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Abstract
Background  Home-visit nurses often make autonomous clinical judgments in patients’ homes, where access to 
colleagues and evidence-based resources is limited. Guideline-informed artificial intelligence (AI) systems may 
facilitate access to clinical information, but evidence of their effects on nurses’ perceived mental effort remains 
limited. This study examined whether access to a guideline-informed AI chat system was associated with per-
ceived mental effort, task difficulty, and confidence in answer correctness during a simulated home-visit nursing 
task.
Methods  This web-based randomized controlled trial was conducted in Japan from March 9 to March 27, 2026. 
Home-visit nurses were randomly allocated 1:1 to AI or non-AI groups. Both groups completed a simulated task 
involving an older adult with chronic heart failure living alone. The AI group could use a NotebookLM system 
preloaded with publicly available clinical guidelines, whereas the comparison group was instructed not to use 
external resources. The primary outcome was perceived mental effort, assessed using a 9-point single-item rat-
ing based on Paas’ scale. The exploratory secondary outcomes were perceived task difficulty and confidence in 
answer correctness. The primary analyses used a complete-case approach and included participants who com-
pleted the task and provided post-task outcome data. Outcomes were analyzed using analysis of covariance 
adjusted for home-visit nursing experience, non-home-visit nursing experience, and educational attainment.
Results  Of 140 randomized participants, 105 completed the task and were included in the complete-case analy-
sis: 53 in the non-AI group and 52 in the AI group. Compared with the non-AI group, the AI group reported lower 
perceived mental effort (adjusted mean difference − 1.13, 95% CI -1.81 to -0.45), lower perceived task difficulty 
(-0.74, 95% CI -1.37 to -0.12), and higher confidence in answer correctness (0.71, 95% CI 0.14 to 1.27).
Conclusions  Among participants who completed the task, guideline-informed AI chat access was associated with 
lower perceived mental effort and task difficulty and higher confidence in answer correctness than no access to 
external resources. These are complete-case, not intention-to-treat estimates; the study neither isolated the inde-
pendent effect of AI nor evaluated clinical reasoning quality, accuracy, or safety.
Trial registration  UMIN Clinical Trials Registry, UMIN000061415. Retrospectively registered on 30 April 2026.
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Background

In Japan, home-visit nursing plays a key role in supporting home-based care for the rapidly aging population. The 
system was developed by integrating medical insurance, long-term care insurance, and welfare services, enabling 
nurses to deliver a wide range of care across the acute, chronic, and end-of-life stages in patients’ homes. Within 
this framework, home-visit nurses perform continuous monitoring, symptom management, and care coordination 
in community settings [1].

Home-visit nursing is characterized by care delivery in patients’ homes, where nurses must make context-
sensitive clinical decisions with a high degree of autonomy [2, 3]. Compared with institutional settings, care is 
often provided without immediate access to other professionals, and clinical judgments must be made based on 
limited and evolving information in the home environment [4]. This practice environment may impose substan-
tial cognitive and psychological demands on nurses. In a study of Japanese home-visit nurses, Yoshimatsu and 
Nakatani reported that job stress was associated with error incidents, noting that home-visit nurses often provide 
care alone under considerable mental and physical stress [5]. Although clinical guidelines are intended to support 
care quality, their use in community-based nursing may be constrained by time, workload, limited access to train-
ing, and evidence-based resources [6–9]. These challenges highlight the need for accessible and context-adapted 
forms of decision support in home-visit nursing.

In recent years, large language models (LLMs) have increasingly been explored as tools for supporting access 
to evidence in nursing and healthcare contexts [10]. Studies have reported the use of LLMs to generate responses 
to medical questions [11]. In a quasi-experimental study involving 146 nurses, Shokr et al. found that the use of 
a knowledge-based artificial intelligence (AI) chatbot was associated with a significant improvement in nurses’ 
knowledge [12]. These findings suggest that AI-based tools have the potential to support access to evidence and 
knowledge acquisition. However, studies have identified important limitations, including the potential to suggest 
unnecessary tests [13] and discrepancies from expert judgment in decisions, such as hospitalization and severity 
assessment [14]. Therefore, although LLMs are increasingly examined in healthcare and nursing, their role in 
context-dependent clinical judgment remains unclear.

