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Indoorpositioningsystemsprovide insight
into emergency department systems
enabling proposal of designs to improve
workflow
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Abstract

Background In this study, we implemented an indoor positioning system to track the
activities of healthcare professionals during their shifts in an emergency department, aiming
to gain a better understanding of the emergency care production process.
Methods An ultrawideband-based tracking system was used in an experiment at the
emergency department of Le Corbusier Hospital in Firminy, France. Over a 46-day period,
healthcareprofessionals, including assistant nurses, nurses, doctors, andmanagers,wore a
sensor to record their location within the emergency department. We analyzed a substantial
amount of quasi-real-time data to objectively assess physicians’ time allocation and
movement patterns and their correlation with the emergency department’s occupancy.
Additionally, we developed a user recognition algorithm (i.e., random forest classifier)
capable of detecting the job category of the participant wearing the sensor.
Results The proportion of time spent on care-related activities ranges from 26% to 39% for
doctors. In contrast, this share reaches approximately half of the time for triage nurses and
intensive care unit nurses. The burden of non-care-related activities appears to be largely
inducedby the time spent on administrative duties and transit. For doctors, the share of non-
care-relatedactivities is found tobecorrelatedwith theoccupancy level. Thehourly distance
walked by nurses (except triage nurses) is found to increase with occupancy, while for
doctors, the walking distance remains invariant to patient load. The random forest classifier
predicts job categories with 96% accuracy.
Conclusions Indoor tracking systems offer additional perspectives for enhancing the
understanding of emergency department systems. The technology tested in this study
demonstrates its potential to quantify physicians’ time allocation and movements.

Emergency department (ED) crowding has become a major public health
issue in many countries worldwide1. Crowding can be defined as a market
failure when the demand for emergency care outstrips the availability of
physical and human resources. Its consequences for patient outcomes,

including delayed treatment, longer triage time, extended length of stay, and
increased mortality, have been well documented2,3. ED crowding is closely
related to market failures at other levels of the healthcare system, such as
difficulties accessing primary care. Interventions designed to reduce the
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Plain Language Summary

This study investigated how healthcare
professionals spend their time in an
emergency department using a tracking
system that recorded their positions within
the building in real time. Over 46 days,
doctors, nurses, and other staff wore sensors
to enable their activities to be analysed. The
results showed that doctors spent 26–39%of
their time on patient care, while nurses spent
about half of their time on it. A significant
portion of time was spent on non-care activ-
ities, such as administrative tasks and coor-
dination. The study also developed a
computational model that accurately identi-
fied different job roles with 96% accuracy.
These findings highlight how tracking tech-
nology can improve our understanding of
emergency department workflows and could
beusedtohelp improvehealthcareefficiency.
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demand for emergency care by increasing access to primary care have been
found to be effective at reducing unnecessary ED visits4,5. Another way to
alleviate ED crowding is to address production capacities directly to meet
the demand for emergency care. However, while one might think that
simply expanding emergency units would solve this problem, a study
showed that increasing ED bed capacity did not reduce the percentage of
patients left without being seen and even had unintended consequences on
boarding hours6. Therefore, one needs to identify how physical and human
resources are used in the production of emergency care to determine which
resources need to be increased or to find an alternative organization of
production to optimize the use of existing resources.

In recent years, indoor positioning systems (IPSs) based on radio
frequency signals have been widely developed for tracking objects and/or
people due to their high precision7. IPS operates in a similar way to GPS
and uses the principle of triangularization to determine the location of an
object or person. The signals from GPS satellites are easily degraded by
buildings, making this technology inappropriate for indoor environ-
ments. Instead, IPS based on radio frequency signals uses anchors placed
directly inside the building. Radio frequency signals can be divided into
continuous waves (e.g., Wi-Fi, radio frequency identification (RFID))
and pulse ultrawide band (UWB). Continuous wave IPS has been found
to provide accuracy up to one meter, while UWB IPS can achieve
centimeter-level accuracy owing to its high temporal resolution8. In this
study, we experimented with an IPS based on UWB to track the activity
of healthcare professionals during their shifts in an ED. We aim to
explore how quasi-real-time data collected by the IPS could provide a
better understanding of the organization and production of emergency
care. Specifically, we investigate which information can be derived from
IPS data to assess how healthcare professionals allocate their time and
transit within the ED.

