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Abstract
Mental health referral systems exhibit significant
workflow failures, with rejection rates varying from
33% nationally to 70-90% among individual
practitioners. Through systematic literature review
and semi-structured interviews with nine Norwegian
general practitioners, we identified five trust-critical
decision points where uncertainty triggers defensive
behaviors: severity ~ assessment,  confidence
determination, rejection response, pathway selection,
and information handoff. We developed a multi-
criteria  optimization  framework  proposing
uncertainty visualization, predictive analytics, and
adaptive documentation interventions. Based on
comparable implementations achieving 20-40%
efficiency gains, our framework addresses the gap
between system metrics and practitioner reality,
reconceptualizing trust as a dynamic workflow factor.

Keywords: Healthcare process optimization, Design
science research, Clinical decision support systems,
Workflow efficiency, Mental health referrals

1. Introduction

Healthcare process optimization has become
critical in mental health services where systematic
workflow failures create barriers to patient care.
General practitioners face a paradox: while Norwegian
national data reports rejection rates of 33% for adult
mental health referrals (Stortinget, 2024), individual
practitioners in our study experienced rejection rates
of 70-90%, revealing concentrated burden and
localized workflow breakdowns that aggregate
statistics mask. This discrepancy between system-
wide metrics and practitioner reality exemplifies why
traditional optimization approaches fail to address the
actual bottlenecks clinicians encounter.

Mental health referrals represent uniquely complex
multi-criteria  decisions  requiring  simultaneous
optimization of diagnostic accuracy, time efficiency,
resource utilization, and organizational constraints,
which are competing demands that cannot be
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maximized independently (Miihlbacher & Kaczynski,
2015). The increasing rejection rates in Norway, rising
from 23% in 2019 to 33% in 2024 (Stortinget, 2024),
parallel international patterns with rates reaching 60%
in the UK (Blank et al., 2015), indicating systemic
rather than localized challenges. Yet current pathways
struggle under this complexity, achieving referral
completion rates as low as 30% with widespread
provider dissatisfaction (Anand & Desai, 2023).
These persistent failures erode clinician trust,
creating a vicious cycle where uncertainty triggers
defensive behaviors that further compromise
efficiency. As one general practitioner revealed:
"When most referrals get rejected or patients don't
follow through, you start to doubt every referral. |
spend more time documenting to justify my decision
than actually treating patients.” This raises a
fundamental question: Where in mental health
referral workflows do trust-related failures most
significantly impact efficiency, and how can
targeted interventions address these bottlenecks?
While decision support systems promise to
optimize healthcare processes, our exploratory
analysis reveals failures in trust calibration creating
significant bottlenecks at specific workflow junctures
(decision points where clinical pathways diverge).
Trust calibration refers to the dynamic alignment
between clinician confidence in decisions and actual
outcomes. We define trust-critical decision points as
workflow stages where uncertainty triggers defensive
behaviors  that cascade into  considerable
inefficiencies. Clinical decision support systems
(CDSS) have historically emphasized diagnostic
accuracy while overlooking these crucial integration
points (where clinicians interface with system
recommendations) where trust dynamics shape
workflow efficiency (Jones et al.,, 2021). Our
exploratory analysis identified five such points:
severity assessment, confidence thresholds, override
decisions, pathway selection, and information
handoff. At each point, clinicians compensate for
uncertainty with excessive documentation and
verification, creating delays that propagate through
subsequent workflow stages. Targeted interventions

Page 3565



from uncertainty visualization to predictive analytics
can rebuild trust while improving efficiency at these
junctures. This exploratory research establishes
foundations for trust-aware workflow optimization,
with quantitative validation as essential future work.

This paper makes three key contributions to
healthcare process optimization. First, we identify and
empirically validate five trust-critical decision points
in mental health referrals and develop a multi-criteria
framework for each juncture. Second, we provide an
implementation roadmap based on documented
process improvements that demonstrates 20-40%
efficiency gains in comparable healthcare process
optimizations (Coker et al., 2019). Third, we
demonstrate how trust-aware interventions can
address the specific bottlenecks preventing effective
referral processes.

The remainder of this paper is structured as
follows: section 2 reviews relevant literature on
decision support in healthcare process optimization
and mental health referral process challenges; section
3 describes our research approach combining
systematic review with empirical analysis; section 4
presents the five trust-critical decision points; section
5 outlines our phased implementation strategy; and
section 6 discusses implications for healthcare process
improvement and future research.

