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In many developed countries, a rapidly aging population has increased healthcare demands and the proportion of older nurses in
the workforce. This demographic shift requires nursing managers to have a deeper understanding of the physical demands on staff
nurses, particularly older ones. In this paper, we aim to provide valuable insights for developing evidence-based strategies to
improve work environments in hospital wards. To achieve this, we conducted a statistical analysis of data on walking distance for
day, long-day, and night shifts, obtained from a long-term survey across 14 wards in a large acute care hospital in Japan using
automated data collection via mobile devices. Using nonparametric multiple comparisons and multiple regression analysis, we
evaluated the impact of factors such as age, clinical ladder level, years of service, ward type, nurse calls, weekend, and patient-to-
nurse ratio on walking distance. The multiple comparison tests revealed significant differences in walking distance among clinical
ladder levels, with small to medium effect sizes. While age and years of service had some impact, their influence was less
pronounced than that of clinical ladder levels. Our regression analysis showed that ward characteristics significantly affected
walking distance, with emergency wards exhibiting notably longer distances. The number of nurse calls had a significant positive
impact on walking distance across all shifts, while the patient-to-nurse ratio significantly affected walking distance only for night
shifts. The weekend affected walking distance only for long-day shifts. These findings suggest that ward managers should
reexamine the appropriate nursing care systems suited to the characteristics of their ward, and that reconsidering approaches to
task assistance for less experienced nurses and night shift allocations for novice nurses could effectively reduce physical burdens
on nurses. They also emphasize the importance of workload balancing in task and patient assignments and the consideration of
ward characteristics in nurse reshuffling.

1. Introduction a shortage of nurses. This situation has resulted in higher

workloads and heavier physical burdens on nurses. More-
In many developed countries, declining birth rates and an  over, the aging population affects not only the proportion of
aging population, coupled with advances in medical care,  older patients but also that of older nurses. Figure 1 shows
have led to an increased demand for nursing care and  the transition of nursing staff age groups from 2008 to 2020
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in Japan [1]. It indicates a clear increase in the proportion of
those aged 50 and above, with a 10.4% increase from 2008 to
2020. Furthermore, Japan is making ongoing efforts to
support the continued employment of nurses who work past
retirement age. Thus, it is reasonable to expect a further
increase in the proportion of older nurses in the future.

Previous studies have reported the impact of high physical
demand tasks [2], musculoskeletal problems [3, 4], and stress
[5] on nurses” health, as well as the impact of the work en-
vironment on turnover rates [6, 7] and job satisfaction [8]. In
addition, nurses’ health and turnover rates are adversely
affected by shift work [9] and an increase in workload [10],
emphasizing the need to improve work environments to
maintain nurses’ health [11]. Furthermore, older nurses are
less likely to achieve the recommended levels of physical
activity at work, making it crucial to develop strategies such as
assigning tasks suitable for their capabilities [12]. Considering
these studies and the increase in the proportion of older
nurses, Japanese hospitals urgently need to develop strategies
to improve their work environments and enable older nurses
to continue working as long as possible.

To develop such strategies, it is important to accurately
understand the actual nursing workload and workflow,
which can vary daily due to various factors such as patient
severity, bed utilization rates, surgeries, and tests. This
understanding requires analyzing large amounts of data
from long-term surveys. However, conventional time and
motion study methods, that is, self-recording and third-
party recording, which have been widely used in many

surveys [13-18], are not suitable for long-term surveys due to
their cost and labor intensity. These conventional methods
are inherently resource-intensive. Self-recording obliges the
on-duty nurse to pause clinical work every three to
five minutes to log activities, imposing a substantial cog-
nitive and physical burden. Third-party recording, mean-
while, requires one trained observer for each nurse
throughout all scheduled working hours, including night
shifts, which significantly increases personnel costs in a 24-h
ward.

Recently, advances in Internet-of-Things (IoT) tech-
nologies have led to the development of unmanned time
study methods using RFID tags, beacons, and mobile de-
vices, which are gaining attention as new methods for
conducting long-term surveys [19-21]. These methods au-
tomatically collect objective data for analyzing nurses’
workloads and movement lines, thus reducing both financial
costs and the burden on participants. Among the various
metrics captured by these systems, walking distance has been
shown to serve as a valid proxy for physical burden. For
example, Chang and Cho [22] reported that objectively
measured steps and walking distance closely mirrored
nurses’ perceived physical demand scores across day,
evening, and night shifts, suggesting that cumulative walking
distance reflects the shift-level workload as subjectively
experienced by nurses. In this study, we used data from
a long-term survey employing unmanned time study
methods with beacons and mobile devices [21], which was
conducted across 14 wards in a large acute care hospital in

85UB017] SUOWILIOD BA1IEB10 3|Ed1 e aU) Ad PoUIBAOB 16 DI YO 85N J0 S9N 10y ARl BUIIUO AB]IM UO (SUONIPUOO-PUE-SWLBYW0D A3 ARe.q 16U 1|U0//SAIL) SUO BIPUOD PUe S | 841 39S *[5202/60/T0] U0 ARIGIT8u1IUO AB11M BXESO JO AISIBAIN 3l L Aq 0090VSSAULOIGSTT OT/10p/LI0D"B| 1w ARG PUIIUO//SNY WO PaPeojumoq ‘T ‘G20z ‘Wiuof



Journal of Nursing Management

western Japan. Although this survey collected data on
nurses’ walking distance and the beacons’ received signal
strength indicators (RSSIs), we focus on nurses’ walking
distance in this paper as a physiologically grounded in-
dicator of physical demand.

There are several related studies on nurses’ walking dis-
tance [19, 22-26]. Welton et al. conducted a survey in four
units of a large university hospital and showed that the av-
erage walking distance for 12-h day and night shifts was
approximately 6.56 and 6.4 kilometers [23]. They also ex-
amined the impact of the number of assigned patients on
walking distance, but their findings were limited by the small
sample size. Hendrich et al. conducted time and motion
studies using RFID tags and mobile devices in 36 hospitals
and reported that median walking distance per 10h for day
and night shifts was 4.8 and 3.5 kilometers [19]. They also
analyzed the time nurses spent on various tasks and locations.
While these studies provided statistical data on nurses’
walking distance, factors influencing walking distance were
not discussed. On the other hand, Chang and Cho conducted
a survey in two tertiary hospitals with a three-shift system and
evaluated the impact of nurses’ educational levels, unit types,
ages, and years of ward experience on walking distance by
regression analysis, identifying unit types and years of ward
experience as significant factors [22]. They also showed that
nurses aged under 28 tended to walk more than those aged 28
and above. However, their participants were confined to
young nurses around 30 years old. Other studies [24-26] have
examined the impact of ward layout on walking distance.