In the literature, many applications of IPSs for asset tracking in hos-
pitals have shown potential for inventory and commodity management9,10.
Beyond the aim of easily locating medical equipment in real time, a few
studies have tested the use of passive RFID for object-based activity
recognition, especially in the context of trauma resuscitation, where a list of
objects can be defined as related to a given activity11,12. From the patient
perspective, IPSs are also widely used for detecting falls in the elderly, in
order to provide them timely treatment, aswell as being used as a navigation
tool forpatients inhealthcare facilities13,14.However, theuseof IPS todirectly
track the motion of healthcare professionals in hospitals is still in an
experimental phase.One studydevelopedaWi-Fi-based tracking system for
task-phase recognition and task-progress estimation of assistant nurses15.
The requirement is that thenatureof the activities, their start and endpoints,
and the different phases are known in advance through a task management
system. The tracking system is subsequently used as a monitoring tool to
detect inwhich phase of activity an assistant nurse is, aswell as the estimated
time remaining to complete the task. Another study used an RFID tracking
system tomeasure clinician–patient contact and investigated its correlation
withEDcrowding16. Focusing onattendingphysicians, they foundapositive
correlation between the number of encounters per visit and ED crowding,
suggesting a fragmentation of care activities when crowding increased. IPSs
have also been studied as contact tracing tools amongphysicians, as away to
automatically detect and notify individuals who have had close contactwith
an infected person17,18.

Theuniqueness of our study lies, in part, in the combinationof IPSdata
with patient discharge data. Through IPS data, we delve into healthcare
professionals’ time allocation andmovement patterns over a long period of
observation. This enablesus to investigate the impactof EDcrowding on the
production of care by observing time allocations and walking distances at
various occupancy levels. Themethod employed in this study provides new
insights and offers an alternative to shadowing techniques to assess how the
production of emergency care is organized. These results were obtained
through experimentation with a UWB tracking system for healthcare
professionals at the scale of an entire ED. While a few studies have
experimented with IPSs based on continuous-wave radio frequency signals,

to our knowledge, this is the first study of a UWB IPS designed to track the
activity of ED healthcare professionals.

Our results indicate that the proportion of time spent on care-related
activities ranges from26% to 39% for doctors. In contrast, this share reaches
approximately half of the time for triage nurses and intensive care unit
nurses. The burden of non-care-related activities largely arises from time
spent on administrative duties and transit. For doctors, the share of non-
care-related activities is positively correlated with the occupancy level. The
hourly distance walked by nurses (except triage nurses) increases with
occupancy, while for doctors, the walking distance remains unchanged
regardless of patient load. Moreover, IPS data allow walking distance to be
related to the surface of activity. For example, doctors, whohave the second-
lowest accumulated walking distance, exhibit the highest ratio of distance
walked relative to their surface of activity compared to other healthcare
professional categories.

Methods
Data
An IPSbased onUWBusingmultiple anchors and 27 tags (i.e., sensors) was
tested at the emergency department of Le Corbusier Hospital in Firminy,
France. The experiment took place from March 7th to April 21st 2022.
During the study period, each medical staff member who provided
informed consent to participate in the studywore a tag during their shifts to
collect timestamped data on their location within the ED. The data were
collected in quasi-real time, as records were collected 5 times per second.
Each record included the location within the ED (i.e., coordinates) and a
timestamp.More informationon the specificationof the IPS canbe found in
Supplementary Method 1, using the key criteria for evaluating an IPS
proposed by Wichmann et al.19. Although tag users were anonymized, a
label describing the type of medical staff, classified into eight subcategories,
was associated with each tag. Among the 27 tags, six were associated with
assistant nurses, two with triage nurses, two with intensive care unit (ICU)
nurses, three with waiting room nurses, three with short-stay unit (SSU)
nurses, two with managers, and nine with doctors and on duty doctors (see
SupplementaryMethod 2 for a description of the labels). The study received
approval in France from ethical committee of Le Corbusier Hospital, Fir-
miny. Consent for participation in the study was done via personal invita-
tion to health care professionals.

