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Abstract

Background: Hospital discharge reports (HDRs) support continuity of care; yet, their specialized terminology may hinder
patient understanding and postdischarge self-management, particularly among individuals with limited health literacy (HL).

Objective: AIM-HEALTH (Artificial Intelligence–Mediated Discharge Document for Accessible Healthcare) aims to develop
and evaluate a clinician-validated, artificial intelligence (AI)–powered supplementary discharge document (SDD) to support
comprehension of HDR content, tailored to patients’ HL levels.

Methods: This prospective, observational, noninterventional study will enroll 200 adults from the nephrology and cardiology
units at Azienda Socio-Sanitaria Territoriale Spedali Civili hospital. Following written informed consent, participants’ HL will
be assessed and combined with HDR structured data and an audio-recorded discharge interview to generate two outputs using
locally deployed agentic AIs powered by an open-weight large language model: (1) an HL-tailored SDD for patient use and (2)
a clinical informational performance report (CIPR) highlighting omissions and inconsistencies between the HDR and the discharge
interview to support clinical safety. Clinicians will validate the SDD using a QUEST (quality, understanding, expression style,
safety, and trust)–informed tool assessing accuracy, completeness, clarity, utility, and safety domains. All outputs will undergo
clinical assessment; only suitable outputs will be retained, while corrections and unsuitable outputs will be used to iteratively
refine the system. Patients will assess SDD perceived accessibility, comprehensibility, usefulness, and engagement. Data processing
follows on-premise, Data Protection Impact Assessment–defined safeguards (data minimization, pseudonymization, and security
or incident management).

Results: Expected results include (1) technical feasibility and workflow indicators (completion and SDD withholding rates);
(2) clinician-rated accuracy, appropriateness, completeness, and safety of SDDs; (3) perceived utility of the clinical informational
performance report for identifying omissions and inconsistencies between HDRs and discharge interviews; (4) patient-reported
accessibility, comprehensibility, usefulness, and engagement at ~1-month follow-up; and (5) associations between SDD readability
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index scores and perceived comprehensibility. This study is approved by the local institutional review board (NP 6761-62,
February 24, 2026). Data collection commenced on May 29, 2026.

Conclusions: AIM-HEALTH is intended to generate preliminary feasibility, safety, and acceptability evidence on the integration
of an AI-generated, HL-adapted SDD into routine workflows, particularly for patients with chronic conditions. The findings are
intended to inform the design of future comparative studies addressing the potential role of such tools in postdischarge
communication, under on-premise data protection and mandatory clinician validation.

International Registered Report Identifier (IRRID): PRR1-10.2196/95782

(JMIR Res Protoc 2026;15:e95782) doi: 10.2196/95782
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Introduction

Hospital discharge reports (HDRs) are core clinical documents
that synthesize inpatient stay and formally convey diagnoses,
prescribed therapies, follow-up plans, and lifestyle
recommendations, thereby ensuring informational continuity
of care across hospital services, patients, and community-based
providers [1-3]. However, extensive evidence shows that HDRs
are often written in complex medical language, characterized
by dense terminology and intricate syntactic structures that
many patients, especially those with limited health literacy (HL),
find difficult to understand [3]. This mismatch between
document complexity and patients’ HL has been linked to
multiple adverse outcomes, including limited understanding of
written discharge instructions, difficulties in following
prescribed therapies, and a higher likelihood of complications
and potentially avoidable hospital readmissions [4]. Evidence
across several inpatient settings shows that misunderstanding
of discharge instructions is widespread, with most patients
failing to fully understand at least 1 critical element in the
HDRs, particularly medications and return-to-care indications
[5,6]. In Italy, studies highlight substantial challenges in both
general literacy and HL: the Health Literacy European Survey
2019–2021 indicates that 23% of adults have inadequate and
35% problematic HL, while Organisation for Economic
Co-operation and Development data estimate that around 28%
of Italian people aged 16-65 years are functionally illiterate
[7,8]. These figures suggest that a large proportion of patients
are likely to experience systematic difficulties in processing
standard HDRs, particularly when managing chronic and
multimorbid conditions that require complex self-care [3,4].