In this paper, we identify factors affecting nurses’ walking
distance using data from the 14-ward survey, where partic-
ipants (nurses) ranged in age from 22 to 60 years old. We
conduct multiple comparisons to evaluate differences among
groups based on clinical ladder level (a structured indicator of
nursing skill level), age, and years of service, where clinical
ladder level and years of service are not discussed in previous
studies [22, 23]. In clinical settings, practical experience
suggests that clinical ladder levels and years of service affect
both movement patterns and total walking distance. For
example, nurses with higher clinical ladder levels are more
likely to be assigned coordinating or supervisory roles rather
than direct patient care, which reduces the frequency of
room-to-room movement. In addition, nurses with more
years of service often develop better task planning and spatial
familiarity, which may reduce unnecessary walking such as
returning to the nurse station to retrieve forgotten supplies or
making redundant movements due to inefficient task se-
quencing. Therefore, while clinical ladder level and years of
service are interrelated, they may influence walking behavior
through distinct pathways. However, these practical as-
sumptions have not been systematically verified through
quantitative data. Thus, we aim to fill this gap by analyzing
walking distance in relation to clinical ladder levels and years
of service using a large-scale dataset collected from 14 wards.

Using multiple regression analysis, we evaluate the rela-
tive influence of various factors such as clinical ladder levels,
age, ward types, nurse calls, weekend, and patient-to-nurse
ratio (PNR) on walking distance. Although previous studies
[22, 23] have investigated some of these factors individually,

they have not examined them collectively and systematically
using a large and heterogeneous sample. In particular, clinical
ladder levels, nurse calls, weekend, and PNR have not been
analyzed simultaneously in prior research involving diverse
nursing units and a wide range of nurse demographics.
Finally, based on the findings from these analyses, we
discuss evidence-based strategies to improve the work en-
vironment and reduce the physical burden on nurses. As
shown in Figure 1, the age distribution of nursing staft in
Japan has shifted markedly over the past two decades, with
a growing proportion of nurses aged 50 or older. This de-
mographic trend reflects Japan’s status as one of the most
rapidly aging countries in the world, where both patient and
nurse populations are aging in parallel. As a result, Japanese
tertiary hospitals offer a unique early model of age-related
workload intensification. Studying workload determinants
in this context provides valuable insights for other countries
facing similar demographic transitions in the near future.
Based on this context, this study has the following ob-
jectives: (i) to compare walking distance across nurse groups
categorized by clinical ladder level, age, and years of service;
(ii) to identify and quantify the relative influence of individual
and contextual factors such as clinical ladder levels, ward
types, nurse calls, weekends, and PNR on walking distance
using regression analysis. These objectives align with the
statistical analyses presented in later sections and aim to
provide actionable evidence for improving nursing workload
management in aging and high-acuity hospital settings.

2. Method

2.1. Research Design. We conducted a retrospective obser-
vational study using data collected from a survey across 14
wards of a large acute care hospital affiliated with a national
university in western Japan.

2.2. Data Collection and Processing. Data were collected
using an unmanned time study method with beacons and
mobile devices [21]. As shown in Figure 2, approximately 50
beacons were installed in each target ward. The exact
number varied depending on the ward’s layout and size, and
the figure reflects a typical installation. Participants carried
mobile devices (iPhone SE2, Apple Inc.) with a dedicated
application running, which recorded the beacon IDs, RSSI
values, and timestamps per second while the mobile device
was in use. Walking distance data were collected by the
preinstalled iOS application called “Health,” which calcu-
lates the distance per hour [27]. We extracted the data on
walking distance per hour from the mobile devices and
calculated the total distance per shift, including break pe-
riods. Participants were instructed to carry the mobile device
at all times during their shifts to avoid missing data due to
forgetting the device. As a result, walking distance mea-
surements included movements during scheduled breaks,
such as walking to staft rooms or restrooms.

During the study period, all 14 wards whose head nurses
consented to participation were included in the analysis. No
wards conducting the same experiment were excluded after
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FIGURE 2: Example of beacon setting.

data collection. Here, we show an overview of the 14-ward
survey in Table 1. Note that while the ward layout, except for
ward A, is almost the same as shown in Figure 2, the layout of
ward A is unique because of its emergency care function,
with computed tomography (CT) and magnetic resonance
imaging (MRI) rooms, and the storage of supplies and
equipment located far from the nurse station.

2.2.1. Shift System and Participants. The target hospital
employs a two-shift system, where the day shift includes an
8-h day shift and a 12-h day (long-day) shift, and the night
shift is 12 h long. Typically, nurses who work the long-day
shift are also assigned to the night shift on the following day,
resulting in equal numbers of nurses on both the long-day
and night shifts. The day shift ends at 5:00 p.m., leaving only
nurses on the long-day shift after that time until 8:00 p.m.,
when the night shift starts. Therefore, the number of nurses
after 5:00 p.m. is less than that of nurses during the daytime.

Participants were all nurses working on the day, long-
day, and night shifts. Although data from late shifts (e.g., 12:

00 p.m.-9:00 p.m.) were also collected, these records were
excluded because only 22 eligible participants were available,
which was an insufficient number for meaningful statistical
analysis. Additionally, part-time nurses, ward managers, and
leader nurses who primarily perform administrative duties
and do not take charge of patients were also excluded. The
number of unique participants on the day, long-day, and
night shifts was 343, 393, and 393, respectively. No par-
ticipants were excluded from the analysis due to voluntary
withdrawal. As each participant worked several times on
each shift during the survey period, the total number of data
records for day, long-day, and night shifts was 883, 991, and
1050, respectively, excluding records partially lost due to
mobile device battery exhaustion. No records were excluded
due to sensor malfunction.

Across all three shifts, no single ward contributed more
than 11% of the total records for that shift, indicating that no
ward disproportionately influenced the results (see Ap-
pendix A for details). Moreover, to confirm that repeated
observations were reasonably balanced across nurses, we
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TaBLE 1: Overview of the 14-ward survey.