While IPS based on radio frequency signals benefits from high accu-
racy, noise is often observed in locations due to the complexity of the indoor
environment8,20. Exploiting the large amount of data recorded in quasi-real
time,we employed a smoothing algorithmconsistingof aggregating thedata
into 10-second timewindows to reduce noise (see SupplementaryMethod 2
for a description of the cleaning procedure).

To gather information on patient loads, we extracted the summary
attendance to emergencies of every patient admitted to the ED during the
study period. Patient flows and patient loads were computed based on the
arrival and exit date and time.

Ethics approval and consent to participate
The study was conducted in accordance with the ethical principles for
medical research involving human subjects developed in the Declaration of
Helsinki by the World Medical Association (WMA). The study received
approval in France from ethical committee of Le Corbusier Hospital, Fir-
miny. Consent for participation in the study was done via personal invita-
tion to health care professionals in the emergency department of Le
Corbusier hospital, Firminy, France.

Tag user label recognition algorithm - Supervised machine
learning
Based on IPS data, we developed an algorithm capable of predicting the type
(i.e., label) of healthcare professionals wearing the tag based on their
movement and time spent in different areas of the ED. This algorithm could
be particularly useful formulti-typeworkers, such asnurseswhomay switch
multiple times among triage, ICU, waiting room, and SSU activities.
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Switches are not always scheduled and can be the result of exceptional
circumstances such as sick leave or unexpected ICU admissions. First, the
data were grouped into sequences of observations. A sequence was defined
as all successive observations fromthe same tag,with a gap to thenext record
of less than 30min. Then, we created a hexagonal grid over the entire ED
floor plan to discretize the ED into a multitude of subareas (i.e., regular
hexagons). Various hexagon sizes were tested, ranging from a diameter of
1m to 3.5m. For each sequence, we computed the proportion of time spent
in each hexagon, which was used as a predictive feature. Finally, we
employed a random forest classifier algorithm to predict our multiclass
target variable (i.e., the type of healthcare professional) based on the pre-
dictive features. The model was implemented using the Python library
scikit-learn. To reduce the risk of overfitting, we randomly split our sample
into training and testing samples. Note that the split was performed while
stratifying by the classes of the target variable to ensure that each class was
preserved in both the training and testing samples. We tested various spe-
cifications of the model by varying the hyperparameters, the number of
features selected based on their importance score (i.e., Gini coefficient), and
the size of the hexagons when creating the grid.

Analysis of medical staff time allocation
Exploiting timestamped locations, we investigated how healthcare profes-
sionals allocate their timeduring their shifts in theED.We collaboratedwith
a panel of medical experts to discretize the ED plane into subareas, asso-
ciating specific activities with each subarea (Fig. 1). The activities included

care coordination, informatics, transit, care preparation, management,
stock, care, cleaning and stock, and other. Care coordination involves the
triage nurse office, the welcome desk, and a meeting room used for com-
munication during shift changes from day workers to night workers.
Informatics includes three rooms equipped with computers used for
administrative tasks. Cleaning and stock relate to storage rooms with access
to a sink for cleaningmedical equipment. Care includes the critical care unit,
treatment rooms, andmedical imaging unit. Additionally, a mixed area has
been designated Transit/Informatics/Care, representing a large corridor in
the short-stay hospitalization unit where minor care can be administered
and administrative tasks are carried out onmobile computers. Based on this
classification of activities, wefirst calculated the proportion of time allocated
to each activity for each type of medical staff separately.

Second, activitieswere categorized into care-related activities andother
activities based on two definitions, namely, the lower and upper bounds.
This categorization aimed to emphasize the proportion of time dedicated to
care. In the lower bound, care-related activities included care, care coordi-
nation, and care preparation. In the upper bound, themixed area of transit/
informatics/care was also included.