At the same time, clinicians work under increasing
administrative and documentation burdens and must comply
with stringent clinical and legal standards, which limits the time
available to tailor discharge communication to individual
patients’ HL levels and informational needs [9]. As a result,
HDRs often remain predominantly clinician-centered, with
written materials optimized for professional and legal
requirements rather than for patient comprehension and usability
[10]. This structural imbalance disproportionately affects
patients with lower HL, who are precisely those at greatest risk
of misunderstanding critical information on medication,
symptom monitoring, and follow-up, and who may therefore
face higher probabilities of unsafe postdischarge trajectories

[11,12]. Improving the clarity, accessibility, and usability of
HDRs is thus a key priority for promoting patient autonomy,
adherence, and safety in the transition from hospital to home,
particularly in the context of chronic diseases [13,14].

Artificial intelligence (AI), and in particular, generative large
language models (LLMs), has recently emerged as a promising
resource to support the simplification and personalization of
clinical documentation, including discharge-related texts
[15-23]. Studies in various clinical domains indicate that
AI-generated summaries and reports can be perceived as clearer
and more concise than traditional clinician-authored documents
while maintaining comparable clinical accuracy and
completeness [16-23]. Patients and clinicians frequently rate
AI-assisted texts as more readable and user-friendly, and
generative systems have shown the ability to reproduce most
key clinical items, such as medication instructions and follow-up
recommendations [24-29]. In parallel, AI-based documentation
tools are being explored as a means to reduce clinicians’
administrative burden, mitigate variability in document quality,
and support more consistent communication practices [26-30].
Nonetheless, existing work remains fragmented, and the
implications of using AI-generated, patient-facing materials in
routine hospital discharge processes are not yet fully understood
[29-31].

Several important gaps persist in this emerging field. First, most
published studies are proof-of-concept or pilot evaluations
conducted in English-language settings and do not address
morphologically rich languages such as Italian or the
organizational and regulatory specificities of the Italian National
Health Service [16-30]. Second, many evaluations focus on
single dimensions, for example, perceived clarity or basic
accuracy, without combining clinical, linguistic, and experiential
metrics within a shared framework that can robustly capture the
quality and safety of AI-generated documents. Third, HL is
rarely incorporated as an explicit personalization variable:
AI-generated texts are typically not adapted to patients’
measured HL levels, despite the well-documented role of HL
in shaping comprehension, self-management, and outcomes in
chronic disease [20]. Finally, ethical and legal considerations,
including transparency, bias, accountability, and data protection,
are not consistently integrated into the design, governance, and
evaluation of AI-mediated communication tools, raising
concerns about their trustworthy deployment in real-world care
[24,30,32].
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The AIM-HEALTH (Artificial Intelligence–Mediated Discharge
Document for Accessible Healthcare) project has been conceived
to address these gaps at the intersection of health
communication, applied linguistics, clinical informatics, and
AI ethics in the Italian hospital context. Focusing on adult
patients with chronic conditions, AIM-HEALTH targets hospital
HDRs in nephrology and cardiology units at a large Italian
university hospital, where clear written information is crucial
to safe and effective postdischarge management [2,6]. Within
this setting, the project introduces the concept of a
supplementary discharge document (SDD), generated with AI
and designed as a patient-facing complement to the standard
HDR, with a specific emphasis on linguistic accessibility and
sensitivity to patients’ HL profiles [18,21,22,27-29]. The
primary objective of this study is to assess the clinical quality
and safety of the AI-generated SDD, as evaluated by physicians
on the basis of the source documents, prior to any patient-facing
use. Secondary objectives are (1) to characterize patient-reported
accessibility, comprehensibility, usefulness, and engagement
with the SDD; (2) to explore clinicians’ perceived utility, in
clinical practice, of an automated tool that highlights potential
omissions and inconsistencies between the written HDR and
the discharge interview; (3) to assess the feasibility and
acceptability of integrating an HL-sensitive, AI-mediated SDD
into routine clinical workflows; and (4) to describe the
readability of the AI-generated SDD and of the corresponding
HDR. Exploratory objectives are to examine potential
associations between linguistic features of the SDD and
patient-reported outcomes and to describe possible differences
in the use and perception of the SDD across clinical units and
across HL profiles. These analyses are intended to be
hypothesis-generating and to inform the design of future
comparative studies. By focusing on these questions,
AIM-HEALTH seeks to generate evidence on the potential and
limitations of HL-sensitive, AI-mediated discharge
communication in an Italian public hospital setting and to inform
future models of responsible, patient-centered AI use in clinical
communication.