Despite the growing interest in AI-based tools for supporting access to evidence and clinical guidelines, impor-
tant gaps remain. First, existing studies on nursing have primarily relied on non-experimental designs, with 
limited evidence of the causal effects of AI use on nurses’ decision-making [13–15]. Second, although AI and 
clinical decision support systems have been studied in relation to workflow and guideline adherence, their effects 
on cognitive outcomes, such as perceived mental effort, workload, and task difficulty remain underexamined 
[16–18]. Third, most prior research has been conducted in hospital settings, and little is known about how these 
technologies function in home-visit nursing, where nurses make autonomous decisions in resource-limited envi-
ronments [19, 20]. Collectively, the current literature remains insufficient to determine how AI-supported access 
to evidence influences decision-related outcomes among nurses, particularly in community-based settings.

This study aimed to examine whether guideline-informed AI chat access was associated with nurses’ subjec-
tive decision-related outcomes, including perceived mental effort, task difficulty, and confidence in answer cor-
rectness, in a simulated home-visit nursing task. By focusing on these outcomes, this study offers initial evidence 
on how AI-mediated access to guideline information may influence perceived burden during simulated home-
visit nursing tasks.



Article in Press

BMC Nursing

https://doi.org/10.1186/s12912-026-05418-w

Methods

Study design

This study aimed to examine whether access to a guideline-informed AI chat system was associated with per-
ceived mental effort, task difficulty, and confidence in answer correctness among home-visit nurses completing a 
simulated case-based task. We conducted an exploratory web-based randomized controlled trial in Japan between 
March 9, 2026, and March 27, 2026, comparing AI-supported and non-AI environments for a simulated home-
visit nursing task. Participants were randomly allocated in a 1:1 ratio to either the AI or non-AI group. The trial 
was retrospectively registered in the UMIN Clinical Trials Registry [21]. Prospective registration was not com-
pleted because, at the planning stage, the study was regarded primarily as an exploratory web-based simulation 
task. The primary and secondary outcomes, sample size calculation, planned ANCOVA with prespecified covari-
ates, and Welch’s t-test sensitivity analysis were documented in the study protocol submitted to and approved 
by the ethics committee before participant enrollment. No separate stand-alone statistical analysis plan was pre-
pared; the planned analyses were described in the ethics-approved protocol. The study is reported in accordance 
with the CONSORT 2025 statement [22]. No patient or public involvement was included in the design, conduct, 
or reporting of this trial. No changes were made to the primary outcome or prespecified primary ANCOVA after 
enrollment commenced. The protocol also specified exploratory text-mining analyses of participants’ free-text 
responses in both groups. These analyses are ongoing, are outside the scope of the present report, and are planned 
to be reported separately.

Participants

The eligible participants were nurses currently engaged in home-visit nursing practice in Japan. The inclusion 
criteria were engagement in home-visit nursing practice, the ability to read and respond in Japanese, access to a 
web-enabled device, possession of a Google account required to access NotebookLM, and provision of informed 
consent.

No restrictions were placed on age, sex, years of experience, or prior use of AI systems. The participants were 
recruited through open calls via websites and social media, including the website and social media channels of 
the corresponding author’s affiliated center, and professional networks.

Sample size

An a priori sample size estimation was conducted for the primary outcome–perceived mental effort–measured on 
a 9-point Likert scale. Although the primary analysis was planned using an analysis of covariance (ANCOVA), 
the sample size was conservatively estimated based on a two-group comparison of means, treating the Likert 
scale as an approximately continuous variable.

Assuming a two-sided alpha of 0.05, 80% power, and 1:1 allocation ratio, a standardized effect size (Cohen’s 
d) of 0.50 was assumed. This corresponded to an expected between-group difference of 1.0 point with an assumed 
standard deviation of 2.0 points. This value was used for sample-size planning; a minimally important difference 
has not been established for this measure.

Based on these assumptions, the required sample size was estimated to be 64 participants per group (128 par-
ticipants in total). Assuming a completion rate of 75%, the target recruitment sample size was set at 86 partici-
pants per group. No interim analyses or stopping guidelines were planned.
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Randomization and allocation

Participants were automatically allocated to either the AI or non-AI group using a block randomization procedure 
implemented via Google Apps Script. Randomization was performed using a fixed block size of four and a 1:1 
allocation ratio. Within each block, group assignments were randomly permuted using a computer-generated ran-
domization algorithm. Allocation was conducted sequentially using a pregenerated assignment queue, and group 
assignment was determined automatically at the time of enrollment without researcher involvement. Because of 
this automated process, allocation concealment was maintained throughout participant enrollment. The partici-
pants were then provided with a group-specific URL task via email. Owing to the nature of the intervention, the 
participants were not blinded to the group allocation. Outcome measures were self-reported, and no blinding of 
the outcome assessment was implemented.