2. Background

To understand how trust failures create workflow
bottlenecks in mental health referrals, we examine
decision support integration and mental health referral
challenges. While decision support systems promise to
reduce clinical uncertainty, they fail in mental health
contexts where subjective symptoms, absent
biomarkers, and high rejection rates create unique trust
calibration challenges. The Cognitive Uncertainty
Calibration framework (Das, 2025) explains
individual trust mechanisms but hasn't been
systematically applied to workflow bottlenecks.

2.1. Decision Support in Healthcare Process
Optimization

Healthcare process optimization requires decision
support addressing multi-criteria clinical decisions
while integrating with existing pathways. CDSS
evolved from standalone systems to workflow-
integrated platforms (Chen et al., 2023), reflecting
recognition that optimization depends on aligning with
temporal workflows, resource constraints, and
cognitive demands (Salwei et al., 2021). Yet
traditional ~ approaches emphasized  diagnostic

accuracy over workflow integration (Jones et al.,
2021). Process mining shows effective support
requires understanding  pathway-resource-timing
interdependencies (Tamburis & Esposito, 2020;
Kovalchuk et al., 2018). When trust calibration
operates independently from workflow design,
clinicians  develop  workarounds  undermining
efficiency gains. Electronic referral implementations
demonstrate how ignoring the trust-workflow nexus
creates parallel manual processes (Ackerhans et al.,
2025; Azamar-Alonso et al., 2019). These disconnects
particularly impact mental health referrals where
diagnostic ambiguity compounds trust challenges.

2.2 Mental Health Referral Process Challenges

Unlike biomarker-driven specialties, mental health
referrals navigate symptom ambiguity, comorbidity
complexity, and subjective assessment criteria while
coordinating care transitions (Stephens et al., 2023).
With referral completion rates at 30% (Anand &
Desai, 2023) and rejection rates of varying
significantly across contexts (Blank et al., 2015),
systematic  failures extend beyond individual
decisions. Resource constraints such as specialist
availability, waiting times, and geographic access
create multifactorial decisions under time pressure.
Trust failures cascade: uncertainty drives over-
documentation and excessive consultations (Graham
et al., 2020), while incomplete information forces
suboptimal pathway selection (Emmett et al., 2022).
This necessitates operationalizing the CUC
framework's trust mechanisms into targeted workflow
improvements at identifiable decision points.

3. Research Methodology

Building on the identified gap between trust theory
and workflow practice, we designed a study to
systematically identify where trust failures create
bottlenecks in mental health referral workflows.

3.1 Research Design

We applied Design Science Research methodology
(Peffers et al.,, 2007) through an exploratory
qualitative approach to identify process optimization
opportunities in mental health referral workflows.
Combining empirical analysis of clinical pathways
with systematic literature review (Okoli, 2015), we
progressed through problem identification (trust-
workflow gaps), objective definition (identifying
specific bottlenecks), and design/development (multi-
criteria framework), with evaluation planned for future

Page 3566



work. This study operationalizes insights from the
Cognitive Uncertainty Calibration framework (Das,
2025), which models individual-level trust calibration
through uncertainty perception, adaptive trust
regulation, and decision support mechanisms. We
extend these individual cognitive mechanisms to
organizational workflows, identifying where trust
calibration challenges aggregate into systematic
process inefficiencies at specific decision points.

Our research question requires understanding both
where trust failures occur in clinical processes and
how these failures create workflow inefficiencies. The
systematic review synthesized evidence on healthcare
process optimization, clinical pathway analysis, and
decision  support integration.  Semi-structured
interviews with general practitioners captured real-
world trust-related bottlenecks in mental health
referral workflows. This dual approach enabled
identification of specific process junctures where
cognitive trust calibration challenges create systematic
workflow  disruptions, bridging  theoretical
understanding with practical optimization
opportunities (Webster & Watson, 2002).

3.2 Data Collection

Our  research approach required  two
complementary data sources: systematic literature
review to establish theoretical grounding and identify
documented workflow patterns, and empirical
interviews to understand how trust failures manifest in
real-world clinical practice.

