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ABSTRACT

Patients’ falls and fall-related incidents account for approximately 24% of all medical
accidents, emphasizing the need for enhanced preventive measures. Traditional
fall risk assessments do not consider nursing systems and impose a significant
operational burden. In this study, we developed a simulation program that replicates
hospital nursing systems and fall duration, analyzing the relationship between the
number of nurses and fall duration. The simulation results showed that as the
number of nurses increased, fall duration decreased. However, the effectiveness
plateaued when the number exceeded eight nurses. Additionally, the distribution of
fall duration followed a log-normal distribution, allowing it to be formulated as a cost-
performance optimization problem. As a result, the optimal number of nurses per floor
was suggested to be between six and eight. Future research will incorporate nurse
patrol routes and skill differences into the simulation to improve its applicability to
real hospital environments. Collaborating with medical safety managers, we aim to
develop and implement highly practical fall prevention measures.
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INTRODUCTION

Among the various accidents occurring in medical settings, patients’ falls and
fall-related incidents account for a particularly high proportion. As shown
in Table 1, out of 1,895 medical accidents reported in the target medical
institutions between January and December 2009, 764 cases were related to
care-related issues, of which 456were patients’ falls and fall-related incidents,
accounting for approximately 24% of the total (Japan Council for Quality
Health Care, 2020). This highlights that preventing such incidents is a crucial
factor in reducing medical accidents in healthcare facilities.

Furthermore, as society continues to age, the average age of hospitalized
patients is increasing. Since the risk of patients’ falls and fall-related incidents
rises with age, the incidence of such incidents is expected to increase further
in the future. Therefore, establishing effective fall prevention measures is an
urgent priority.
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Table 1: Overview of medical accidents and their occurrence numbers (adapted
from Japan Council for Quality Health Care, 2020, “20th Medical Accident
Information Collection Report,” pp. 40–41).

Accident Overview Number of Cases
Drug-related Items 119
Blood Transfusion-related Items 5
Treatment and Procedure-related
Items

507

Medical Equipment Usage and
Management Items

50

Drain and Tube Usage and
Management Items

128

Examination-related Items 70
Care-related Situations Falls 399

Falls from Height 57
Others 308

Others 163
Not Selected 89
Total 1,895

Traditionally, fall prevention strategies have primarily relied on
risk assessments using fall assessment score sheets, where appropriate
countermeasures are implemented based on the level of risk. In recent years,
new approaches, such as fall risk assessment using artificial intelligence and
robotics, have also been explored. However, existing prevention strategies
present several challenges.

First, risk assessments are mainly based on patient attributes and physical
abilities, while hospital nursing systems are not adequately considered. The
number of nurses, their experience levels, and patrol methods significantly
impact fall risk, yet research incorporating these factors remains limited.
Second, there is insufficient evaluation of cost-effectiveness. Many preventive
measures, such as bed-exit sensors and automated risk assessment tools,
involve substantial costs. However, there is no standardized evaluation
framework to guide hospitals in determining whether to implement these
measures.

To address these challenges, this study developed a simulation program
using Python to replicate hospital floor environments. The program simulates
a hospital floor where hospitalized patients and nurses are positioned, with
nurses patrolling based on predefined rules. Through simulations, this study
evaluates the impact of nursing systems on fall risk and proposes an optimal
nurse allocation approach from a cost-performance perspective. The ultimate
goal of this study is to contribute to hospital fall prevention strategies by
utilizing simulation results, with the long-term aim of implementing these
findings in real-world medical settings.

Patient Fall Distribution Simulator

This section explains the developed patient fall distribution simulator. The
purpose of this simulation program is to evaluate the risk of patients’ falls
and fall-related incidents within hospital wards and optimize nursing system
allocation. As shown in Figure 1, the simulation visually displays the hospital
floor during execution, allowing real-time observation of patient and nurse
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movements. Users can select any floor and monitor patient conditions and
fall occurrences for each ward.

The simulation model was not based on any specific hospital but was
constructed as a virtual multi-floor environment in which multiple patients
and nurses are placed on each floor. Users can configure various parameters,
including the number of patients per floor, the number of nurses, the total
number of floors, patient fall probabilities, condition classifications, State
transitions, and nurse patrol routes.