Finally, we investigated whether healthcare professionals’ time allo-
cation could be impacted by ED crowding. To that end, we estimated a
fractional multinomial logit model of the time allocation proportions on
patient loads, categories of healthcare professionals, and interaction terms
between the two21. This type of model, estimated by quasi-maximum like-
lihood, is an extension of the traditional multinomial logit model, allowing

Fig. 1 | Map of the emergency department and
description of the classification of activities. The
following categories of activities are considered:
care, care preparation, care coordination, transit,
informatics, mixed area of transit/informatics/care,
and other.
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the dependent variable to be composed of fractions summing to one. To
facilitate the estimationprocedure,we considered the following categories of
activities: lower bound care-related activities (including care, care pre-
paration, and care coordination); transit; informatics; mixed area of transit/
informatics/care; and others (including stock, cleaning and stock, man-
agement, and other). To account for potential correlations among obser-
vations from the same tag, standard errors were adjusted for tag clusters,
allowing for intracluster error correlation.

Analysis of walking distance
We used data on tag locations to calculate the hourly walking distance (in
meters) by computing theEuclideandistancebetweenpoints of the same tag
and aggregating the resulting data per hour. Considering planar coordi-
nates, the Euclidian distance (i.e., as the crow flies) between two locations
with coordinates ðx1; y1Þ and ðx2; y2Þ is given with the following formula:

distance ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

x2 � x1
� �2 þ y2 � y1

� �2
q

: We first described the distribu-

tions of the hourly walking distance by healthcare professional category.

In the second step, we investigated the correlation between healthcare
professionals’ hourly walking distance and patient loads. We estimated a
pooled ordinary least squares regression of the hourly walking distance on a
set of predictors22. The explanatory variables included hourly patient load,
dummy variables for the healthcare professional’s category, and interaction
terms between patient load and healthcare professional’s category. To
account for potential correlations among observations of the same tag,
standard errors are adjusted for tag clusters, allowing intracluster error
correlation. Based on the parameter estimates of themodel, we conducted a
set of predictions to substantiate the variation inwalking distance according
to patient load.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Results
Tag user label recognition algorithm
During the study period, a total of 16,413,096 timestamped indoor coor-
dinates, grouped into 315 sequences, were recorded by the 28 tags. Among
them, all types of medical staff were well represented, except triage nurses,
who had a low participation rate (see Supplementary Table 1). The average
duration of a sequence was 12.09 h, corresponding to the duration of a shift
for most medical staff. Table 1 displays the performance of the random
forest classificationalgorithmaccording to the sizeof thehexagonal grid and
the feature selection procedure. The target variable is the type of medical
staff (e.g., doctor, assistant nurse, triage nurse), and the predictive feature is
the proportion of time spent in each hexagon of the grid. The best-
performing specification of the model used a hexagonal grid with hexagons
with a diameter of 1.75m, and the 51most important features were selected
based on their impurity score (i.e., Gini coefficient).With this specification,
one can predict the type ofmedical staff with an accuracy of 96.2% based on
the patterns in their movements within the ED. To further illustrate the
performance of the best-performing algorithm, the confusion matrix is
provided in Supplementary Table 2.

Time allocation and patterns of healthcare professional move-
ments within the ED
Table 2 provides an overview of how healthcare professionals allocated their
time during their shifts at the ED. On average, doctors and on-duty doctors
spent 26% and 33%, respectively, of their time in care-related activities under
the lower bound definition, compared to 39% under the upper bound defi-
nition.Waiting roomnurses andSSUnurses allocated one-third to two-thirds
of their time to care-related activities, in the lower and upper bounds,
respectively. Interestingly, the range between the lower bound and the upper
boundvaried substantially amonghealthcare professional types, primarily due
to the proportion of time spent in the mixed area of transit/informatics/care.

For example, the share of time spent in care-related activities did not vary
much between the bounds for triage nurses and ICU nurses, with almost half
of their time dedicated to care-related activities. In contrast, the share of time
spent in care-related activities varied from 26% to 57% for assistant nurses.

See Supplementary Fig. 1 for information about the proportions of
time dedicated to all subcategories of activities. Overall, the burden of non-
care-related activities is largely induced by administrative duties and transit.
This is especially relevant for doctors and on-duty doctors, who spend
approximately one-third of their time in transit and a quarter of their time
on administrative duties.