Methods

Study Design, Setting, and Participant Recruitment
This study is a prospective, observational, noninterventional
study designed to evaluate the use of AI in the generation of
SDDs intended to support the HDRs. The study adopts a
nonrandomized, open-label design, as all participants receive
the same procedures, and no allocation to control or comparison
groups is planned. The study is conducted at Azienda
Socio-Sanitaria Territoriale (ASST) Spedali Civili di Brescia
(Italy), a large tertiary-level public teaching hospital and referral
center for the Lombardy region. The hospital is part of the Italian
National Health Service and is formally affiliated with
Università di Brescia, supporting integrated activities in clinical
care, research, and medical training. ASST Spedali Civili di
Brescia provides highly specialized inpatient and outpatient
services across medical, surgical, and subspecialty areas and
manages a high volume of patients with complex acute and
chronic conditions. Within this institutional context, the study
is carried out in the nephrology unit and the cardiology unit.

These clinical settings were selected due to the high
communicative demands associated with the postdischarge
management of chronic nephrological and cardiovascular
conditions, where clear, accurate, and accessible discharge
information is essential to ensure continuity of care, medication
adherence, and effective self-management after hospitalization.

The planned sample consists of 200 adult patients, equally
distributed between the nephrology and cardiology units (n=100
per unit). The sample size was determined on pragmatic grounds
informed by published guidance on pilot and feasibility study
design, which suggests that samples of this magnitude may be
reasonable to characterize feasibility and acceptability and to
inform estimates of key design parameters of complex
interventions prior to comparative evaluation [33-35]. The
planned sample is also larger than those reported in several
published pilot evaluations of AI-generated discharge
documents, which have often involved smaller samples [28].
As an indicative reference, under standard assumptions and
using methods appropriate for binomial proportions, an observed
proportion of 50% in a sample of 200 would correspond to a
95% CI of approximately ±7 percentage points; the
corresponding interval for 100 would be approximately ±10
percentage points, and intervals around less frequent proportions
(eg, 10%-20%) would tend to be narrower. With respect to
associations between continuous linguistic, clinical, and
patient-reported variables, a sample of 200 may allow detection
of correlations on the order of r≈0.20 with reasonable sensitivity
at α=.05 (2-sided), although actual sensitivity will depend on
the empirical distributions and missingness observed during the
study. Subgroup comparisons (eg, across HL categories or
between clinical units) and analyses involving HL or
fine-grained linguistic indicators are prespecified as exploratory
and hypothesis-generating; the study is not designed to detect
small effects within subgroups or to support inferences about
efficacy. Findings are intended to inform the design of future
comparative or multicenter studies. Patients are identified
through a systematic review of discharge lists by clinical staff
in the participating units to ensure representativeness of the
target population. Eligible patients receive detailed information
about the study and are asked to provide written informed
consent prior to participation. Inclusion criteria comprise age
≥18 years, adequate reading and comprehension of the Italian
language, ability to comprehend and sign informed consent,
discharge from one of the participating units, diagnosis of a
chronic condition requiring ongoing follow-up, and clinical
stability at the time of discharge. Exclusion criteria include age
<18 years, diagnosed cognitive impairment or significant
language barriers preventing informed consent, severe
comorbidities or clinical instability requiring continued inpatient
care, participation in other clinical studies that could interfere
with the study objectives, institutionalization limiting
autonomous management of health information, and explicit
refusal to participate. Patient eligibility and data quality are
monitored throughout the enrollment process to ensure continued
adherence to inclusion and exclusion criteria and consistency
with study objectives. Periodic procedural checks are conducted
upon completion of approximately 30%, 60%, and 100% of the
planned reports within each participating unit, with the aim of
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verifying recruitment procedures, data completeness, and
protocol compliance.