Ward Department Period Days Beds

A Emergency medicine January 13-26, 2023 14 16 (4:1), 4 (2:1)
B Neurology/geriatric and hypertension medicine November 7-27, 2023 21 50 (7:1)

C Cardiology August 1-14, 2022 14 44 (7:1), 6 (3:1)
D Hematology oncology August 1-21, 2023 21 49 (7:1)

E Gastroenterology July 1-15, 2023 15 50 (7:1)

F Diabetes, endocrinology, metabolism/immunology September 21, 2023-October 11, 2023 21 53 (7:1)

G Perinatal maternal and child medical center July 3-16, 2023 14 20 (7:1), 3 (3:1)
H Pediatric surgery Jun 9-22, 2022 14 40 (7:1)

I Breast, endocrine surgery/plastic surgery/dermatology November 1-21, 2022 21 50 (7:1)

] Cardiovascular surgery March 15-28, 2023 14 43 (7:1), 6 (3:1)
K Gastrointestinal surgery February 26, 2024-March 17, 2024 21 53 (7:1)

L Gastrointestinal surgery January 12, 2024-February 1, 2024 21 50 (7:1)

M Urology February 6-26, 2023 21 48 (7:1)

N Neurosurgery September 9-29, 2022 21 50 (7:1)

Note: In the “beds” column, the number represents the number of beds, and the ratios in parentheses indicate the number of patients per nurse. Wards C, G,

and J have beds for high care units (3:1) in addition to general beds (7:1).

analyzed the distribution of records per nurse by shift type.
Most nurses contributed between one and five observations
per shift, and no nurse disproportionately influenced the
dataset (see Appendix B for details).

2.2.2. Variables for Analysis. We collected data on nurses’
personal information: age, gender, ward, years of service,
and clinical ladder level, as well as ward-specific data: oc-
cupancy rate, bed utilization rate, number of nurses per shift,
number of nurse calls, and weekends/holidays. The clinical
ladder is an evaluation system for nursing practice skills.
Although the details of the evaluation criteria vary from
hospital to hospital, the basic concept of the clinical ladder is
based on Benner’s model [28], where nursing practice skill
levels are divided into five levels: novice, advanced beginner,
competent, proficient, and expert. The clinical ladder levels
of the target hospital, originally categorized into five levels
according to Benner’s model, were simplified for this study
into four: 0, I, I, and III. We summarized the key criteria for
each level in Table 2.

The categorization of age and years of service used for
multiple comparisons was determined based on a combi-
nation of three factors: (i) distinguishing rookie nurses (i.e.,
less than one year of service), (ii) the distributions of age and
years of service by clinical ladder level shown in Figure 3,
and (iii) the need to ensure sufficient sample sizes within
each group for meaningful statistical comparisons. Conse-
quently, age was categorized into four groups: 24 and under,
25 to 29, 30s, and 40 and over. Years of service was cate-
gorized into five groups: zero years (i.e., less than one year),
one to two years, three to six years, seven to 12 years, and 13
and over years.

For regression analysis, we calculated the PNR, which is
the average number of assigned patients per nurse, in ad-
dition to the occupancy rate and bed utilization rate. Let
Ninps Nagm> Naseo Nigio Nigos NW, N®™ and N, denote the
numbers of inpatients yesterday, admitted, discharged,
transferred in, transferred out, nurses during daytime,
nurses during nighttime, and beds, respectively. The

occupancy rate is calculated by (N, + Nygm + Nig)/Ny,
and the bed utilization rate is calculated by

(Ninp + Nagm = Ngge + Ny = Nigo)/Ny. The PNR is calcu-

lated by (Njyp + Noygm + Ng)/N'Y for day and long-day

shifts and (N, + Nogm = Ngge + Ny — Nyo)/NWD - for
night shifts.

The nurse call system allows patients to call nurses via
buttons attached to beds or sensors built into beds and mats.
Upon receiving these calls, nurses typically visit a patient’s
room. These call records were categorized into two types:
general and sensor calls. While the former is caused by
a patient pressing a bed-attached button, the latter is trig-
gered by sensors. We calculated the numbers of general and
sensor calls per day for each shift.

We also consider weekends/holidays due to the re-
duction of admissions, surgeries, and tests. These were
categorized as either weekday (0) or weekend/holiday (1).

2.3. Multiple Comparisons. To select the appropriate method
for multiple comparisons, we checked the normality and
homoscedasticity of nurses’ walking distance for each shift
(see Appendix C for details). Since the data did not exhibit
normality and homoscedasticity, we used the Steel-
Dwass-Critchlow-Fligner (SDCF) test [29], a non-
parametric multiple comparison test robust against heter-
oscedasticity and not assuming normality.

2.3.1. Effect Size and Power. In the SDCF test, we set the
significance level at 0.05. Since a p-value, or statistical sig-
nificance, does not measure the size of an effect or the im-
portance of a result [30], we used Cliff's delta to quantify the
effect size for group combinations with significant differences.
Cliff's delta was chosen because our walking-distance data were
neither normally distributed nor homoscedastic (Appendix C).
As a distribution-free effect-size index based on stochastic
dominance, Cliff's delta remains valid under such conditions,
unlike parametric measures such as Cohen’s d, which assume
normality and equal variances. Moreover, Cliff’s delta aligns
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TaBLE 2: Key criteria for each clinical ladder level.
Level Description
0 Novice in training in basic nursing practice
I Advanced beginner can demonstrate marginally acceptable performance in basic
nursing practice
I Competent has been on the job two to 3 years and can capture their practice in terms
of long-term plans and goals
I Proficient/expert can empirically assess the overall situation
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naturally with the SDCF test, as both are rank-based statistics.
Widely accepted benchmarks, that is, small (0.147), medium
(0.33), and large (0.474), also allow for straightforward in-
terpretation [31, 32].

In addition, we estimated the power of the test by
simulation experiments, where the SDCF test was conducted
1000 times by generating random samples using the boot-
strap method [33]. A nonparametric bootstrap approach was
chosen because analytical power formulas are not available
for the SDCF test under heteroscedastic, non-normal con-
ditions. This method resamples from the observed data,
preserving the empirical distribution, requires no distri-
butional assumptions, and can be applied to any test statistic,
including rank-based ones such as the SDCF statistic. For
each group combination, we then calculated the proportion
of tests where the p-value was less than the significance level.

2.3.2. Programming. These tests were conducted using R
4.4.1. Specifically, the SDCF test was performed using the
PpSDCFlig function (method = “Asymptotic”) from the NSM3
package, and Cliff’s delta was computed using the cliff.delta
function from the effsize package. Box plots were made using
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the Seaborn library in Python 3.12, where outliers are de-
termined as points beyond the third quartile plus 1.5 times
the interquartile range (IQR) or below the first quartile
minus 1.5 times the IQR.