Finally, the results of the fractional multinomial logit model investi-
gating the impact of patient loads on time allocations are presented in
Supplementary Table 3. Based on the parameter estimates of the model, we
conducted a set of predictions regarding healthcare professionals’ allocation
of time, conditional on patient load (Fig. 2). We considered patient loads

Table 1 | Performance of the random forest classification
according to hexagon size and K best features selection

Hexagons’
size

# of
features

Features
selected

Accuracy

Baseline_100 100 1802 All 86.08%

SelectKBest_100 100 1802 78 92.40%

Baseline_125 125 1213 All 86.08%

SelectKBest_125 125 1213 65 92.40%

Baseline_150 150 882 All 82.28%

SelectKBest_150 150 882 86 91.13%

Baseline_175 175 659 All 91.14%

SelectKBest_175 175 659 51 96.20%

Baseline_200 200 523 All 86.08%

SelectKBest_200 200 523 47 93.67%

Baseline_250 250 357 All 82.28%

SelectKBest_250 250 357 54 91.14%

Baseline_300 300 251 All 87.34%

SelectKBest_300 300 251 65 93.67%

Baseline_350 350 189 All 84.81%

SelectKBest_350 350 189 31 94.93%

Train/Test sample 25% (stratified)

Number of trees 100

Bootstrap True

Others hyperparameters: Max features=sqrt; Max depth=None; Min sample split = 2; Min sample
leaf=1. The best-performing model specification is highlighted in bold.

Table 2 | Proportion of time spent on care-related activities

Care-related activities (% of available time)

Lower Bound Upper Bound

Assistant nurse 26% 57%

Manager 18% 31%

Triage nurse 40% 45%

ICU nurse 45% 53%

Waiting room nurse 34% 66%

SSU nurse 31% 66%

Doctor 26% 39%

On duty doctor 33% 39%

Care-related activities included in the lower bound are care, care coordination and care preparation.
In the upper bound, the mixed area of transit informatics and care is also added.
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ranging from the minimum to the maximum values observed in the data
(e.g., from 4 to 50 patients).

For assistant nurses, the time spent on care-related activities (including
care, care preparation, and care coordination) andother activities (including
stock, cleaning and stock, management, and other) was generally invariant
to patient load. However, they reduced their time spent in informatics areas
(by a maximum of 11 percentage points (pp)) and allocated more time to
transit and the mixed area of transit/informatics/care as the patient load
increased. For triagenurses, higherpatient loadsdecreased theproportionof
time spent in care-related areas (by a maximum of 15 pp) and in the mixed
area (by a maximum of 6 pp), leading to more time in transit, informatics,
and other areas. Interestingly, for ICU and waiting room nurses, the time
spent in care-related areas increased with ED crowding, by a maximum of
13 pp and 9 pp, respectively. This increase was accompanied by reduced
time spent in informatics and other activities for waiting room nurses and
reduced time in mixed areas and other activities for ICU nurses. The time
allocation for SSU nurses was rather homogeneous, regardless of patient
load, except for a slight shift in time from the mixed area to the informatics
area when crowding increased. Finally, the burden of administrative duties
substantially increased along with patient load for doctors and on-duty
doctors, by a maximum of 22 pp and 16 pp, respectively. On-duty doctors
counterbalanced the increased time in informatics by reducing their time in
other activities (by a maximum of 16%). Note that they counterbalanced it
such that there was no significant reduction in care-related activities. For
doctors, however, this led to a reduction in time spent on other activities of a
maximum of 13%, as well as a reduction in care-related activities of a
maximum of 10%.

Correlation between walking distance and ED crowding
We observed wide variations in hourly walking distances in the data across
and among each type of healthcare professional (Supplementary Fig. 2).
Similarly, wide variations were observed in patient incoming flows and
patient loads in the ED, showing clear hourly seasonality (Supplementary
Figs. 3, 4).