Intervention and task

The participants completed a case-based clinical reasoning task using a simulated home-visit nursing scenario 
involving an older adult with chronic heart failure living alone. The case included clinical, functional, and social 
information reflecting typical home-visit nursing practices and was developed through discussions among the 
research team, including clinicians experienced in home-visit nursing and researchers in nursing education.

Participants were instructed to assume the role of a home-visit nurse preparing for a scheduled home visit after 
a family member reported worsening lower extremity edema in the evening.

All participants were asked to respond to three open-ended questions: assessment of the patient’s current con-
dition and living situation; key points to observe and assess during the upcoming visit, including rationale; and 
planned communication and interventions for the patient and family.

In the AI group, participants were allowed to use a guideline-informed AI system (NotebookLM) during the 
task. Before beginning the task, participants in the AI group were provided with standardized illustrated instruc-
tions on how to access and use the AI system, but no additional training session or practice task was provided. 
The system was preloaded with ten publicly available Japanese clinical guidelines and related professional guid-
ance on heart failure, cardiovascular palliative care, nutritional management, pharmaceutical care, cardiomy-
opathy, mechanical circulatory support, and home-based inotropic therapy [23–32]. The NotebookLM system 
was configured by the corresponding author and reviewed by the research team. The corresponding author had 
not received formal training in NotebookLM configuration. The same NotebookLM notebook, source materials, 
and system configuration were used for all participants in the AI group and were not modified during the study 
period. The NotebookLM instruction prompt specified that the user was a home-visit nurse and instructed the 
system to provide evidence-based advice based on the uploaded materials, with particular emphasis on observa-
tion points and care content, to use polite language, and to list the source materials supporting the response at the 
end. No other custom prompting instructions were applied. This configuration was designed to support access to 
guideline-based information and reduce reliance on unconstrained model-generated responses. No participant-
level data were uploaded to the system. According to Google’s official documentation, the content added to 
NotebookLM is not used to train its foundational AI models directly unless users choose to provide feedback 
[33]. The participants were instructed not to use any external information sources other than the AI system, which 
was designed as a chat-based interface that generates responses in natural language, including text and tabular 
formats, based on the referenced guidelines in response to user queries.

Before the main study, the research team tested the AI system using case-related questions to examine its 
response characteristics and refine prompts. This internal testing was not a formal evaluation of response accu-
racy or safety. Participants were not required to use standardized queries and formulated their own questions 
during the task. Self-reported frequency of questions submitted to the AI system was collected as a descriptive 
measure of intervention exposure. Detailed interaction logs, the verbatim content of submitted queries, and gen-
erated responses were not collected as study data; however, participants self-reported the types of questions they 
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submitted using predefined categories. Details of the system configuration, source materials, prompting instruc-
tions, survey instruments, case-based tasks, and analysis code are available in the Open Science Framework 
repository [34].

In the non-AI group, the participants completed the same task without access to the AI system and were 
instructed not to refer to any external resources.

Adverse events were not systematically assessed because the study involved a brief web-based simulation task 
and no patient-level clinical intervention.

Primary and secondary outcomes

Immediately after completing the task, participants rated the following outcomes on a 9-point Likert scale: 
perceived mental effort (primary outcome); and perceived task difficulty and confidence in answer correctness 
(exploratory secondary outcomes).

Perceived mental effort was the primary outcome and was assessed using a 9-point single-item rating based on 
the Paas mental effort rating scale, which is used as a subjective indicator of cognitive load [35]. Perceived task 
difficulty and confidence in answer correctness were assessed using study-specific single-item measures devel-
oped for this study, rather than previously validated scales. These measures were scaled in the same 1–9 format as 
the perceived mental effort measure for consistency across post-task assessments. Each scale ranges from 1 to 9, 
with anchors indicating minimal to maximal levels, such as very low to very high effort, difficulty, or confidence.