2.4. Regression Analysis

2.4.1. Regression Model and Indicators for Evaluation.
We used a multiple regression model to evaluate the impact
of various factors on walking distance. We calculated the
coefficients of the multiple regression model along with the
95% confidence interval and p-value. We also calculated the
Root Mean Squared Error (RMSE) and R? to evaluate the
model’s goodness of fit.

2.4.2. Preprocessing. Due to system-related issues, we could
not collect nurse call data on ward G, and thus, we removed
data on ward G from the analysis. After that, we calculated
the z-score for walking distance and removed data with
z-scores greater than three. We applied the conventional
threshold of |z| > 3, which corresponds to the outer 0.3% of
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a normal distribution and is commonly used, even for non-
normal data, as a conservative criterion to detect extreme
outliers. As a result, 5 of 888 day-shift observations (0.56%),
11 of 1002 long-day-shift observations (1.10%), and 11 of
1061 night-shift observations (1.04%) were removed. Thus,
over 98% of the data in each dataset were retained, ensuring
that extreme recording errors or device malfunctions did not
excessively influence the regression analysis.

Next, we applied one-hot encoding to the categorical
variables: clinical ladder level and ward. To avoid the dummy
variable trap, one dummy variable was removed from each
category, that is, ward D and Level I. We also standardized
the continuous variables: age, years of service, the number of
general/sensor calls, occupancy rate, bed utilization rate, the
number of nurses, and PNR.

Finally, we calculated the variance inflation factor (VIF)
to check for multicollinearity, and removed gender, years of
service, occupancy rate, bed utilization rate, and the number
of nurses (see Appendix D for details).

2.4.3. Programming. The regression analysis was performed
using Python 3.12. The VIF was calculated using the var-
iance_inflation_factor function from the statsmodels.-
stats.outliers_influence module. The multiple regression
analysis was conducted using the OLS function from the
statsmodels.api module, setting the test size to 0.2.

2.5. Ethical Considerations. The study received approval
from the Ethical Review Committee of the University of
Osaka Hospital (No. 20444).

3. Results

3.1. Characteristics of Participants. We present the number
of unique participants by nurses’ personal information:
gender, age, clinical ladder level, years of service, and ward,
in Table 3.

3.2. Characteristics of Ward-Specific Data. We show box
plots of ward-specific data in Figures 4, 5, 6. Figure 4 shows
nurses’ walking distance by ward for the day, long-day, and
night shifts. Ward A, an emergency ward, had the largest
walking distance for all shifts, while ward C, a neurology ward,
and ward G, a perinatal maternal and child medical center,
had relatively smaller distances. Figure 5 shows the daily total
numbers of general and sensor calls during the day shift. Due
to similar trends, figures for the long-day and night shifts are
omitted. Wards B and N, both neurology-related wards, had
the highest number of calls. Figure 6 shows the bed utilization
rates during each survey period, except for ward G. The bed
utilization rates of wards A and ] were high, while those of
wards E, H, and N were low, relative to other wards.

3.3. Multiple Comparisons. We performed multiple com-
parisons among groups based on age, years of service, and
clinical ladder level. Figures 7, 8, 9 show the box plots of
walking distance for each shift by clinical ladder level, age,

and years of service group, respectively. The median is
depicted as text in the box, || denotes the absolute value of
Cliff’s delta, and #, * %, and % = * represent significance
levels of 0.05, 0.01, and 0.001, respectively.

In Figure 7, for the day shift, the walking distance for
Level III is significantly less than that for Level 0 (|8] = 0.2,
p<0.001) and Level I (|8] =0.17, p = 0.02), with median
differences of 0.44 and 0.34 kilometers. For the long-day
shift, the walking distance for Level II is significantly less
than for Level 0 (|6] =0.17, p =0.015), with a median
difference of 0.49 kilometers. For the night shift, the walking
distance for Level II is significantly less than for Level
0 (18] = 0.24, p<0.001) and Level III (|§] = 0.18, p <0.001),
with median differences of 0.65 and 0.38 kilometers.

In Figure 8, for the day shift, the walking distance for
those aged 40 and over is significantly less than for those
aged 24 and under (|§] = 0.19, p = 0.003), with a median
difference of 0.32 kilometers. No significant differences in
walking distance among age groups were found for the long-
day and night shifts.

In Figure 9, for the day shift, the walking distance for
those with 13 and over years of service is significantly less
than for those with zero years (|8] = 0.22, p = 0.005) and one
to two years (|§] = 0.17, p = 0.036), with median differences
of 0.36 and 0.2 kilometers. No significant differences were
found for the long-day shift. For the night shift, the walking
distance for those with three to sixyears of service is sig-
nificantly less than for those with zeroyears (|8 = 0.22,
p =0.007), with a median difference of 0.59 kilometers.

Table 4 shows the summary of significant cases in the
SDCEF test for each shift, where the estimated power of the
test calculated by simulation experiments is also shown.

In these cases, Cliff's delta ranges from 0.17 to 0.24,
interpreted as a small to medium effect size. However, the
estimated power is less than 0.7 for the following com-
parisons: Level 0 and Level II for the long-day shift, one to
two years and 13 and over years of service for the day shift,
and zero years and three to six years of service for the night
shift, which indicates insufficient power to detect the dif-
ferences between them.

3.4. Regression Analysis. We summarize the statistics of
walking distance and the results of the multiple regression
analysis for each shift in Tables 5 and 6.

For the day shift, coefficients for wards A, C, H, and
general calls are significant, with their magnitudes more
than 0.2 kilometers. Ward A and the number of general calls
have a positive effect on walking distance, while wards C and
H have a negative effect. Although the coefficient for Level
III is significant, its magnitude is very small. The RMSE of
the regression model is 0.97 kilometers, and the R* is 0.07.