Systematic Literature Review: We conducted
comprehensive searches across PubMed, Scopus,
ACM Digital Library, and AIS eLibrary between
January 2023 and March 2024, with alerts set for
emerging publications. Search strings included:
("healthcare process optimization" OR “clinical
pathway optimization™) AND ("decision support” OR
"workflow integration"); ("mental health referral” OR
"psychiatric referral™) AND (“workflow" OR "process
efficiency” OR "bottleneck"); and (“clinical decision
support” OR "CDSS") AND ("workflow integration"
OR "process optimization"). Studies were included if
they addressed healthcare process efficiency, clinical
workflow optimization, or decision support
integration with empirical evidence of process
outcomes. Exclusion criteria eliminated purely
theoretical papers, non-English studies, and research
focused solely on technical algorithm development
without workflow consideration. Following PRISMA
guidelines, we identified 487 articles, with 73 passing
title/abstract screening and 42 meeting final inclusion
criteria after full-text review.

Empirical Data Collection:  Nine general
practitioners  participated in  semi-structured
interviews, recruited through professional networks
and clinic partnerships across Norwegian healthcare
settings. Through snowball sampling we recruited
informants with diverse referral experiences from both
high-volume referrers and those who rarely refer due
to frustration with the system. While initially targeting
10-12 participants, we found that after seven
interviews, consistent patterns emerged with two
additional interviews confirming these themes. This
sample size aligns with information power principles,
where high specificity of trust-workflow experiences,
focused research question, and strong dialogue quality
can enable rich insights from focused samples
(Malterud et al., 2016).

The semi-structured protocol, refined through pilot
testing with one GP, explored five domains: referral
decision-making processes, workflow pain points,
trust in current systems, multi-criteria considerations,
and process improvement suggestions. All procedures
received institutional ethical approval and participants
provided informed consent. Each interview (45-60
minutes) was conducted in English with the option for
Norwegian if preferred, voice-recorded and
transcribed verbatim. Participants included nine GPs
(1-25 years experience) from urban (n=7) and rural
(n=2) Norwegian settings, managing 10-30 patients
daily. This exploratory sample provides initial insights
requiring broader validation across healthcare
systems.

3.3 Analysis Approach

Data analysis employed a four-stage iterative
approach to systematically identify trust-critical
process optimization points. Stage 1: Thematic
Analysis (Braun & Clarke, 2021) identified recurring
workflow disruption patterns through independent
dual coding with documented analytical decisions and
regular debriefing sessions. Stage 2: Process Mapping
(Recker, 2013) decomposed referral pathways into
decision stages, resource dependencies, and
information flows using simplified BPMN notation.
Stage 3: Multi-Criteria Decision Analysis (Belton &
Stewart, 2002) mapped clinical, resource,
organizational, and temporal factors at each process
stage. Stage 4: Integration Synthesis combined
literature and empirical evidence to develop our
framework, including decision points when seven or
more participants independently identified similar
workflow disruptions.

Trust-critical decision points were defined as
workflow junctures where trust calibration challenges
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consistently emerged across interviews and mapped
directly to workflow inefficiencies. Process efficiency
indicators derived from participant-reported time
allocations and referral outcomes were compared
against published benchmarks for referral completion
rates (30%, Anand & Desai, 2023) and processing
times (Barnett et al., 2015). While findings emerge
from Norway's single-payer context, the identified
trust-workflow patterns may share similarities with
challenges documented in other healthcare systems,
though context-specific validation would be required
for any broader application (Blank et al., 2015). This
exploratory phase establishes foundations for future
quantitative validation.

4. Trust-Critical Decision Points

Following our four-stage analysis approach, our
examination of nine GP interviews and systematic
literature review revealed five critical junctures where
trust calibration failures create bottlenecks in mental
health referral workflows. Applying insights from the
Cognitive Uncertainty Calibration framework (Das,
2025) to empirical data, we identified how uncertainty
at specific workflow points triggers defensive
behaviors that compound inefficiencies, patterns that
may reflect broader challenges in other referral
systems. The following analysis presents each
decision point, its manifestation in practice, and
evidence from comparable healthcare contexts.

4.1 Five Trust-Critical Decision Points

1. Severity Assessment: Initial severity assessment
creates a foundational bottleneck where uncertainty
about symptom authenticity disrupts workflow
efficiency. GP3 captured this challenge: "The main
challenge is to try to evaluate the patient on how severe
these symptoms really are. Because many really want
to get into the DPS and they try to make their
symptoms worse than they really are." While some
rejections reflect appropriate clinical gatekeeping, our
analysis distinguishes defensive inefficiencies from
necessary filtering. This uncertainty triggers defensive
practices including extended verification processes,
multiple follow-ups, and excessive documentation,
consistent with trust calibration failures in digital
health adoption (Ackerhans et al., 2025). Comparable
CDSS implementations using uncertainty
visualization report improved triage efficiency (Chen
et al., 2023; Berge et al., 2023).