Data Collection
After preliminary eligibility screening, eligible patients are
informed about the study objectives and procedures during an
individual interview. Participants are provided with clear study
information and are given the opportunity to read the
information sheet, ask questions, and receive clarifications
before providing written informed consent. After providing
informed consent, participants complete the Italian version of
the 16-item European Health Literacy Survey Questionnaire, a
translated and psychometrically validated instrument for
assessing HL in the general population. In addition, participants
complete the 3-item brief HL screen, a short validated screening
tool assessing difficulties in understanding written health
information, the need for assistance in reading medical materials,
and confidence in completing medical forms [36]. The resulting
HL score is recorded as a core study variable and is explicitly
used as an input to the AI system to guide the linguistic
complexity, structure, and informational density of the generated
SDD. For each enrolled participant, the discharging physician
produces the HDR according to routine clinical practice and
institutional standards. In parallel, the clinician-patient discharge
interview routinely conducted at the time of discharge is
audio-recorded using a dedicated digital device as part of the
study procedures. Audio recording is limited to the discharge
encounter and is performed solely for the purposes of the study.
Recorded discharge interviews are transcribed using an
automated speech-to-text system based on the Whisper large-v3

model [37]. The resulting transcripts are used in conjunction
with the HDR as primary source documents for the AI system.
Together, the HDR and the transcript of the discharge interview
constitute the inputs used both for the generation of the SDD
and for the production of the clinical informational performance
report (CIPR), enabling systematic comparison between written
discharge documentation and transcribed verbal communication
within the study workflow.

AI System Architecture and Document Generation
Workflow
The study uses a multiagent AI system based on LLMs to
generate SDDs intended to complement the HDR. For each
enrolled participant, the system integrates 3 inputs: structured
information extracted from the HDR, the transcript of the
audio-recorded discharge interview, and the participant’s HL
score. These inputs are jointly processed to generate an
HL-adapted SDD designed to support accessibility and
comprehension of discharge information. The AI system is
hosted entirely on local institutional high-performance
computing infrastructure (NVIDIA DGX A100 graphics
processing unit cluster) and is based on open-source LLMs,
including Gemma 3 27B and Llama 2 70B, or derived versions.
All processing is performed on-premise within institutional
infrastructure, and no patient data are transferred to external
cloud services. The system relies on pretrained models and does
not involve model retraining using study data (Figure 1). During
the study, patient data are not stored within the AI models and
are not used for model retraining.

Figure 1. Data flow diagram. AI: artificial intelligence; ASST: Azienda Socio-Sanitaria Territoriale; DGX: Deep GPU Xceleration; TLS: Transport
Layer Security.

Document generation is implemented through a multiagent
architecture comprising specialized agents responsible for data
acquisition and structuring, analysis of clinical content through

natural language processing, and synthesis and reformulation
of information into an HL-adapted SDD. An orchestration
mechanism coordinates agent interactions and manages the
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generation sequence to support coherence, accuracy, and
reduction of informational complexity across outputs. Prior to
full-scale enrollment, a dedicated technical development and
validation phase is conducted. During this phase, a pilot dataset
of 20 cases, with equal representation from the nephrology and
cardiology units, is used to refine system prompts, agent
coordination, and workflow parameters and to evaluate
alternative model variants and system configurations, with the
objective of optimizing output coherence, completeness, and
alignment with clinical documentation standards. Refinement
activities are limited to system-level configuration, prompt
engineering, and orchestration logic, and do not involve
modification of model weights. For each participant, the
workflow produces 2 outputs. The first output is the SDD
intended for patient use. The second output is the CIPR,
designed to support clinical activities by checking omissions
and inconsistencies between the HDR and the discharge
interview and by highlighting critical information requiring
clarification or reinforcement within the discharge process. The
report also includes an assessment of potential discriminatory
content, providing structured support for clinician review within
the clinical validation workflow prior to any patient-facing use
of the SDD.

Clinical Validation, Delivery, and Follow-Up
Before any patient-facing use, each AI-generated SDD
undergoes a qualitative clinical validation performed by the
treating physician. This review is aimed at verifying the clinical
correctness, completeness, and appropriateness of the generated
content with respect to the HDR and the discharge interview.
Based on this initial assessment, the SDD is classified as
suitable, suitable with minor corrections, or not suitable.
Documents classified as not suitable are withheld and are not
delivered to the patient. Following the initial review, clinicians
complete a structured evaluation inspired by the QUEST
(quality, understanding, expression style, safety, and trust)
framework [32] to provide a standardized assessment of the
AI-generated SDD (Multimedia Appendix 1). This evaluation
addresses accuracy, completeness, coherence, clarity, utility,
safety, and reliability, together with a structured inventory of
any content errors detected, organized into prespecified
categories (factual errors, omissions, hallucinations, linguistic
issues, contradictions with the source documents, presentation
errors, and formatting errors), each with associated branching
items capturing subtype and severity, and supplementary items
addressing potentially anxiety-inducing formulations, neutrality
and absence of stereotypical or discriminatory language, and
the perceived potential for the SDD to lead to clinically
consequential misinterpretation. This second step is intended
to systematically document clinician judgment and to support
traceable quality and safety assessment of the generated
documents. If deemed suitable, the SDD is delivered to the
patient together with the HDR, which remains the only legally
valid discharge document. Patients are explicitly informed that
the SDD is a supplementary informational tool designed to
facilitate understanding of discharge information and
postdischarge management and does not replace the HDR.
Within 1 month after discharge, patients are invited to complete
a structured follow-up questionnaire assessing perceived