For the long-day shift, coefficients for wards A, B, and N,
the number of general calls, and the weekend are significant,
with their magnitudes more than 0.2 kilometers. Wards A
and N and the number of general calls have a positive effect
on walking distance, while ward B and the weekend have
a negative effect. The RMSE of the regression model is 1.24
kilometers, and the R* is 0.19.
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TaBLE 3: Number of unique participants by nurses’ personal information.
. X Day: 343 Long-day: 393 Night: 393
Personal information Group
N % N % N %
Gender Female 321 93.6 363 92.4 363 92.4
Male 22 6.4 30 7.6 30 7.6
24 < 88 25.7 95 27.7 94 27.4
Age 25-29 109 31.8 124 36.2 123 35.9
& 30-39 82 23.9 94 27.4 95 27.7
=40 64 18.7 80 23.3 81 23.6
Level 0 66 19.2 67 19.5 66 19.2
.. Level 1 78 22.7 88 25.7 88 25.7
Clinical ladder level Level II 100 29.2 121 35.3 121 35.3
Level II1 99 28.9 117 34.1 118 34.4
0 47 13.7 48 14.0 47 13.7
1-2 94 27.4 105 30.6 105 30.6
Years of service 3-6 92 26.8 105 30.6 104 30.3
7-12 53 15.5 68 19.8 69 20.1
=13 57 16.6 67 19.5 68 19.8
A 30 8.7 41 11.9 40 11.6
B 26 7.5 25 7.2 26 7.5
C 25 7.2 36 10.4 36 10.4
D 26 7.5 27 7.8 27 7.8
E 17 4.9 23 6.7 21 6.1
F 23 6.7 24 7.0 25 7.2
G 17 4.9 29 8.4 29 8.4
Ward H 23 6.7 25 7.2 26 7.5
I 24 7.0 25 7.2 25 7.2
] 37 10.7 40 11.6 39 11.3
K 23 6.7 23 6.7 24 7.0
L 26 7.5 25 7.2 25 7.2
M 27 7.8 26 7.5 26 7.5
N 21 6.1 24 7.0 25 7.2

For the night shift, coefficients for age, Level II, wards A,
C, E, L, and N, the number of general calls, and PNR are
significant, with their magnitudes more than 0.1 kilometers.
Age, wards A, E, L, and N, the number of general calls, and
PNR have a positive effect on walking distance, while Level IT
and ward C have a negative effect. The RMSE of the re-
gression model is 1.10 kilometers, and the R? is 0.30.

4. Discussion

4.1. Validity of Walking Distance for Each Shift. In this study,
we used the preinstalled “Health” application on iOS devices
unlike previous studies that used pedometers [23], RFID tags
[19], and smart bands [22]. Although participant-specific
stride lengths or heights were not entered into the devices,
Apple’s Core Motion algorithm estimates walking distance
based on internally calibrated stride models and step counts.
Recent validation studies have shown that iPhones can es-
timate step counts with high accuracy under free-living
conditions, reporting a mean absolute percentage error
below 4% when compared with direct observation [34].
However, the default distance estimation is known to
overestimate walking distance by approximately 43% due to
generalized stride-length assumptions [35]. Despite this
limitation, our primary focus was on relative differences in
walking distance across shift types rather than on absolute

values. Therefore, any systematic overestimation would have
occurred uniformly across groups and would not have bi-
ased between-group comparisons.

As shown in Table 5, the mean + standard deviation of
walking distance for 8-h day shifts, 12-h day shifts, and 12-h
night shifts were 4.17 + 1.11, 6.18 + 1.55, and 4.76 + 1.48
kilometers, respectively, with medians of 4.13, 6.09, and 4.61
kilometers. When compared to Welton et al., who reported
6.75 + 2.25 kilometers for 12-h day shifts and 6.36 + 2.25
kilometers for 12-h night shifts [23], our results for the 12-h
day shift are comparable, although slightly shorter for the
night shift. When compared to Hendrich et al., who reported
4.82 and 3.54 kilometers per 10 hours for day and night shifts
[19], our results are relatively consistent. On the other hand,
compared to Chang and Cho, who reported 5.97 + 2.32
kilometers for 8-h day shifts and 5.32 + 2.51 kilometers for
9-h night shifts [22], our results show shorter walking
distance for both day and night shifts. This discrepancy may
be due to their study being limited to a younger de-
mographic, given the fact that younger nurses tend to have
longer walking distance, as discussed in the next section.

Furthermore, the results of this study indicate that
walking distance was longest for the long-day shift, followed
by the night shift, and then the day shift. It is reasonable that
the long-day shifts, which have longer working hours and
include daytime activities involving various events, result in
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the longest walking distance. Additionally, the order of the
day and night shifts is also reasonable because, although
workloads decrease during night shifts, the number of
nurses is reduced accordingly, and the working hours are
longer.

4.2. Multiple Comparisons

4.2.1. Clinical Ladder Levels. For the day shift, the walking
distance of the Level III group was significantly shorter than
that of the Level 0 and Level I groups. Level IT and III nurses,

who have acquired higher nursing skills, are more likely to
be in charge of critically ill patients in rooms closer to the
nurse station. Conversely, Level 0 and Level I nurses often
care for patients with milder conditions who are in rooms
located further from the nurse station, and they also engage
in tasks such as surgery preparation and escorting patients
for tests. Therefore, task variations associated with clinical
ladder levels can affect walking distance.

For the long-day shift, unlike the day shift, significant
differences were not found between the Level III and Level
0 groups, and between the Level III and Level I groups. This
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may be due to an increase in the number of assigned patients
per nurse (PNR) as a result of the reduction in nurse
numbers after 5:00 p.m. This PNR increase might cause
Level III nurses to assist Level 0 or Level I nurses with
uncompleted tasks, such as checking temperature, admin-
istering medication, and monitoring food intake, thus in-
creasing the walking distance of the Level III group.

For the night shift, the walking distance of the Level II
group was significantly shorter than that of both the Level
0 and Level IIT groups. Note here that in many Japanese
hospitals, including our target hospital, to ensure safety,
ward managers create shift schedules so that the nurses’
clinical ladder levels are as evenly distributed as possible
when assigning long-day and night shifts; for example, four
nurses are assigned, one from each level. Given this practice,
and considering that the number of nurses for night shifts is

fewer than that for daytime shifts, it increases the likelihood
of Level I1I nurses assisting Level 0 or Level I nurses, thereby
increasing their walking distance. The significant difference
between the Level 0 and Level II groups may be attributed
not only to task variations based on clinical ladder levels, but
also to redundant movements among the Level 0 group due
to their lack of experience in night shifts, such as repeatedly
returning to the nurse station to retrieve forgotten items.
Next, we focus on the difference between the Level 0 and
Level I groups. For the day shift, the walking distance of both
the Level 0 and Level I groups was significantly longer than
that of the high-skilled (Level III) group, whereas for the
night shift, only the Level 0 group showed significantly
longer distances than the high-skilled (Level IT) group. Given
that, as shown in Figure 3, most of the nurses with zero years
and one to two years of service belong to the Level 0 and
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TaBLE 4: Summary of significant cases in the SDCF test.
Group Shift Category 1 Category 2 p-value Effect size Power
Day Level 0 Level III < 0.001 0.2 0.909
Day Level I Level III 0.02 0.17 0.625
Clinical ladder Long-day Level 0 Level 1I 0.015 0.17 0.67
Night Level 0 Level II 0.001 0.24 0.973
Night Level II Level III < 0.001 0.18 0.923
Age Day 24 £ 2 40 0.003 0.19 0.838
Day 0 213 0.005 0.22 0.777
Years of service Day 1-2 213 0.036 0.17 0.562
Night 0 3-6 0.007 0.22 0.754

Note: Effect size (the absolute value of Cliff's delta) and power (the estimated power of the SDCF test).