2. Confidence Threshold: Determining optimal
referral timing becomes problematic when diagnostic
uncertainty conflicts with workflow pressures. GP4

illustrated this tension: "I cross my fingers that it's
accepted,”  revealing inadequate  confidence
calibration. Without clear thresholds, clinicians face
difficult choices between premature referral and
excessive delay. Decision support systems with
dynamic confidence indicators have shown reductions
in decision delays in comparable settings (Azadi &
Garcia-Pefialvo, 2025).

3. Override Response: Referral rejections represent
our most critical bottleneck, with practitioners in our
study experiencing substantial rejection rates creating
cascading inefficiencies. GP5 revealed maladaptive
responses: "Sometimes | refer to DPS knowing we'll
get a rejection, just to please the patient who insists on
a referral." This trust erosion manifests through self-
filtering behavior, defensive over-documentation, and
strategic referrals wasting resources. Predictive
analytics in comparable healthcare settings have
demonstrated improvements in referral optimization
(Barnett et al., 2015; Khalifa et al., 2024).

4. Pathway Selection: Incomplete knowledge of
treatment options forces suboptimal resource
allocation. GP3 observed that patients "fall through
service gaps,” while GP4 admitted: "I don't have a full
overview of all the possibilities.” This information
asymmetry results in mismatched referrals. Service
matching algorithms have shown substantial
efficiency improvements in comparable systems
(Coker et al., 2019; Emmett et al., 2022).

5. Information Handoff: Documentation burden fails
to improve referral outcomes when driven by rejection
fears. GP4 noted: "The length of the journal has
increased during my time as a primary physician due
to this." Adaptive documentation systems have
demonstrated significant reductions in information
retrieval time (Berge et al., 2023; Flores et al., 2023).

4.2 Integrated Impact

These five points function as an interdependent
system where trust failures cascade through the
referral pathway. When severity assessment includes
proper confidence calibration, clinicians develop
better threshold determination, potentially reducing
downstream override cycles. Improved pathway
selection through integrated coordination may reduce
handoff complexity by ensuring better initial matching
(Elbattah & Molloy, 2021).

The collective improvement potential emerges
through systematic trust-workflow realignment at each
juncture. Comparable healthcare process
optimizations have reported substantial efficiency
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gains through similar integrated approaches (Bottani
et al., 2022). Implementation requires trust-aware
multi-criteria decision support that preserves clinical
autonomy while enhancing efficiency (Wosny et al.,
2023). This approach aligns with GP1's vision: "I
would like them ready calculated into the journal,"
emphasizing augmentation over automation.

5. Multi-Criteria Optimization
Framework for Mental Health Referrals

Having identified where trust failures create
workflow bottlenecks, we now translate these insights
into actionable interventions. The following
framework operationalizes our empirical findings
through design propositions that address each trust-
critical decision point while preserving clinical
autonomy.

5.1. Framework Architecture and Design
Propositions

Building on the five trust-critical decision points
identified in Section 4, we now present a systematic
framework for optimization. Our Multi-Criteria
Optimization Framework translates the cognitive trust
mechanisms creating workflow bottlenecks into
targeted organizational interventions. Extending the
CUC framework’s individual-level insights (Das,
2025) to the organizational level, we address a
fundamental insight from our analysis: trust failures
create predictable workflow inefficiencies but
rebuilding trust without considering efficiency creates
new bottlenecks.

Framework Foundation: The Trust-Workflow-
Efficiency Nexus

Each intervention in our framework must
simultaneously address the specific trust mechanism
causing the bottleneck, improve measurable workflow
efficiency, and balance multiple competing criteria
that cannot be optimized independently. This triple
focus distinguishes our approach from traditional
single-objective optimizations that solve one problem
while creating others.

Core Framework Components:

o Diagnostic Layer identifies where trust
calibration failures occur by mapping current
workflows to the five trust-critical decision
points, assessing the trust-efficiency balance at
each juncture, and prioritizing interventions
based on their cascade potential.

e Intervention Layer provides targeted solutions
that specifically address each bottleneck’s trust
mechanism. These solutions transform defensive
behaviors into informed decisions by making
uncertainty visible and manageable, while
enabling positive cascades where early
improvements reduce downstream problems.

e Integration Layer ensures  systematic
implementation through multi-criteria decision
logic for intervention selection, phased
approaches that build from simple to complex
implementations, and continuous monitoring
mechanisms that maintain trust-efficiency
balance as systems evolve.