Figure 1: Display screen during simulation execution.

Figure 2: Flowchart of the simulation program.
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Each patient’s State is classified into seven categories: “Sleep,” “Sit,”
“Stand,” “Slow Walk,” “Long Walk,” “Walk,” and “Fall,” and is randomly
updated based on probabilities. For instance, in the “Sit” or “Stand” States,
patients remain stationary near their beds, while in “Slow Walk,” they move
within the patient room. In “LongWalk,”patients walk through the corridors
toward restrooms or rehabilitation rooms. Patients in the “Walk” State move
over a broader area, and some may even exit the floor. Fall probabilities vary
depending on the State, and once a fall occurs, the patient remains in place
until a nurse arrives for rescue.

As illustrated in the simulation flowchart in Figure 2, the program
progresses over time, continuously updating patient States. When a fall
occurs, patrolling nurses detect and assist the fallen patient. Upon detecting
a fallen patient, the nurse proceeds with the rescue, and after completion, the
fall time and rescue completion time are recorded, with fall duration data
being output.

Each patient is categorized into one of four conditions: “Severe,”
“Moderate,” “Mild,” or “Minor.” Patients with more severe conditions
remain stationary for longer periods, while those with milder conditions
exhibit more active behavior. These condition classifications are evenly
distributed among the patients. Nurses patrol along predefined routes and
proceed with rescue operations immediately upon detecting a fallen patient.

By utilizing this simulator, we can analyze the impact of different nursing
system configurations on fall duration. In this study, we varied the number
of nurses per floor and conducted five simulations under each condition to
collect data. The output data include fall occurrence time, rescue completion
time, nurse skill levels, and fall locations. These data allow for further analysis
aimed at maximizing hospital cost performance.

In Japan, although there is no strict legal definition of hospital size
based on the number of beds, the Ministry of Health, Labour and Welfare
(MHLW) categorizes hospitals in its annual Survey of Medical Institutions
into small-scale (20–99 beds), medium-scale (100–199 beds), and large-scale
(200 beds or more) institutions (MHLW, 2022). This classification is widely
used in health policy and facility evaluation and reflects the operational and
structural characteristics of each hospital type.

In this study, the virtual hospital environment corresponds to a large-
scale acute care hospital under this classification. Future work will involve
incorporating more realistic architectural layouts, visibility constraints, and
patrol route dynamics to better simulate spatial factors influencing fall risk
and to enhance the realism and generalizability of the findings.

RESULTS

This study analyzed and evaluated the impact of changes in nursing system
staffing on patient fall duration.

To investigate the relationship between fall duration and the number of
affected patients, we set six conditions with different numbers of nurses per
floor: 2, 4, 6, 8, 10, and 12. Under each condition, five simulation runs were
conducted, and the average values were calculated and plotted (Figure 3). The
analysis revealed that as the number of nurses increased, fall duration tended
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to decrease. However, beyond eight nurses per floor, the effect became more
gradual.

Figure 3: Relationship between number of nurses, fall duration, and number of
patients.

Further analysis of fall duration distribution indicated that it best fit a
log-normal distribution. By applying a logarithmic transformation to fall
duration and conducting a Kolmogorov-Smirnov test, we confirmed that the
data fit a log-normal distribution, as the p-value exceeded 0.05 (Figure 4).
Additionally, the normal probability plot (Q-Q plot) analysis (Figure 5)
showed that while the central portion of the data aligned with a straight
line, the upper tail exhibited curvature. This suggests that some patients
experienced prolonged fall durations, leading to outlier effects.