accessibility, comprehensibility, usefulness, engagement, and
overall experience with the SDD (Multimedia Appendix 2).
This follow-up is designed to capture patient-reported
perceptions of the SDD as a support tool for understanding and
managing health information after hospital discharge. In parallel,
clinicians receive the CIPR generated by the AI system, which
compares the HDR with the transcript of the discharge interview.
The report highlights omissions, inconsistencies, and critical
information requiring emphasis between written and verbal
discharge communication. Clinicians evaluate the perceived
utility of this report as a support tool for improving
documentation quality and clinician-patient communication
through a dedicated structured survey (Multimedia Appendix
3). This assessment also collects information on feasibility,
usability, perceived impact on discharge practices, and
integration within routine clinical workflows, including
perceived time burden. A dedicated linguistic analysis is
conducted on the AI-generated SDDs to characterize their
accessibility and communicative profile. Readability is assessed
using the Gulpease index [38], a validated measure for the Italian
language that estimates textual accessibility based on sentence
length and word complexity. Gulpease scores are interpreted in
relation to patients’ measured HL levels to evaluate alignment
between linguistic complexity and user capacity. In addition to
readability, a corpus-based linguistic analysis [39] is performed
to examine syntactic and discourse-level features of the SDDs.
A comparative corpus is constructed, including both
AI-generated SDDs and the corresponding original HDRs.
Quantitative analyses use computational linguistic tools to
extract indicators of lexical density and syntactic complexity
[40,41], including measures such as type-token ratio [42] and
measure of textual lexical diversity [43]. Qualitative discourse
analysis is conducted to examine information structure,
cohesion, progression of information, management of given
and new information, and adaptation of specialist terminology.
These analyses aim to identify linguistic strategies that most
effectively support patient comprehension.

Safety Monitoring of AI-Generated Outputs
A structured framework for the identification, classification,
and tracking of AI-related errors is integrated into the clinical
validation step (Multimedia Appendix 1). For each AI-generated
SDD, the treating physician completes a QUEST-informed
structured evaluation that records, in a single instrument, both
the perceived quality of the output across QUEST domains and
a detailed inventory of any errors detected. Errors are classified
into seven prespecified categories, operationalized to capture
the principal failure modes relevant to AI-mediated
patient-facing communication: (1) factual errors, including
incorrect diagnoses, therapies, dosages, laboratory or diagnostic
findings, allergy or contraindication information, and follow-up
plans; (2) omissions, including missing therapy or postdischarge
instructions, missing warnings on side effects or risks, and
missing follow-up procedures or appointments; (3)
hallucinations, defined as content not supported by the source
documents, including unsupported diagnoses, therapies not
discussed during the discharge encounter or absent from the
HDR, and clinical recommendations not aligned with established
guidelines; (4) linguistic issues, including overcomplex
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terminology, ambiguous formulations, and unsafe
oversimplifications that may render instructions vague or
imprecise; (5) contradictions, including discrepancies between
sections of the SDD and discrepancies with information
provided in the HDR or during the discharge encounter; (6)
presentation errors, including illogical sequencing or
disconnected content; and (7) formatting errors. This taxonomy
is intended to address the principal categories of AI-related risk
in patient-facing clinical documents, including hallucinations,
missing or incorrect medication and follow-up information,
unsafe simplifications, and contradictions with the official
discharge documentation.

For each error category identified, a branching set of items
records the specific subtype and a 5-level severity rating (from
1=not at all severe to 5=extremely severe). Two additional items
capture the perceived attribution of inaccuracies or omissions
to the source documents, that is, whether the issue may be traced
to information provided in the HDR or during the discharge
interview, supporting the separation of model-related from
input-related errors. Additional items address potentially
anxiety-inducing formulations, neutrality and absence of
stereotypical or discriminatory language, and the perceived
potential for the SDD to lead to clinically consequential
misinterpretation. A final item invites clinician reflection on
whether the original HDR or discharge interview would have
been structured differently in light of the CIPR output,
supporting iterative improvement of clinical communication
practice.