Multi-Criteria Optimization Logic: At each

decision point, our framework balances four criteria

that healthcare organizations must simultaneously

optimize:

e Clinical Effectiveness: Maintaining diagnostic
accuracy and patient safety.

e Operational Efficiency: Reducing time and
resource waste.

e Trust Calibration:  Aligning clinician
confidence with system reliability.

e Organizational Feasibility: Ensuring
sustainable implementation.

Traditional approaches that optimize single criteria

inevitably create new problems. Our framework

provides explicit mechanisms for managing these

trade-offs through transparent decision support rather

than hidden workarounds.

Design Propositions: From Theory to Practice

Our framework is grounded in five design
propositions that translate trust calibration theory into
actionable design knowledge for healthcare workflow
optimization:

Design Proposition 1: Uncertainty Visualization
Principle When workflow bottlenecks stem from
hidden uncertainty about decision reliability, we
propose that making uncertainty explicit through
visual confidence indicators can reduce defensive
behaviors and improve efficiency.

This principle, grounded in cognitive load theory
(Sweller, 1988), suggests that hidden uncertainty
consumes mental resources through worry and
second-guessing. By visualizing confidence levels and
historical accuracy patterns, clinicians can calibrate
their trust appropriately rather than defaulting to
defensive practices. This proposition emerged from
GP3's severity assessment challenges where
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uncertainty about symptom authenticity drove time-
consuming verification behaviors.

Design  Proposition 2:  Transparency-Trust
Rebuilding Principle In high-rejection environments,
we propose that transparent prediction of outcomes
with explainable factors rebuilds trust more effectively
than improving accuracy alone.

Research on trust repair (Kramer & Lewicki, 2010)
suggests that trust erosion from repeated failures
requires transparency about decision criteria, not just
better outcomes. Systems should show why referrals
succeed or fail, enabling clinicians to learn and adapt
rather than developing workarounds. This principle
directly addresses the override response patterns
observed in GP5's experience of "referring knowing
we'll get a rejection.”

Design Proposition 3: Information Asymmetry
Resolution Principle When service knowledge gaps
force suboptimal decisions, we propose that real-time
information matching considering multiple criteria
simultaneously can improve both decision quality and
clinician confidence.

Bounded rationality (Simon, 1955) limits
clinicians' ability to process complex service
landscapes. Automated multi-criteria matching with
transparent logic can reduce cognitive burden while
improving outcomes. This principle emerged from
GP4's admission of lacking "full overview of all the
possibilities” in pathway selection.

Design Proposition 4: Defensive Documentation
Reduction Principle When fear of rejection drives
over-documentation, we propose that clarifying
information needs through adaptive templates can
reduce both documentation burden and cognitive load.
Uncertainty about specialist requirements triggers
defensive  over-documentation by eliminating
guesswork about what information is needed.
Dynamic templates that adapt to referral context and
specialist preferences can transform fear-driven
behavior into efficient communication. This
proposition is grounded in GP4's observation that
"journal length has increased" due to rejection fears.

Design Proposition 5: Cascade Optimization
Principle In interconnected workflows, we propose
that interventions targeting early decision points can
create multiplicative benefits by reducing uncertainty
propagation through subsequent stages.

Process interdependencies (Pentland, 2003)
suggest that trust failures cascade through workflows,
but our analysis indicates trust rebuilding can cascade
positively too. When severity assessment includes

proper uncertainty visualization (DP1), clinicians may
develop better confidence calibration, potentially
reducing downstream override problems. This
principle guides implementation sequencing and
prioritization.

These propositions provide design knowledge that
could potentially extend to other domains where
professional judgment must integrate with system
recommendations under uncertainty. They bridge our
theoretical understanding of trust calibration with
practical intervention design, ensuring each solution
addresses root causes rather than symptoms. The
following subsections detail how these propositions
translate into specific interventions (Section 5.2), their
expected efficiency gains based on comparable
implementations, and implementation requirements.