TaBLE 5: Statistics of walking distance (km).

Shift N Mean SD Min 1Q Median 3Q Max
Day 883 417 111 1.04 343 413 4.86 9.01
Long-day 991 618 1.55 139 5.2 6.09 711 12.42
Night 1050 4.76 1.48 1.31 3.78 4.61 5.62 11.93

Note: 1Q and 3Q (the first and third quartiles).
Abbreviation: SD = standard deviation.

Level I groups, respectively, after zero year of service, when
rookie nurses (Level 0 and Ovyears of service) advance to
Level I, the significant difference in walking distance
compared to the high-skilled group for the night shift is no
longer observed. This finding suggests that rookie nurses
might adapt to the night shift faster than to the day shift. This
is because the number of tasks, such as following doctors’
orders, distributing oral medication, sending and receiving
patients for tests and surgeries, preparing infusions, and
responding to nurse calls, generally decreases during the
night shift, making the tasks relatively simpler compared to
the day shift. Recall here that the estimated power of the
significant difference between the Level 0 and Level I groups
for the day shift is low, at 0.625, and thus, this suggestion
should be treated with caution.

4.2.2. Age. For the day shift, the walking distance of nurses
aged 40 and over was significantly shorter than that of those
aged 24 and under. As shown in Figure 3, nurses aged 24 and
under largely belong to the Level 0 group, while those aged 40
and over belong to the Level III group. Therefore, the ob-
served significant difference can be explained by both task
variations associated with clinical ladder levels and younger
nurses’ lack of experience in night shifts, as mentioned above.

4.2.3. Years of Service. For the day shift, the walking distance
of nurses with 13 and over years of service was significantly
shorter than that of those with zeroyears and one to
two years of service. Given that, as shown in Figure 3, most
of the nurses with 13 and over years of service belong to the
Level III group, these significant differences can also be
explained by the abovementioned task variations associated
with clinical ladder levels.

4.3. Regression Analysis. The intercepts for the day, long-
day, and night shifts were 4.45, 6.06, and 4.4 kilometers,
respectively, aligning closely with the means shown in Ta-
ble 5. Therefore, we evaluate the impact of each factor on
walking distance by examining the regression coefficients.
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TABLE 6: Results of the multiple regression analysis.
. Day Long-day Night
Variables
Coef p-value 95% CI Coef  p-value 95% CI Coef p-value 95% CI

Intercept 4.45 0 (3.81, 5.09) 6.06 0 (5.57, 6.55) 4.4 0 (3.91, 4.88)
Age 0 0.952 (-0.12, 0.11) -0.1 0.194 (-0.24, 0.05) 0.14 0.017 (0.03, 0.26)
Level 0 -0.23 0.858 (-0.49, 0.02) -0.11 0.094 (-0.39, 0.17) -0.24 0.076 (-0.48, 0)
Level II -0.4 0.076 (-0.7, -0.1) 0.12 0.443 (-0.25, 0.48) -0.23 0.046 (-0.52, 0.07)
Level III 0.02 0.01 (-0.23, 0.27) 0.27 0.524 (-0.05, 0.59) 0.23 0.133 (-0.03, 0.49)
General calls 0.28 0.001 (0.11, 0.44) 0.25 0.001 (0.1, 0.39) 0.18 0.015 (0.04, 0.32)
Sensor calls -0.11 0.091 (-0.24, 0.02) -0.05 0.467 (-0.17, 0.08) 0.04 0.563 (-0.1, 0.19)
PNR -0.05 0.868 (—0.58, 0.49) 0.13 0.424 (-0.18, 0.43) 0.36 0.017 (0.07, 0.66)
Weekend —0.11 0.484 (-0.44, 021)  -0.36  0.001 (-0.57, -0.14)  0.01 0.919 (-0.16, 0.18)
Ward A 1.24 0.001 (0.52, 1.97) 1.8 < 0.001 (0.94, 2.66) 2.85 < 0.001 (2.04, 3.67)
Ward B -0.44 0.055 (-0.88, 0.01) -0.81 0.013 (-1.45, -0.17) 0.3 0.339 (-0.32, 0.91)
Ward C -1.08 < 0.001 (-1.55, —0.61) -0.52 0.061 (-1.06, 0.02) -0.58 0.017 (-1.06, —0.1)
Ward E 0.32 0.205 (-0.18, 0.81) -0.05 0.87 (-0.67, 0.56) 0.59 0.021 (0.09, 1.09)
Ward F —0.11 0.615 (-0.53, 0.31) -0.18 0.485 (~0.69, 0.33) -0.13 0.544 (-0.55, 0.29)
Ward H -0.83 0.002 (-1.35, —0.31) -0.24 0.475 (-0.9, 0.42) 0.47 0.116 (-0.12, 1.05)
Ward I 0.16 0.439 (-0.25, 0.58) —-0.42 0.091 (=0.9, 0.07) -0.27 0.186 (-0.67, 0.13)
Ward J -0.23 0.322 (-0.69, 0.23) 0.08 0.786 (=0.5, 0.67) 0.5 0.081 (=0.06, 1.05)
Ward K -0.41 0.086 (—0.88, 0.06) -0.36 0.192 (-0.89, 0.18) -0.11 0.616 (-0.52, 0.31)
Ward L -0.12 0.518 (—0.48, 0.24) -0.04 0.865 (-0.51, 0.43) 1.22 < 0.001 (0.82, 1.62)
Ward M 0 0.989 (-0.38, 0.38) 0.33 0.176 (-0.15, 0.81) 0.08 0.721 (-0.34, 0.49)
Ward N 0.42 0.094 (-0.07, 0.9) 0.94 0.002 (0.34, 1.53) 0.84 0.003 (0.29, 1.38)

Note: Coef (coefficient of the multiple regression model), bold values (significant at the 0.05 level).

