmentation. AI should be 

evaluated according to the role it occupies within an 

encounter, the consequences of error, patient preferences, 

cultural context, and the availability of human repair 

when communication or inference fails. Human 

involvement is not automatically beneficial, nor is 

automation automatically dehumanizing. The research 

problem is to identify which functions can be 

computationally supported without losing the 

relationships, interpretive judgment, accessibility, and 

accountability on which psychosocial care depends. 

Hybrid human–digital therapeutic relationships 

Hybrid care should not be defined simply by 

simultaneous use of clinicians and digital tools. Its 

central research question is allocation of relational 

responsibility. Short-term chatbot studies support 

continued investigation but do not establish equivalence 

with sustained therapeutic relationships [13]. Trust in AI-

enabled care also depends on institutional context and 

prior experiences [18]. Participatory design shows that 

human facilitation may remain necessary when 

automated interaction encounters cultural ambiguity or 

contextual complexity [33]. 

A hybrid relationship should therefore specify when 

technology informs, communicates, supports, or acts; 

when a clinician reviews its output; how disagreement is 

handled; and who becomes responsible when automated 

interpretation fails. Health-system integration and guided 

digital-care models provide one implementation 

foundation [34], while patient acceptance varies 

according to clinician presence and governance 

arrangements [35]. The proposed research priority is not 

maximum automation but testable allocation of human 

and computational functions. 

Workforce transformation and psychologically informed 

systems 

AI may redistribute psychosocial work rather than simply 

remove it. Electronic draft-response systems have not 

automatically produced communication-time savings 

[17], whereas ambient documentation technology has 

been associated with improved documentation 

experience and reduced perceived burnout in 

observational implementation research [36]. These 

findings concern different tasks and should not be 

generalized into a single productivity claim. 

Workforce research should therefore measure hidden 

review work, cognitive burden, responsibility for error 

correction, emotional labor, professional autonomy, and 

effects on clinician–patient attention. Psychologically 

informed systems should optimize not only task 

completion but also whether technology preserves 

capacity for listening, interpretation, uncertainty 

management, and relational repair. 

Cross-horizon convergence 



Int J Soc Psychol Asp Healthc, 2026, 6(2):220-234                                                                             Hassan et al. 
 

 

229 

The major horizons become scientifically consequential 

when they interact. Continuous behavioral measurement 

can inform adaptive support; adaptive systems can use 

AI-generated content; equity conditions shape which 

behavioral data exist; trust influences engagement; and 

organizational infrastructure determines whether any of 

these capabilities become sustainable care. 

These interactions remain proposed convergence, not an 

established causal architecture. A technically successful 

component can still fail at another level: accurate sensing 

may lack psychological specificity, effective messaging 

may reduce trust in some contexts, or equitable model 

performance may be undermined by unequal access. 

Table 3 distinguishes the principal boundary conditions 

under which cross-horizon convergence may strengthen 

or break down. 

Table 3. Boundary conditions governing convergence of computational, behavioral, relational, and equity-oriented 

psychosocial care 

Convergence 

condition 

Processes that 

become coupled 

Boundary that can 

interrupt convergence 

What must remain 

analytically separate 

Proposed validation 

need 

Sensing informs 

adaptive support 

Behavioral 

measurement and 

intervention timing 

Context-dependent 

meaning of sensed change 

Observable behavior 

and psychological 

state 

Within-person 

construct and decision 

validation 

AI supports clinical 

communication 

Computational 

generation and 

relational care 

Error, omission, unclear 

accountability 

Fluency and clinical 

correctness 

Accuracy, escalation, 

trust, and downstream 

action 

Social context enters 

digital models 

Structural 

information and 

prediction 

Selective disclosure and 

unequal data generation 

Social exposure and 

individual preference 

Provenance-aware 

missingness and 

subgroup validation 

Human oversight 

accompanies 

automation 

Model output and 

professional 

judgment 

Hidden workload or 

ambiguous responsibility 

Automation and 

clinical accountability 

Workflow, burden, 

and error-recovery 

evaluation 

Personalization 

expands across 

populations 

Adaptive care and 

equity science 

Unequal access, 

representation, language, 

or digital readiness 

Individual tailoring 

and population 

fairness 

Transportability plus 

accessibility testing 

The convergence itself is proposed; the listed boundaries 

reflect evidence-supported concerns that require direct 

testing. 

The cross-level dependencies are represented in Figure 

2 because future psychosocial systems are more 

accurately understood as interacting fields than as a 

sequence of technologies. 
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Figure 2. Convergence boundaries among continuous behavioral intelligence, adaptive intervention, relational 

AI, equity conditions, and health-system implementation 

Near-term horizon: 1–3 years 

The near-term horizon is most defensibly characterized 

by bounded augmentation: clinician-supervised 

communication tools, improved documentation support, 

more explicit dataset transparency, equity auditing, and 

increasingly structured governance. These developments 

are already observable, but their broader psychosocial 

value remains conditional on accuracy, trust, 

accessibility, workflow integration, and patient choice. 

The horizon represents evidence proximity, not a 

prediction that adoption will be uniform. 

Medium-term horizon: 3–5 years 

A medium-term possibility is tighter linkage between 

longitudinal behavioral sensing and adaptive 

intervention. Individualized behavioral models 

demonstrate technical feasibility [20], while adaptive-

intervention science provides methods for time-varying 

decisions [24]. The unresolved step is causal and 

interpretive: systems must show that sensed changes 

represent meaningful states and that modifying 

intervention at those moments improves relevant 

proximal processes without imposing excessive burden 

or inequity. 