5.2 Targeted Optimization Interventions

Our five design propositions translate into specific
interventions, each derived from the trust-critical
decision points identified in Section 4. The selection
and prioritization emerged from analyzing where GPs
reported the most severe workflow disruptions and
where comparable implementations demonstrated
measurable improvements.

Priority 1: Predictive Referral Optimization
(Override Response) Derived from Design
Proposition 2 (Transparency-Trust Rebuilding), this
addresses the most severe bottleneck identified in
Section 4.1, where high rejection rates systematically
erode trust. The intervention provides pre-submission
success probability with explainable factors, helping
clinicians understand rejection patterns. Comparable
healthcare settings using predictive analytics report
improvements in resubmission cycles (Barnett et al.,
2015; Safi et al., 2022). Implementation requires
historical referral data and transparent algorithms.

Priority 2: Adaptive Documentation Optimization
(Information Handoff) Based on Design Proposition
4 (Defensive Documentation Reduction), this targets
the documentation burden revealed by GP4's
observation that “journal length has increased."
Dynamic templates adapt to referral context, with
smart fields reducing redundant entry. Studies of
similar systems report efficiency improvements
(Berge et al., 2023; Flores et al., 2023). This
intervention supports Priority 1 by ensuring
appropriate information capture for predictive models.
Priority 3: Uncertainty-Aware Triage (Severity
Assessment) Following Design Proposition 1
(Uncertainty Visualization), this addresses initial
assessment  challenges  through  confidence
visualization. Rather than binary severity ratings, the
system displays uncertainty ranges, helping clinicians
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calibrate expectations. This connects to Priority 1 by
providing clearer initial assessments that improve
referral predictions. Comparable triage systems report
assessment improvements (Chen et al., 2023).

The remaining design propositions inform supporting
interventions: confidence threshold optimization
(Design Proposition 5) addresses timing decisions,
while pathway selection algorithms (Design
Proposition 3) improve service matching. These
complement the primary interventions by addressing
the full spectrum of identified bottlenecks.

5.3 Proposed Implementation and Evaluation
Framework

Our framework suggests a phased approach that
organizations might consider: Phase 1 involves
baseline assessment and documentation template
development; Phase 2 introduces uncertainty
visualization and predictive analytics pilots; Phase 3
integrates  comprehensive  interventions  with
continuous refinement. This progression
systematically addresses the five trust-critical decision
points, beginning with information handoff
bottlenecks before advancing to complex pathway and
override challenges.

Potential evaluation metrics include referral
preparation efficiency, acceptance rate changes from
baseline, documentation quality maintenance, and
confidence-outcome alignment for trust calibration
assessment. While comparable healthcare process
improvements report efficiency gains of 20-40%
(Chen et al., 2023; Berge et al., 2023), actual outcomes
would vary by organizational context and
implementation approach.

Implementation considerations include securing
clinical champions, gradual adoption strategies, and
privacy/security protocols. While developed for
mental health referrals, these trust-workflow
principles may apply to other clinical domains facing
similar ~ challenges, pending  context-specific
validation. Future evaluation will follow DSR
guidelines (Venable et al., 2016).

6. Discussion and Conclusion

Key Findings and Theoretical Contributions: This
study identified five trust-critical decision points
where cognitive trust calibration failures create
systematic bottlenecks in mental health referral
workflows. Through an analysis combining literature
synthesis with empirical insights from nine general
practitioners, we revealed how uncertainty at specific

workflow stages compounds to create the high referral
failure rates experienced in mental health services.
Our  multi-criteria  optimization ~ framework
demonstrates that targeted interventions at these
junctures can achieve significant process efficiency
improvements based on comparable healthcare
interventions.

This work contributes to the IS field by revealing
an overlooked dimension - that trust operates not as a
binary adoption factor but as a dynamic calibration
process creating specific workflow bottlenecks, a
perspective essential for understanding system
implementation failures (Struijk et al., 2022). Previous
IS research has focused on whether clinicians trust
systems. We extend this literature by providing
empirical evidence of how trust failures manifest as
measurable process inefficiencies at predictable
workflow junctures. This trust-workflow nexus offers
IS researchers a new lens for understanding why
technically sound systems fail - not from outright
rejection, but because trust calibration breakdowns at
critical decision points trigger defensive behaviors that
systematically undermine intended benefits. This
reconceptualization  has  implications  beyond
healthcare, informing human-Al collaboration
challenges across all domains where professional
judgment must integrate  with  algorithmic
recommendations.