Participant characteristics

Participants reported demographic and professional characteristics, including age group (20s to ≥ 60s); sex; total 
years of nursing experience; years of home-visit nursing experience; highest educational attainment; frequency of 
referring to clinical guidelines in routine practice; prior experience using generative AI; frequency of generative 
AI use in the past three months; professional certifications; and completion of advanced nursing procedures train-
ing. In the AI group, additional descriptive measures of intervention use were collected, including self-reported 
total time referring to the AI chat system, the degree to which information obtained from the system was incorpo-
rated into the final response, and the types of questions submitted to the system. These additional variables were 
not included in the outcome analyses reported in the present manuscript.

Covariates

The primary analysis was adjusted for the following prespecified covariates: years of home-visit nursing experi-
ence; years of non-home-visit nursing experience (calculated as the total nursing experience minus home-visit 
experience); educational attainment (categorized as ≤ junior college/vocational vs. ≥ university).

Statistical analysis

Analyses were conducted using a complete-case approach and included participants with available outcome data. 
Descriptive statistics were calculated for all the variables. Continuous variables were summarized as means and 
standard deviations (SD), and categorical variables were summarized as frequencies and percentages.

The baseline characteristics were summarized for the AI and non-AI groups using standardized mean differ-
ences (SMDs). As the participants were randomly allocated, no hypothesis testing was performed for baseline 
comparisons.

Each outcome was analyzed using analysis of covariance (ANCOVA), with group assignment as the primary 
independent variable and the three prespecified covariates described above. The adjusted mean differences and 
95% confidence intervals (CI) were estimated for each outcome. For descriptive reporting, group-specific means, 
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standard deviations, and sample sizes are also reported. Cohen’s d was calculated using the unadjusted group 
means and pooled standard deviations, with positive values indicating higher scores in the AI group than in the 
non-AI group. Because post-task outcome data were not available for participants who did not complete the 
task, the primary analysis was conducted among participants with available outcome data. No imputation was 
performed. As a prespecified sensitivity analysis, unadjusted between-group comparisons were conducted using 
Welch’s t-tests for each outcome. As post hoc exploratory sensitivity analyses, the ANCOVA models were addi-
tionally adjusted separately for the frequency of generative AI use in the past three months and for age group. Age 
group was treated as a categorical variable.

No adjustment for multiplicity was applied; therefore, the secondary outcome p values were interpreted as 
exploratory rather than confirmatory. Statistical significance was set at 0.05 (two-sided). All analyses were con-
ducted using Python version 3.11.

Ethical considerations

This study was approved by the Tekix Inc. Research Ethics Review Committee (approval number: 202601). All 
participants provided informed consent through a web-based form before enrollment.

Results

Participant flow

Figure 1 illustrates the participant flow. A total of 140 participants provided consent and were randomized, with 
70 allocated to the AI group and 70 to the non-AI group. In each group, one participant did not receive the 
assigned task due to an invalid email address. Among the participants allocated to the AI group, 52 completed 
the task and provided post-task outcome data and were included in the complete-case analysis, while 17 did not 

Fig. 1  Participant flow through the web-based randomized controlled trial. AI, artificial intelligence
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complete the task and provide post-task outcome data. Among the participants allocated to the non-AI group, 53 
completed the task and provided post-task outcome data and were included in the complete-case analysis, while 
16 did not complete the task and provide post-task outcome data. The trial ended when the predefined recruit-
ment period was completed. Adverse events or unintended events were not systematically assessed. Among the 
52 participants in the AI group, 5 (9.6%) reported not using the AI chat system during the task, 14 (26.9%) asked 
1–2 questions, 29 (55.8%) asked 3–5 questions, and 4 (7.7%) asked 6–10 questions. No participants reported 
asking 11 or more questions.

Participant characteristics

The participant characteristics are summarized in Table 1. The mean total nursing experience was 19.03 years 
(SD 9.01), and the mean home-visit nursing experience was 7.22 years (SD 5.49). Most participants were female 
(89/105, 84.8%), and 74 (70.5%) had previously used generative AI. The experience variables were similar 
between groups, with SMDs of 0.04 for total nursing experience, 0.22 for home-visit nursing experience, and 
0.14 for non-home-visit nursing experience. The largest standardized mean difference among the participant 
characteristics was observed for the frequency of generative AI use in the past three months (SMD 0.61).