Documents classified as not suitable during clinical validation
are withheld from delivery and are not provided to the patient
under any circumstances, regardless of the nature or severity of
the detected issue. Documents classified as suitable with minor
corrections are revised by the treating physician prior to
delivery, and the corrections applied are recorded for subsequent
analysis. Aggregated error data (including the frequency and
severity distribution of each error category, the proportion of
withheld documents, and the corrected components) are
reviewed by the research team at prespecified procedural
checkpoints corresponding to the completion of approximately
30%, 60%, and 100% of the planned reports within each clinical
unit. At each checkpoint, a panel of clinical experts not directly
involved in the original validation performs an independent
ex-post review of a sample of generated SDDs, providing a
second-line assessment of clinical quality and safety. Should
patterns suggestive of recurrent or severe AI-related errors
emerge (including, but not limited to, repeated hallucinations
involving therapeutic content, repeated omissions of follow-up
information, or systematic contradictions with the HDR), the
research team reassesses the system configuration and
documentation workflow before continuing enrollment. No
fixed numerical stopping threshold is prespecified, given the
exploratory nature of the study and the absence of established
benchmarks for this type of system; safety-related decisions
and any consequent modifications to the workflow are
documented in the study records and reported in the final
analysis. Aggregated error frequencies, severity distributions,
and procedural decisions taken at each checkpoint are reported
alongside the primary outcome results, supporting transparent

assessment of the clinical safety profile of the AI system within
the study workflow.

Ethical Considerations
The study is conducted in accordance with the principles of the
Declaration of Helsinki, Good Clinical Practice guidelines [44],
and applicable European and Italian regulatory frameworks
governing clinical research, data protection, and the use of AI
in health care [45,46]. The study protocol received approval
from the Comitato Etico Territoriale Lombardia 6, the reference
ethics committee for the participating clinical centers. The 2
institutions jointly contribute to the conduct of the study within
their respective roles and responsibilities. A formal favorable
resolution authorizing participation in the nonprofit study has
been issued by the competent university departmental
governance bodies (111-09/04/2025). In compliance with
Regulation (EU) 2016/679 (General Data Protection Regulation)
[45] and Italian Legislative Decree No 196/2003, as amended
by Legislative Decree No 101/2018 [46], a comprehensive Data
Protection Impact Assessment (DPIA) has been conducted prior
to study initiation. The DPIA was formally adopted by the data
controllers following verification by the competent institutional
units, and written opinions issued by the respective data
protection officers of the University of Brescia and ASST
Spedali Civili di Brescia. The DPIA defines and monitors all
technical and organizational measures implemented to mitigate
risks related to the processing of personal and health data within
the study. Roles and responsibilities related to data processing
are clearly defined in accordance with General Data Protection
Regulation requirements. Data are processed exclusively within
secure institutional infrastructures shared between the hospital
and the university, with both entities operating under clearly
delineated governance arrangements. Access to data is restricted
to authorized personnel involved in the study, and all processing
activities are logged and auditable. Personal data are
pseudonymized using unique alphanumeric identifiers, and
identifying information is stored separately from clinical and
study data. The AI system processes source documents
transiently in memory solely for the purposes of document
generation and production of the CIPR. Patient data are not
retained within AI models, are not used for model retraining,
and are not transferred to external cloud services. Data
transmission occurs exclusively through protected internal
networks using encrypted connections, and secure backup,
incident management, and disaster recovery procedures are in
place in accordance with institutional policies and the approved
DPIA (Figure 2). Beyond data protection, the study addresses
clinical risks specific to the introduction of an AI-generated
supplementary document into the postdischarge information
pathway. Three principal risks are considered. First, the risk
that patients may misinterpret the simplified content of the SDD;
second, the risk that patients may rely on the SDD to a greater
extent than on the HDR, which remains the only legally valid
discharge document; and third, the risk that simplified
instructions in the SDD may not fully reflect the clinical detail
or qualifications contained in the HDR. To mitigate these risks,
several procedural safeguards are implemented within the study
workflow. No SDD is delivered to a patient without prior clinical
validation by the treating physician, and documents classified