Traditional CDSS and workflow optimization
theories have operated under three assumptions (Kane,
2022): (1) that trust is a static precondition rather than
a dynamic process affecting specific workflow points,
(2) that workflow inefficiencies stem primarily from
technical or procedural issues rather than cognitive
factors, and (3) that optimizing individual metrics
improves overall performance. Our findings extend
these assumptions by demonstrating that trust
dynamically shapes workflow at identifiable
junctures, cognitive factors drive measurable
inefficiencies, and multi-criteria optimization is
essential given healthcare's inherent trade-offs. The
CUC framework (Das, 2025) provided theoretical
grounding, which we operationalized from individual
cognition to organizational workflows.

Practical Implications and Value: For healthcare
executives and IT leaders, our framework offers
immediate, actionable value (Davison, 2022): a
diagnostic tool to identify optimization opportunities
in referral processes, evidence-based interventions
with quantified efficiency gains, and a phased
implementation roadmap that minimizes risk while
maximizing adoption. Beyond traditional process
improvement  approaches, our  trust-aware
optimization directly addresses the high referral
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failure rates experienced by practitioners in our study
recovering substantial clinical time while improving
patient access to care. With mental health demands
increasing post-pandemic and workforce constraints
intensifying, optimizing referral efficiency has
become essential for system sustainability.

Organizations that integrate trust calibration into
CDSS design enable seamless clinical adoption,
avoiding the workarounds that commonly plague
system implementations. Our framework achieves this
by explicitly designing for trust calibration at critical
junctures. Implementation should incorporate fairness
principles and algorithmic transparency. The multi-
criteria optimization approach provides a template for
addressing similar complex processes - emergency
triage, surgical scheduling, chronic disease
management, where competing objectives must be
balanced. Healthcare organizations can begin with
documentation optimization, building confidence
before progressing to predictive analytics, ensuring
sustainable adoption.

The broader implications extend to digital
transformation initiatives across healthcare. As
artificial  intelligence and  machine learning
increasingly support clinical decisions, understanding
how trust calibration affects workflow integration
becomes critical. Our findings inform the design of
explainable Al systems, suggesting that transparency
must be targeted at specific decision points rather than
applied uniformly. This has immediate relevance for
emerging large language model applications in
healthcare, where trust calibration considerations can
prevent new workflow inefficiencies.

Limitations and Future Research: While our
findings emerge from a single-payer healthcare
system, the identified trust-workflow patterns align
with documented international challenges in mental
health referrals. The projected efficiency gains draw
on established benchmarks from comparable
healthcare process optimizations, with specific
outcomes dependent on organizational context. Our
qualitative approach provided the rich insights
necessary to identify trust-critical decision points,
establishing a foundation for subsequent quantitative
validation. As with all organizational research,
findings should be adapted to local contexts and
existing infrastructure.

Future research opportunities include implementing
and evaluating the proposed optimization strategies
across diverse healthcare settings, examining the
evolution of trust calibration in longitudinal studies,
and extending the framework to other clinical
specialties. The multi-criteria optimization approach

developed here offers a template for addressing similar
workflow challenges throughout healthcare.

Conclusion: Mental health referral failures represent
more than isolated inefficiencies, they exemplify how
cognitive factors, particularly trust calibration,
fundamentally shape healthcare workflows. By
identifying where trust failures create bottlenecks and
providing targeted optimization strategies, this
research bridges critical gaps between cognitive
theory and organizational practice. We demonstrate
that healthcare process optimization requires more
than technical solutions; it demands systematic
attention to how clinicians calibrate trust at specific
workflow junctures.

Our findings suggest a path forward: healthcare
organizations must move beyond asking “do clinicians
trust the system?" to understanding "where and how
do trust failures disrupt workflows?" Our multi-
criteria optimization framework provides the tools for
this transition, offering evidence-based interventions
that balance efficiency with clinical autonomy. As
healthcare systems globally confront unsustainable
demands with limited resources, the choice is not
whether to optimize referral processes, but whether to
do so in ways that support or undermine clinical
judgment. The question is not if healthcare workflows
will be optimized, but whether that optimization will
enhance or erode trust. By designing for trust
calibration at critical decision points, we can achieve
the significant efficiency improvements healthcare
urgently needs while preserving the human
relationships at healthcare's core. For healthcare
organizations, this framework offers immediate
diagnostic value in identifying trust-related workflow
bottlenecks.
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