4.3.1. Age and Clinical Ladder Levels. For the day shift, the
coefficient for Level III was significant, and for the night
shift, the coefficients for age and Level II were significant.
These reasons are the same as those given in the previous
subsection. However, their magnitudes were small, that is,
less than 0.25 kilometers. Despite the statistical significance
with small to medium effect sizes found by the SDCF test
among groups based on clinical ladder levels and age, these
factors had minimal impact on walking distance compared
to others.

4.3.2. Wards. For the day shift, coefficients for wards A, C,
and H were significant, and for the long-day shift, those
for wards A, B, and N were significant, with all magnitudes
for both shifts exceeding 0.8 kilometers. For the night
shift, coefficients for wards A, C, E, L, and N were sig-
nificant, with magnitudes exceeding 0.5 kilometers. Only
ward A had a significant impact on walking distance
across all shifts, with large positive magnitudes. In Fig-
ure 4, ward A, an emergency ward with an outpatient
clinic, had clearly larger walking distance than other
wards. This can be due to the survey period coinciding
with the highest ambulance admissions and the unique
layout for emergency care.

We focus on wards B and N, which are neurology-related
wards. Although there is a difference between medical and
surgical wards, their nurse call frequency is very high as
shown in Figure 5. However, for the long-day shift, ward B
has a significant negative effect, whereas ward N has
a positive effect, with magnitudes greater than 0.8. Given
that only surgical ward N has a significant positive effect on
walking distance for the night shift, the difference in impacts
between wards B and N may stem from the difference in the

number of surgeries. If a surgery is completed after 5:00
p-m., nurses on the long-day or night shift must pick up
patients from the operating room. In surgical wards, this
sometimes happens, possibly leading to an increase in
walking distance.

Next, we focus on wards K and L, which are both
gastrointestinal surgery wards. For the night shift, only ward
L has a significant positive effect, with a large magnitude of
1.22km. Since the number of nurse calls, bed utilization
rates, the number of nurses on night shift, and other en-
vironmental factors are almost the same, the difference can
likely be attributed to patient severity or some operational
differences, though the specific factors remain unclear.

Lastly, we focus on wards C, E, and H. For both day and
night shifts, ward C has a significant negative effect, with
medium to large magnitudes of 1.08 and 0.58 kilometers,
respectively, despite the high bed utilization rate, as shown
in Figure 6. Considering that, as described in Section 2.2,
ward C has six beds for the high care unit (3:1), and these
rooms are arranged adjacently (corresponding to beacons
13-17 and 27 in Figure 2), this may be due to the shorter
walking distance for nurses assigned to the high care unit, as
they spend a substantial amount of time in these rooms. For
the night shift only, ward E has a significant positive effect,
with a medium magnitude of 0.59 kilometers. This is likely
because the number of intravenous infusions was extremely
high, given the nature of the patients’ illnesses, which had
a notable impact during the night shift with fewer nurses.
For the day shift, ward H has a significant negative effect,
with a large magnitude of 0.83 kilometers. As shown in
Figures 4 and 5, the relatively small numbers of general and
sensor calls, along with the low bed utilization rate, likely
contributed to the shorter walking distance.
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In summary, these significant coefficients for various
wards indicate that the ward characteristics substantially
affect walking distance, which is consistent with the previous
study [22].

4.3.3. Number of Nurse Calls. The number of general calls
had a significant positive impact on walking distance across
all shifts, with their magnitudes greater than those for
clinical ladder levels. In contrast, sensor calls did not show
significant effects in any shift. As shown in Figure 5, general
calls are more frequent than sensor calls, with a broader IQR,
which can explain why general calls more substantially affect
walking distance than sensor calls. The small impact of
sensor calls might seem incongruent considering the prin-
ciple mentioned in Section 2.2, which states that nurses are
generally required to visit a patient’s room upon receiving
general or sensor calls. A practical interpretation of this
incongruity is that sensor calls often occur in quick suc-
cession and are handled together in a single visit, thereby
reducing their overall impact.

Studies on nurse call analysis indicate periodicity in call
frequency [36] and patient-specific variations [37], sug-
gesting that patients with high call frequencies on one day
tend to have high call frequencies on other days as well.
These insights, combined with the above result, suggest that
evenly distributing patients with high call frequencies could
help balance nurses’ workloads and reduce walking distance.

4.3.4. PNR. The PNR had a significant positive impact on
walking distance only for the night shift. In Figure 6, most of
the wards have an IQR range exceeding 0.1, which means
that bed utilization rates during the experiments varied
widely; for example, in ward C, there are days when it
exceeds 0.9, while on other days it falls below 0.75. The PNR
is very sensitive to fluctuations in bed utilization rates due to
the small number of nurses on night shifts. For example, in
ward I, a 0.1 increase in the bed utilization rate is equivalent
to an additional 1.25 patients per nurse, assuming 50 beds
and four nurses. Therefore, an increase in PNR leads to an
increase in workloads per nurse, such as the number of nurse
calls they need to respond to, which can increase walking
distance. This is consistent with Welton’s results [23].

4.3.5. Weekends/Holidays. Weekends had a significant
negative impact on walking distance only for the long-day
shift, reflecting the reduced hospital operations such as
admissions, surgeries, and tests on weekends. Since the
number of day-shift nurses on weekends is reduced com-
pared to weekdays according to those reduced operations,
resulting in the workload per nurse remaining approxi-
mately the same, the coefficient may not be significant for the
day shift. For the night shift, the tasks do not change largely
compared to weekdays, thus not affecting walking distance
significantly.

4.3.6. Model Evaluation. Despite incorporating more vari-
ables than the previous study [22], both RMSE and R? values
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remain low across all shifts. This suggests that these variables
alone are insufficient to fully explain the complexities of
nursing tasks. The result that R* values are higher in the
order of the day, long-day, and night shifts further supports
this interpretation. To improve the accuracy of the re-
gression models for estimating walking distance, it is nec-
essary to consider additional factors such as patient severity,
care levels, the number of infusions including blood
transfusions, and the frequency of blood glucose measure-
ments. Moreover, accounting for random effects specific to
individual nurses could enhance the model’s accuracy
[38, 39].