Table 1  Participant characteristics by study group
Characteristic Category Overall (n = 105) Non-AI group 

(n = 53)
AI group (n = 52) SMD

Total nursing experience, years Mean (SD) 19.03 (9.01) 18.87 (8.73) 19.19 (9.34) 0.04
Home-visit nursing experience, years Mean (SD) 7.22 (5.49) 6.62 (4.60) 7.83 (6.26) 0.22
Non-home-visit nursing experience, years Mean (SD) 11.81 (6.34) 12.25 (6.85) 11.37 (5.77) 0.14
Age group 20s 8 (7.6) 4 (7.5) 4 (7.7) 0.42

30s 28 (26.7) 14 (26.4) 14 (26.9)
40s 34 (32.4) 21 (39.6) 13 (25.0)
50s 24 (22.9) 8 (15.1) 16 (30.8)
≥ 60s 11 (10.5) 6 (11.3) 5 (9.6)

Sex Male 15 (14.3) 7 (13.2) 8 (15.4) 0.20
Female 89 (84.8) 45 (84.9) 44 (84.6)
Prefer not to answer 1 (1.0) 1 (1.9) 0 (0.0)

Educational attainment Non-university nursing 
education

59 (56.2) 25 (47.2) 34 (65.4) 0.37

University or higher 46 (43.8) 28 (52.8) 18 (34.6)
Frequency of guideline use Hardly ever 17 (16.2) 7 (13.2) 10 (19.2) 0.22

Every few months 22 (21.0) 12 (22.6) 10 (19.2)
Once a month 26 (24.8) 12 (22.6) 14 (26.9)
Several times a month 26 (24.8) 14 (26.4) 12 (23.1)
Once a week or more 14 (13.3) 8 (15.1) 6 (11.5)

Prior use of generative AI No 31 (29.5) 14 (26.4) 17 (32.7) 0.14
Yes 74 (70.5) 39 (73.6) 35 (67.3)

Frequency of generative AI use in the past 3 
months

Not used 31 (29.5) 15 (28.3) 16 (30.8) 0.61

Less than once a month 12 (11.4) 10 (18.9) 2 (3.8)
Once a month 11 (10.5) 3 (5.7) 8 (15.4)
Several times a month 19 (18.1) 7 (13.2) 12 (23.1)
Several times a week 14 (13.3) 7 (13.2) 7 (13.5)
Almost daily 18 (17.1) 11 (20.8) 7 (13.5)

Values are presented as means (SD) or n (%). Standardized mean differences are reported as absolute values. Categorical variables with more 
than two levels indicate the overall imbalance among categories. Non-university nursing education included nursing high schools, vocational 
nursing schools, and junior colleges. AI, artificial intelligence; SD, standard deviation; SMD, standardized mean difference
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Primary and secondary outcomes

The primary and secondary outcome analyses among participants included in the complete-case analysis are 
presented in Table 2. For the primary outcome–perceived mental effort–the unadjusted mean score was 6.11 (SD 
2.01) in the non-AI group and 5.10 (SD 1.35) in the AI group. After adjustment for years of home-visit nursing 
experience, years of non-home-visit nursing experience, and educational attainment, the adjusted mean differ-
ence was − 1.13 (95% CI -1.81 to -0.45; p = 0.001).

For the exploratory secondary outcomes, the adjusted mean difference was − 0.74 (95% CI -1.37 to -0.12; 
p = 0.021) for perceived task difficulty and 0.71 (95% CI 0.14 to 1.27; p = 0.015) for confidence in answer 
correctness.

Values are presented as unadjusted means (standard deviations) unless otherwise specified. Adjusted mean 
differences were estimated using analysis of covariance, with group assignment as the primary independent vari-
able and years of home-visit nursing experience, years of non-home-visit nursing experience, and educational 
attainment as covariates. All outcomes were scored from 1 to 9. Adjusted mean differences are expressed in scale 
points and were calculated as the AI group minus the non-AI group. Negative values indicate lower scores in the 
AI group, whereas positive values indicate higher scores. Cohen’s d follows the same direction. AI = artificial 
intelligence; CI = confidence interval.