Longer-term horizon: 5–10 years 

Longer-term possibilities include more continuous 

psychosocial assessment, multimodal state estimation, 

and hybrid systems that coordinate automated support 

with human care. These remain high-uncertainty 

trajectories. Their development will depend on technical 

reliability but also on regulation, cultural acceptance, 

institutional resources, payment structures, data 

governance, and changing expectations of human 

relationships in care. No probability or inevitability is 

assigned to these futures. 

Risks, weak signals, and potential discontinuities 

Current risks include privacy failures, inaccurate 

generated content, biased proxies, unequal 

representation, surveillance burden, cultural mismatch, 

and redistribution of clinical workload. Weak signals 

concern more extensive automation of psychosocial 

interpretation and increasingly autonomous intervention 

selection. Potential discontinuities would arise if 
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computational systems began reorganizing where 

therapeutic responsibility resides rather than merely 

assisting existing care. 

These categories require different evidentiary treatment. 

Demonstrated bias or privacy failure is not equivalent to 

a speculative future risk. Table 4 therefore separates 

mechanism, context, evidence maturity, and the 

condition that would make each signal clinically 

consequential. 

Table 4. Mechanism–context crosswalk for risks, weak signals, and potential discontinuities in future psychosocial 

healthcare 

Mechanism of concern Context amplifying risk 
Current evidentiary 

status 

Condition requiring 

escalation 

Signal or boundary case — Behavioral surveillance 

Continuous data collection 

exceeds clinically necessary 

interpretation 

Low privacy control or 

unclear data use 

Observed concern with 

established privacy 

precedent 

Persistent collection without 

transparent purpose or 

meaningful consent 

Signal or boundary case — Generative communication error 

Fluent output obscures 

omission or incorrect 

information 

Complex or high-risk 

clinical communication 

Directly observed 

limitation 

Output influences action 

without verification or 

escalation 

Signal or boundary case — Algorithmic inequity 

Proxies or datasets encode 

unequal care histories 

Structurally unequal access 

and underrepresentation 

Directly demonstrated in 

health algorithms 

Differential allocation or 

harm persists after 

deployment 

Signal or boundary case — Relational displacement 

Automated interaction 

substitutes for needed 

human interpretation 

High vulnerability, 

uncertainty, conflict, or 

cultural mismatch 

Conditional / incompletely 

established 

Human repair or escalation 

becomes unavailable 

Signal or boundary case — Autonomous psychosocial decision systems 

Prediction is converted 

directly into intervention 

selection 

Continuous sensing 

combined with insufficient 

oversight 

Weak signal / prospective 

discontinuity 

Systems act on inferred states 

without validated decision 

pathways 

Ethical and governance challenges 

Future governance must connect privacy, fairness, 

transparency, responsibility, and relational 

accountability. Bias cannot be solved solely by balancing 

datasets, because inequity may originate in proxies, 

access, measurement, institutional practices, or 

downstream resource allocation. Governance should 

therefore specify intended use, population boundaries, 

human oversight, error escalation, data provenance, and 

responsibility for consequential decisions. Patient trust 

should be treated as an outcome of governance practice 

rather than assumed from consent or technical accuracy. 

Research infrastructure and methodological priorities 

Priority infrastructure includes longitudinal and 

externally validated datasets, transparent documentation 

of data provenance, multimodal measurement standards, 

prospective evaluation of human-AI workflows, and 

participatory research capable of identifying cultural and 

accessibility failures. Adaptive interventions require 

designs that separate state prediction from intervention 

effect. Equity analyses require examination of who is 

absent as well as subgroup performance among those 

observed. Future evidence should increasingly connect 

technical, behavioral, relational, organizational, and 

clinical endpoints without collapsing them. 

A future psychosocial healthcare research agenda 

The proposed agenda centers on five questions: when 

digital behavior validly represents changing psychosocial 

states; when adaptive intervention improves outcomes 

rather than merely increasing personalization; which AI 

functions preserve or enhance relational care; how 

structural conditions alter data generation and treatment 

opportunity; and which organizational arrangements 

make human-digital systems accountable and 

sustainable. 

Research should test these questions longitudinally, 

comparatively, and across culturally and structurally 

different settings. The principal unit of progress should 
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be a validated relationship among measurement, 

meaning, action, context, and consequence, not 

technological capability alone. 

Strengths and limitations of the horizon scan 

This review deliberately integrates evidence types that 

conventional effectiveness reviews often keep separate, 

allowing technical, psychological, relational, equity, and 

organizational signals to be examined together. That 

breadth also limits inference. Horizon selection is 

interpretive, evidence maturity differs markedly among 

domains, and rapidly changing technologies can outpace 

published evaluation. The targeted scan was not designed 

to estimate publication prevalence, pooled effectiveness, 

or probability of future adoption. Proposed horizons 

therefore require prospective testing rather than 

retrospective confirmation. 

Conclusion 

The future of psychosocial healthcare research is unlikely 

to be defined by artificial intelligence, behavioral 

sensing, precision intervention, equity science, or 

human-centered design in isolation. Its more 

consequential frontier lies in how these domains interact. 

Progress will require simultaneous validation of what 

technologies measure, what their outputs mean, when 

action is justified, who can participate equitably, how 

relationships are affected, and where responsibility 

resides. The most valuable future systems will therefore 

be those whose computational capabilities remain 

empirically grounded, psychologically interpretable, 

relationally accountable, structurally fair, and clinically 

governable. 
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