4.4. Strategies for Reducing Physical Burdens on Nurses.
This study suggests that Level III nurses often assist Level
0 or Level I nurses, particularly during night shifts, thereby
potentially increasing their walking distance. As shown in
Figure 3, over half of Level III nurses are aged 40 and above,
yet there are no significant differences in walking distance
between those aged 40 and above and those aged 24 and
under. This indicates that Level III nurses provide assistance
regardless of age. Although chronological age itself is not
a strong predictor of walking distance, Level III nurses—who
are often older and more experienced—tend to take on
supporting roles that may increase their physical burden.
Given the expected acceleration of nursing workforce aging
in many developed countries, addressing these role-based
burdens is essential for improving the long-term sustain-
ability of night shift staffing.

To reduce the physical strain on older nurses, it may be
helpful to reconsider the approach to task and patient as-
signment. For example, in cases such as our target wards,
where a primary nursing system is employed, it is con-
ceivable that assigning specific tasks such as vital sign
measurement, cleansing, and medication administration to
a few nurses could simplify the complex tasks of the other
nurses who perform primary nursing. This hybrid strategy of
primary nursing and function-based nursing could reduce
the likelihood of high-skilled nurses assisting rookie nurses
and may also reduce their walking distance.

The period when rookie nurses begin night shifts
varies by hospitals and wards. At the target hospital,
rookies typically start night shifts three to six months after
employment. During the first several months of the night
shift, rookies are allocated fewer night shifts than other
nurses, that is, a few times per month. If the period when
rookies work fewer night shifts is prolonged due to ward
customs or ward managers’ attitudes toward safety,
nursing quality, and competency assessment, it not only
delays rookies’ adaptation to night shifts but also increases
the night shift burden on other nurses, particularly older
ones, potentially leading to their early resignations or
withdrawals from night shifts. Therefore, considering our
suggestion that rookies can adapt faster to night shifts
than day shifts, it may be beneficial to reconsider the
practice of delaying night shift allocations for rookies
until they have mastered day-shift tasks. If this practice is
changed, however, it is crucial for ward managers to adjust
patient assignments according to the developmental
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stages of rookies’ nursing skills to ensure safety and
quality of nursing care and prevent medical accidents. It is
also important to carefully monitor the physical and
mental health of rookies to prevent them from being
overwhelmed by the pressures of nursing care and the
expectations of senior staff for rapidly improving their
nursing skills.

From a rookie education perspective, two competency-
based strategies may help facilitate safer and more effective
adaptation to night shifts. First, early shadow night shifts can be
introduced within the first two months of employment. By
pairing each rookie with an experienced preceptor during night
shifts, they can observe and assist with night-shift workflows
such as reduced staffing handovers, vital-sign rounds, and
nurse calls, without being primarily responsible for patient care.
This early, low-stakes exposure helps familiarize them with the
circadian and cognitive demands of night work while providing
psychological safety and real-time feedback. Second, the
strategic use of late (evening) shifts, typically from 1:00 p.m. to
10:00 p.m., can serve as an intermediate step before full night
shifts. The evening period often involves a temporary increase
in patient assignments, offering opportunities for rookies to
practice managing heavier workloads, prioritizing tasks, and
documenting under time pressure. These experiences enhance
their readiness for night shifts by improving both their
workload tolerance and their physiological adjustment to later
hours. Implementing these structured supports may accelerate
adaptation, reduce the burden on senior staff, and improve
long-term nurse retention and shift flexibility.

From the regression analysis, we found that ward
characteristics have a greater impact on walking distance
than nurse-specific characteristics. Moreover, the compar-
ison in Figure 4 reveals that nurses” walking distance vary
notably among wards. These findings suggest that ward
managers should develop strategies to reduce physical
burdens on nurses through the following two steps. In step 1,
to reduce absolute walking distance in each ward, ward
managers should analyze ward-specific data from multiple
perspectives, such as the number of nurse calls, bed utili-
zation rates, the number of surgeries and tests, the number
of infusions, the severity of illness, the level of care, and the
frequency of blood glucose measurements, and understand
the characteristics of each ward in detail by comparing them
with other wards. Based on the analysis results, ward
managers should reconsider nursing care systems [40], that
is, the primary nursing system, the team nursing system, and
the modular (cell) nursing system, in accordance with the
characteristics of each ward. For example, in high call fre-
quency wards, ward managers should consider introducing
a nursing care system that can reduce nurse call frequency,
such as the cell nursing system [41]. In step 2, as discussed
above, ward managers should reconsider the allocation of
tasks and patients according to the clinical ladder levels in
order to balance workloads on nurses within their own ward.
Note that the order of these steps is very important to
perform this strategy effectively.

In addition, when discussing the reshuffling of older or
physically weaker nurses, human resource managers should
consider the high physical demands associated with ward
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characteristics, such as high «call frequency and
emergency wards.

4.5. Limitations. In this study, walking distance data were
collected by a preinstalled application on iOS devices. Al-
though the results of mean and median walking distance
were relatively consistent with other studies, there may be
measurement errors. Almost all eligible staff nurses in the
target ward took part in the study, suggesting that selection
bias within the hospital is unlikely. However, the study was
conducted at a single Japanese national university hospital,
where staffing ratios, patient acuity, and ward layout may
differ from those in community or private hospitals. This
single-site design limits the generalizability of the results.
Multisite studies are needed to verify whether the shift-
specific patterns observed here apply in other healthcare
settings.

5. Conclusion

This study used nurses’ walking distance data from the
14-ward survey in a large acute care hospital using an un-
manned time study method with beacons and mobile de-
vices. To identify factors affecting nurses’ walking distance,
we conducted multiple comparisons using the SDCF test and
multiple regression analysis. Our results of the statistical
analyses revealed that clinical ladder levels significantly
impact walking distance, although the magnitude is smaller
compared to other factors. The results also indicated that
ward characteristics substantially affected walking distance
and that the number of general calls, weekends, and PNR
were significant factors affecting walking distance. These
findings suggest that ward managers should thoroughly
understand their ward’s characteristics by comparing vari-
ous data with other wards and reconsider approaches to task
assistance for less experienced nurses and night shift allo-
cations for rookie nurses to effectively reduce physical
burdens on nurses, especially older ones. These results
contribute to the understanding of factors affecting nurses’
walking distance and support the development of evidence-
based strategies for improving work environments in acute
care settings.

Future research should examine the efficiency of nurses’
movement lines among clinical ladder levels by analyzing
data on beacon’s RSSIs. This would provide a more com-
prehensive understanding of not only the walking distance,
but also the effectiveness of nurses’ workflow. In particular,
identifying redundant or inefficient movements may offer
insights into how certain tasks or workflows contribute to
increased physical burden. This line of inquiry may help
support novice nurses in managing tasks more effectively
and facilitate task automation through ICT-based
innovations.
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