Sensitivity analyses

Sensitivity analyses are presented in Additional file 1. The unadjusted mean differences were − 1.02 (95% CI 
-1.68 to -0.36; p = 0.003) for perceived mental effort, -0.66 (95% CI -1.26 to -0.05; p = 0.035) for perceived task 
difficulty, and 0.65 (95% CI 0.09 to 1.21; p = 0.024) for confidence in answer correctness.

In the post hoc exploratory sensitivity analysis additionally adjusted for the frequency of generative AI use 
in the past three months, the results were similar to those of the primary analysis: -1.10 (95% CI -1.76 to -0.44; 
p = 0.001) for perceived mental effort, -0.71 (95% CI -1.33 to -0.10; p = 0.023) for perceived task difficulty, and 
0.69 (95% CI 0.13 to 1.25; p = 0.017) for confidence in answer correctness.

In an additional post hoc exploratory sensitivity analysis additionally adjusted for age group, the results were 
also similar to those of the primary analysis: -1.08 (95% CI -1.78 to -0.39; p = 0.003) for perceived mental effort, 
-0.72 (95% CI -1.36 to -0.08; p = 0.028) for perceived task difficulty, and 0.73 (95% CI 0.15 to 1.31; p = 0.014) 
for confidence in answer correctness.

Discussion

Summary of findings

Among participants included in the complete-case analysis, the AI group reported lower perceived mental effort 
and task difficulty and higher confidence in answer correctness than the non-AI group, with sensitivity analyses 
showing the same direction as the findings. The largest between-group difference was observed for perceived 
mental effort.

Outcome Non-AI group 
(n = 53)

AI group
(n = 52)

Adjusted mean differ-
ence (95% CI)

Cohen’s d p 
value

Perceived mental effort 6.11 (2.01) 5.10 (1.35) -1.13 (-1.81 to -0.45) -0.59 0.001
Perceived task difficulty 5.87 (1.72) 5.21 (1.40) -0.74 (-1.37 to -0.12) -0.42 0.021
Confidence in answer 
correctness

4.57 (1.50) 5.21 (1.39) 0.71 (0.14 to 1.27) 0.45 0.015

Table 2  Primary and sec-
ondary outcome analyses
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Interpretation in relation to cognitive and decision support

The lower perceived mental effort reported in the AI group can be interpreted in relation to the cognitive load 
theory. Cognitive load is influenced by how information is presented, organized, and integrated during complex 
tasks. van Merriënboer and Sweller argued that extraneous load can be reduced by integrating different sources 
of information, reducing redundancy, and designing tasks in ways that support the processing of relevant infor-
mation [36]. The present intervention was designed as a guideline-informed reference environment rather than 
as unrestricted access to a general-purpose chatbot. In the complete-case analysis, structured access to guideline-
based information may help explain the lower perceived effort reported in the AI group during the case-based 
task. This interpretation is consistent with the lower perceived mental effort reported in the AI group, although 
this trial did not directly measure cognitive load components, such as intrinsic, extraneous, and germane loads.

Clinical decision-support studies have similarly shown that the format and task alignment of information sup-
port can influence usability, workload, guideline adherence, and care planning efficiency [16, 37, 38]. These stud-
ies suggest that decision support depends not only on the availability of evidence-based information but also on 
how it is presented and aligned with users’ tasks. The present study extends the literature to include a guideline-
informed AI interface for home-visit nursing.

The higher confidence reported in the AI group requires careful interpretation. Confidence may indicate that 
the participants felt better able to organize their reasoning or justify their responses when the guideline-informed 
AI system was available. However, confidence does not establish whether a final judgment is accurate, complete, 
or safe. Studies on AI-assisted decision-making have shown that AI support can affect user judgment in ways 
that are not always beneficial. For example, explainable AI-assistance in dental image interpretation does not 
eliminate the risk that users would be influenced by incorrect AI outputs [39]. A randomized trial of clinician-
supervised generative AI for decision support also suggested that supervision may be necessary because unsuper-
vised generative AI may produce risky suggestions even when it appears to provide decision support [40]. Recent 
reviews on trust in AI-based clinical decision support systems have also emphasized that healthcare workers’ trust 
is shaped by transparency, training, usability, clinical reliability, human-centered design, and user control [41]. 
Therefore, the higher confidence observed in the present study should be understood as a subjective measure, 
and not as evidence of improved clinical reasoning quality or calibrated trust in the AI-supported environment.