JMIR Res Protoc 2026 | vol. 15 | e95782 | p. 6https://www.researchprotocols.org/2026/1/e95782
(page number not for citation purposes)

Pelizzari et alJMIR RESEARCH PROTOCOLS

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


as not suitable during validation are withheld from delivery as
described in the safety monitoring framework. Linguistic
adaptation of the SDD is anchored to the patient’s measured
HL level, with the aim of reducing the likelihood of
oversimplifications that could render instructions vague or
imprecise. At the time of delivery, patients are explicitly
informed that the SDD is a supplementary informational tool
intended to support understanding of the discharge content, that
it does not replace the HDR, and that the HDR remains the
reference document for any clinical or administrative purpose.
This explanation is provided verbally during the discharge
encounter and is also recorded in writing within the SDD itself.
Throughout the study, the structured QUEST-informed clinical
evaluation (Multimedia Appendix 1) and the safety monitoring
framework described earlier support continuous identification,
classification, and review of any AI-related issues that could
carry clinical implications, including unsafe simplifications and

contradictions with the HDR. Patients and clinicians may report
concerns regarding the SDD or the discharge process at any
point during the study, and such reports are documented and
reviewed by the research team. No clinical decision-making is
delegated to the AI system at any stage of the workflow, and
the treating physician retains full clinical responsibility for the
discharge process and for the information communicated to the
patient. All participants receive clear and comprehensive
information about the study objectives, procedures, potential
risks, and data handling practices during an individual
information session prior to enrollment. Written informed
consent is obtained before any study-related activity is
performed. Participation is voluntary, and participants may
withdraw consent at any time without any consequences for
their ongoing or future clinical care. No compensation will be
provided to participants.

Figure 2. Hospital and university secure network diagram. AI: artificial intelligence; ASST: Azienda Socio-Sanitaria Territoriale; DII: Department of
Information Engineering.

Statistical Analysis
Data analyses are intended to be primarily descriptive and
exploratory, consistent with the prospective, observational,
single-arm pilot design of the study. Analytic choices are
prespecified in alignment with the outcome defined in the study
(primary, secondary, and exploratory). Continuous variables
are summarized using means and SDs or medians and IQRs,
depending on the empirical distribution; categorical variables
are summarized using absolute and relative frequencies.
Sociodemographic and clinical characteristics, HL scores
obtained through the 16-item European Health Literacy Survey
Questionnaire and the brief HL screen, and structural
characteristics of the source documents are reported
descriptively for the overall sample and stratified by clinical
unit.

Analyses related to the primary outcome, namely, the
clinician-rated quality and safety of the AI-generated SDD, are
descriptive in nature and do not involve formal hypothesis
testing, consistent with the absence of a comparison group and
the pilot scope of the study. The proportion of SDDs classified
as suitable, suitable with minor corrections, and not suitable for
patient delivery is reported with corresponding 95% CIs,
calculated using methods appropriate for binomial proportions.
The QUEST-informed assessment items, covering accuracy,
completeness, clarity, safety, and the structured taxonomy of
content errors, are summarized through medians, IQRs, and
response distributions for ordinal items, and absolute and relative
frequencies for categorical items. Per-domain results are
reported for the overall sample and stratified by clinical unit.

Analyses related to the secondary outcomes are also primarily
descriptive, with inferential analyses limited to associations
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explicitly identified as exploratory. Patient-reported
accessibility, comprehensibility, usefulness, and engagement
with the SDD, collected approximately 1 month after discharge,
are summarized at the item and scale level, with 95% CIs where
appropriate. Clinician-rated perceived utility of the CIPR is
summarized in an analogous manner. Feasibility and workflow
indicators are operationalized a priori as (1) the study completion
rate, defined as the proportion of consented participants who
complete all study procedures through the 1-month patient
follow-up; (2) the proportion of generated SDDs withheld from
delivery due to clinical nonsuitability; and (3)
clinician-perceived integration burden, measured through the
dedicated CIPR questionnaire. Readability of the SDDs, assessed
through the Gulpease index, is reported descriptively for the
overall corpus and stratified by clinical unit, alongside the
readability of the corresponding HDRs.