Based on these results, we modeled the relationship between the number
of nurses per floor and fall duration using a log-normal distribution and
evaluated cost performance by considering nurse labor costs and financial
losses associated with patients’ falls and fall-related incidents. In this study,
we assumed a labor cost of 3 million yen per nurse and hypothesized that as
fall duration increased, the severity of incidents would also increase. Based
on this, the total cost was expressed by the following equation:

Total Cost (N)= 300N +

∫
∞

0
Loss (T) f (T;µ, σ )dT

Where f (T;µ, σ ) represents the probability density function (PDF) of fall
duration T following a log-normal distribution, an Loss (T) represents the
financial loss associated with fall duration T. Here, µ and σvary depending
on the number of nurses N; as the number of nurses increases, detection
occurs more quickly, reducing µ Minimizing this total cost serves as the first
step in optimizing nurse allocation planning.
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This study considered only the number of nurses as a variable. However,
future research should incorporate additional factors such as nurse patrol
routes and variations in skill levels to refine the model further.

Figure 4: Results of the Kolmogorov-Smirnov test.

Figure 5: Q-Q plot for log-normal distribution.

DISCUSSION

This study revealed that as the number of nurses increased, patient fall
duration decreased. In particular, when the number of nurses increased from
2 to 4 and from 4 to 6, the median fall duration significantly decreased.
However, beyond 8 nurses, the reduction effect became more gradual,
indicating that the benefits of additional staffing were limited. These results
suggest that as the coverage area per nurse decreases, fallen patients are
detected more quickly, leading to shorter rescue times. However, once a
certain number of nurses is reached, further improvements become negligible.
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Figure 6: Example of variables in the program.

This is likely because the patrol frequency across the entire floor becomes
sufficient, reaching a limit in reducing detection time.

Additionally, while the distribution of fall duration fit a log-normal
distribution, some patients recorded exceptionally long fall durations. One
possible reason for these outliers is that nurse patrol routes may focus on
specific areas, causing delays in detecting patients located outside these
routes. In particular, patients in hard-to-see areas such as deep inside patient
rooms or near restrooms are at a higher risk. Furthermore, patient conditions
are classified into four categories: Severe,Moderate,Mild, and Minor. More
severe patients may have difficulty calling for help after a fall, leading to
longer detection times by nurses. Consequently, patients with more severe
conditions tend to have a higher fall risk and longer fall durations.

As a future challenge, optimizing patrol routes and implementing targeted
interventions based on patient conditions should be considered to prevent
prolonged fall durations.

To evaluate the effect of increasing the number of nurses on reducing fall
duration, this study derived the following cost optimization equation:

Total Cost (N) = 300N +

∫
∞

0
Loss (T) f (T;µ, σ )dT

In this equation, increasing the number of nurses N raises labor costs,
but fall-related losses Loss (T) decrease as more nurses lead to quicker
detections. However, simulation results indicate that once the number of
nurses exceeds a certain threshold, the reduction in µ (the mean of the
log-normal distribution) slows down, diminishing the cost-saving effect
of additional staffing. Considering hospital budget constraints, excessive
increases in nurse staffing may reduce cost-effectiveness. Based on the
findings of this study, the optimal number of nurses per floor is estimated to
be around 6 to 8. Further increases in staffing are likely to incur additional
costs without significant reductions in fall duration.

CONCLUSION

There have been numerous studies on preventive measures aimed at reducing
the high proportion of patients’ falls and fall-related incidents amongmedical
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accidents. However, existing countermeasures face two major challenges:
(1) many do not consider the impact of nursing systems on fall risk,
and (2) evaluating the cost-effectiveness of implementing these measures is
difficult for individual hospitals.

To address these issues, this study analyzed the effect of nurse staffing levels
on patient fall duration and demonstrated that appropriate nurse allocation
could contribute to reducing fall risk. In particular, the study confirmed that
increasing the number of nurses led to shorter fall durations; however, beyond
a certain staffing level, the reduction effect became limited.

As future challenges, optimizing nurse patrol routes and incorporating
simulations that consider the allocation of nurses with different experience
levels will be necessary to develop more practical fall prevention strategies.
Additionally, by comparing real hospital fall incident data with simulation
results, the accuracy of the model can be improved, providing more
practical indicators for fall prevention planning. Furthermore, to facilitate
implementation in medical settings, incorporating feedback from healthcare
professionals will help refine the simulation, ultimately contributing to the
optimization of nursing systems tailored to each hospital’s specific needs.
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