Implications for guideline-informed AI support in home-visit nursing

The configuration of the AI system is central to interpreting the intervention. Previous studies have raised concerns 
regarding general-purpose generative AI use in clinical contexts. ChatGPT has been reported to have incomplete 
alignment with clinical practice guidelines for musculoskeletal decision making [42]. Vignette-based evalua-
tions have also suggested limitations in the appropriateness and individualization of medical advice generated 
by ChatGPT across care contexts [43]. These findings are relevant because the present study did not test for the 
unrestricted use of generative AI. Instead, the AI system was preloaded using predefined clinical guidelines and 
configured to generate responses based on those materials. Therefore, the intervention should be interpreted as 
guideline-informed AI chat access, or AI-mediated access to guideline information, rather than as an evaluation 
of the independent effect of AI itself. Because the non-AI group was instructed not to use external resources, the 
present design cannot distinguish the effect of the AI chat system from the effect of access to guideline informa-
tion. A future trial comparing AI-mediated access with access to the same guideline materials in a conventional 
format would be needed to evaluate the unique contribution of the AI chat system. This interpretation is also con-
sistent with recent work on task-technology fit in AI-based clinical decision support systems, which emphasizes 
that the perceived usefulness of AI-based support depends on alignment among the clinical task, system func-
tions, and work context [44]. However, task-specific configurations do not eliminate the need to evaluate factual 
accuracy, clinical appropriateness, and safety.
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These findings have implications for designing clinical reasoning support for home-visit nursing. Home-visit 
nurses often make judgments in the patients’ homes, where immediate access to colleagues, specialists, or struc-
tured evidence-based resources may be limited. Clinical decision support research suggests that appropriately 
designed information support can reduce workload and support decision-making in clinical tasks, while recent 
nursing and AI-based clinical decision support literature indicates that implementation should consider user char-
acteristics, task demands, and fit with the clinical workflow [16, 44]. These findings suggest that guideline-
informed AI chat access may be relevant to the design of support tools for simulated case-based home-visit 
nursing tasks. An important feature of the present intervention is that it was constructed using an existing AI 
platform and publicly available guideline materials rather than a bespoke or locally trained AI model. This may 
make such forms of guideline-informed AI support relatively feasible for educational or professional develop-
ment settings provided that the source materials, prompting instructions, and intended uses are clearly specified. 
However, the present findings should not be interpreted as direct evidence of effectiveness in real-world home-
visit nursing practice.

Nonetheless, the implications should be framed as support for reasoning rather than as a replacement for 
professional judgment. Among participants included in the complete-case analysis, the AI group reported lower 
perceived burden and higher confidence, but these complete-case findings do not demonstrate improvement in 
the clinical quality of participants’ responses. Previous studies indicate that users may be exposed to incom-
plete, inappropriate, or misleading AI outputs [13, 39, 42, 43]. Therefore, implementation in home-visit nurs-
ing requires clear boundaries for intended use, transparency about source materials, and training in the critical 
appraisal of AI-generated responses. These requirements are particularly important in home-visit nursing, where 
clinical decisions are shaped not only by disease-related information, but also by patients’ living conditions, fam-
ily contexts, care goals, and available community resources.