Analyses related to the exploratory outcomes are intended to
support hypothesis generation and to inform the design of future
comparative studies; results are interpreted with corresponding
caution and are not used to draw conclusions regarding efficacy.
Associations between SDD readability (Gulpease index) and
patient-reported comprehensibility, and between
syntactic-discourse linguistic indicators (including type-token
ratio and measure of textual lexical diversity) and
patient-reported outcomes, are examined using Pearson or
Spearman correlation coefficients, with the choice guided by
the empirical distribution and measurement scale of each
variable pair. Prespecified subgroup comparisons across clinical
units (nephrology vs cardiology, 2 groups) and across HL
categories are conducted using independent-sample 2-tailed t
tests or Mann-Whitney U tests and 1-way analysis of variance
or Kruskal-Wallis tests, respectively, with the choice between
parametric and nonparametric forms guided by distributional
and variance assumptions; all tests are 2-tailed [47]. Where data
quality and distributional characteristics permit, exploratory
multivariable regression models may be considered to describe
joint associations; the form of the model (linear, logistic, and
ordinal) is selected on the basis of the outcome distribution.
Such models are intended to be descriptive and
hypothesis-generating, not to support causal or predictive
inference.

All inferential analyses within the exploratory layer are 2-sided,
with a nominal significance threshold of P<.05 reported
alongside point estimates and 95% CIs. No formal adjustment
for multiple comparisons is prespecified, in line with the
descriptive and hypothesis-generating intent of the analyses;
results from analyses involving multiple comparisons are
interpreted with explicit caution and are not presented as
confirmatory. No interim analyses are planned. Analyses are
conducted on pseudonymized data using established statistical
software. Missing data are summarized descriptively per
variable; no imputation is prespecified, and analyses involving
variables with substantial missingness are interpreted with
corresponding caution.

Results

The study protocol received approval from the reference ethics
committee and institutional review board (Comitato Etico
Territoriale Lombardia 6) for the participating clinical centers,
during the committee meeting held on February 24, 2026
(authorization: AIM-HEALTH NP 6761-NP 6762). A DPIA
has been completed and formally adopted following institutional
verification, and written opinions issued by the data protection
officers of both the hospital and the university (Prot
127620/07.05.25). Formal institutional authorizations have been
obtained from the participating units and university governance
bodies. The project is supported by a competitive research grant
awarded by Fondazione Cariplo (Bando Giovani Ricercatori
2025, grant protocol 2025-616/SH), covering the years
2026-2028. Data collection commenced on May 29, 2026.

Discussion

Hospital discharge communication represents a critical transition
point in the care pathway, particularly for patients with chronic
conditions who must manage complex therapeutic regimens
after hospitalization. Variability in HL and the linguistic
complexity of HDRs can hinder understanding and contribute
to fragmented continuity of care. The AIM-HEALTH (Artificial
Intelligence–Mediated Discharge Document for Accessible
Healthcare) study aims to address this gap by evaluating a
structured, clinician-validated approach to generating SDDs
using AI within routine hospital workflows. A key strength of
the study lies in its dual-output design. By pairing HL-adapted
SDDs with a CIPR, the protocol explicitly separates
patient-facing support from tools intended to assist clinicians
in improving documentation quality and discharge
communication. This separation preserves the legal and clinical
primacy of the HDR while enabling targeted informational
support and systematic identification of discrepancies between
written and verbal communication. The integration of mandatory
clinician validation and standardized quality assessment further
reinforces clinical governance and safety. The study also
contributes to the emerging literature on the responsible
implementation of AI in health care settings. The exclusive use
of on-premise infrastructure, the absence of model retraining
on patient data, and the integration of data protection safeguards
defined through a formal DPIA reflect a governance-oriented
approach that aligns with European regulatory requirements. In
this respect, the protocol offers a replicable framework for
institutions seeking to explore AI-mediated health
communication while maintaining accountability, transparency,
and compliance with ethical and legal standards. Several
limitations should be acknowledged. The study is conducted in
a single tertiary hospital and focuses on 2 clinical units, which
may limit generalizability to other settings or specialties. In
addition, the observational design does not allow causal
inference regarding the impact of the SDD on clinical outcomes.
However, as a protocol study, AIM-HEALTH is intended to
generate feasibility data, inform refinement of AI-supported
discharge processes, and support the design of future
comparative or multicenter investigations. If successfully
implemented, the AIM-HEALTH protocol may inform broader
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organizational strategies aimed at improving discharge
communication, supporting patient understanding, and

strengthening continuity of care through ethically governed,
clinician-centered AI tools.
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