Limitations and future directions

This study has some limitations that should be considered when interpreting the findings. First, the trial was 
retrospectively registered. Although the primary outcome and planned primary analysis were specified in the 
ethics-approved research protocol before the study was conducted, retrospective registration may reduce confi-
dence in the prospective prespecification of outcomes, covariates, and analysis plans. In addition, the sample size 
was smaller than originally planned. Although statistically significant differences emerged across all three out-
comes, this study should be interpreted as exploratory rather than definitive evidence of effectiveness. Minimally 
important differences have not been established for these 9-point ratings. Therefore, the statistically significant 
between-group differences should not be interpreted as evidence of clinically or practically meaningful benefit. 
The outcomes were also self-reported. The combination of unblinded allocation and exclusively subjective out-
comes is an important limitation of this study. Because participants were aware of their group allocation and rated 
the outcomes immediately after the task, expectancy effects, novelty effects, perceived support, response bias, and 
demand characteristics may have influenced their ratings. The study assessed perceived mental effort, perceived 
task difficulty, and confidence in answer correctness, but did not directly assess the accuracy, completeness, 
safety, or patient-centeredness of the participants’ clinical reasoning. Potential unintended consequences of AI 
access, including overconfidence, automation bias, over-reliance on AI-generated information, and inappropriate 
trust in AI outputs, were not systematically assessed. No study data were collected specifically to evaluate poten-
tially unsafe or inappropriate AI use. In addition, perceived task difficulty and confidence in answer correctness 
were assessed using study-specific single-item measures rather than previously validated scales. As participants 
who did not complete the task had no post-task outcome data, they were excluded from the complete-case analy-
sis. Specific reasons for task noncompletion were not collected. Participant characteristics were also unavailable 
for non-completers. Therefore, we could not compare baseline characteristics between completers and non-com-
pleters. Accordingly, informative attrition cannot be excluded, and neither the mechanism nor the direction or 
magnitude of any resulting bias can be determined from the available data. The complete-case analysis can be 
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interpreted as preserving the randomized comparison only if completion after randomization did not introduce 
outcome-related differential selection between groups, an assumption that cannot be verified with the available 
data. The findings should therefore be interpreted as between-group differences among participants who com-
pleted the web-based task, rather than as a full intention-to-treat estimate of the randomized treatment effect.

The web-based, simulated nature of this study also limits the generalizability of the findings. The case scenario 
was designed to reflect home-visit nursing practice. However, real home visits involve environmental uncertainty, 
interactions with patients and family members, time pressure, and interprofessional communication. Therefore, 
the implications for real-world home-visit nursing practice should be interpreted cautiously. The participants 
were instructed not to use external information sources other than the assigned system; however, adherence to 
this instruction could not be fully verified online. This raises the possibility that participants in the non-AI group 
may have accessed external information, while participants in the AI group may have used resources beyond the 
assigned AI system. Such behavior may have introduced performance bias or contamination. Participants were 
recruited through open calls and may have been more motivated or interested in AI, clinical reasoning, or profes-
sional development than the broader population of home-visit nurses.

Some imbalances in the participant characteristics warrant attention. Although randomization was performed, 
the prior frequency of generative AI use was imbalanced between the groups. The post hoc sensitivity analysis 
additionally adjusted for this variable showed results similar to the primary analysis. However, this analysis 
was not prespecified, and the potential influence of prior familiarity with generative AI on perceived effort, task 
difficulty, and confidence cannot be fully excluded. Participants with more frequent prior use of generative AI 
may have been more familiar with interacting with AI systems and interpreting AI-generated information, which 
could have influenced their perceived effort, task difficulty, or confidence. In addition, the AI system was imple-
mented using an existing platform, and its responses may have been affected by platform updates or system-level 
modifications.

Future studies should evaluate whether guideline-informed AI support improves not only the subjective burden 
and confidence but also the quality, safety, and practical utility of clinical reasoning. This requires an evaluation 
of the content of the nurses’ responses, including accuracy, completeness, prioritization, guideline adherence, 
appropriateness, safety, and patient-centeredness. Future research should also address the implementation, trust, 
task fit, and training needs [41, 44, 45]. Therefore, further research should examine how nurses interact with 
guideline-informed AI systems, how prior familiarity with generative AI affects use, and what forms of training 
are needed to prevent overconfidence and uncritical acceptance of AI-generated responses. Studies conducted in 
realistic educational or practice settings could clarify how AI-mediated access to guideline information can be 
safely implemented in home-visit nursing.

Conclusions

Among home-visit nurses who completed the web-based simulated case-based task, access to a guideline-informed 
AI chat system was associated with lower perceived mental effort and task difficulty and higher confidence in 
answer correctness, compared with no access to external resources. Because the analysis was restricted to par-
ticipants who completed the task, these between-group differences represent complete-case estimates and should 
not be interpreted as an intention-to-treat estimate of the randomized treatment effect. However, this study does 
not establish the independent effect of AI itself or demonstrate that AI-mediated support improved the accuracy, 
safety, or quality of clinical judgment. Because all outcomes were subjective and participants were aware of their 
group allocation, the findings should be interpreted as exploratory and require confirmation using objective or 
independently assessed outcomes. Future research should compare AI-mediated access with conventional access 
to the same guideline materials and examine the quality of AI-supported reasoning, risks of overconfidence, and 
implementation of guideline-informed AI systems in real-world home-visit nursing practices.
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