The results from the pooled ordinary least squares regression con-
firmed that, conditional on patient load, therewere significant differences in
walking distances across types of healthcare professionals (Table 3). Spe-
cifically, assistant nurses (modality in reference), ICU nurses (p = 0.543),
waiting roomnurses (p = 0.087) andSSUnurses (p = 0.324) had, onaverage,
comparable hourly walking distances, whereas the hourly walking distance
was significantly greater for triage nurses (p = 0.005) and lower for doctors
(p < 0.001), on-duty doctors (p < 0.001) and managers (p < 0.001).
Regarding the impact of patient loadsonhourlywalkingdistances,we found
a heterogeneous effect across different types of healthcare professionals.
Thus,we conducted aWald test for each category ofmedical staff, testing the
linear constraint that the sum of the coefficients for patient load and the
interaction term were significantly different from zero23. The results indi-
cated a positive, significant, and homogenous impact of patient load on
walking distance for assistant nurses (p < 0.001), ICU nurses (p < 0.001),
waiting roomnurses (p < 0.001), and SSU nurses (p = 0.0011). However, we
couldnot reject thenull hypothesis fordoctors (p = 0.1131), on-dutydoctors
(p = 0.1171), or triage nurses (p = 0.6228), meaning that the hourly walking
distance was independent of patient load.

Based on the parameter estimates of the model, we predicted the
walking distance during a fictive day, for which we simulated the hourly

Fig. 2 | Predicted time allocation according to patient load (fractional multi-
nomial logit). The following categories of activities are considered: lower bound
(LB) care-related activities (including care, care preparation, and care coordination);
transit; informatics; mixed area of transit/informatics/care; and others (including
stock, cleaning and stock, management, and other). Patients loads refers to the

hourly number of patients in the emergency department. Types of medical staff are
classified into assistant nurses, triage nurses, intensive care unit (ICU) nurses,
waiting room nurses, short-stay unit (SSU) nurses, managers, doctors and on duty
doctors.
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patient load by taking its average value over the study period (Fig. 3). To
highlight the variations in walking distance, the predicted hourly distances
were centered on their mean for each healthcare professional category. The
predicted hourly walking distances for assistant nurses, ICU nurses, waiting
room nurses, and SSU nurses deviated substantially below the mean in the
earlymorning (i.e., when patient loadswere the lowest) and above themean

in the afternoon. To gauge the magnitude of the variations, the highest
predicteddistances (i.e., at 5PM)were 23%, 29%, 16%, and18%greater than
the lowest distances (i.e., at 4 AM) for assistant nurses, ICU nurses, waiting
room nurses and SSU nurses, respectively.

In addition, we explored the size of the area where healthcare profes-
sionals operate, referred to as the surface of activity. First, we computed the
cumulative time spent in each hexagon of a hexagonal grid over the ED
plane. The surface of activity for a sequence of observations was defined as
the surface area of themost frequently visited hexagons,where an individual
spent 95% of their time. We excluded the less representative hexagons to
exclude from the surface of activity areas where individualsmight have been
only once during their shift. Table 4 displays the average surface of activity
for each medical staff category. Interestingly, on average, 95% of a doctor’s
activity occurred in an area of 77m², while an assistant nurse’s activity
covered 254m². These varying sizes of surfaces of activity could provide a
first explanation for the substantial differences in hourly walking distance.

We predicted the accumulated distance over an entire shift and
computed the ratio of the predicted accumulated distance over the shift
divided to the surface of activity (Table 4). This ratio provides insight into
the degree of repeated movement or repeated trips, as it represents the
average walking distance per square meter of the surface of activity. Inter-
estingly, compared with those in other healthcare professional categories,
doctors who were found to have the second-lowest accumulated walking
distance had the highest ratio of distance walked relative to their surface of
activity.

Discussion
In this study, we experimented with an IPS based on UWB to track
healthcare professionals’ activities during their shifts in the ED of a public
hospital. We explored and analyzed the large amount of data recorded in
quasi-real-time and investigate how tracking systems could provide a better
understanding of the process of emergency care production.

The results show the potential of IPS to quantify how healthcare
professionals allocate their time during their shifts. A striking result is that
the proportion of time spent on care-related activities ranges between 26%
and 39% for doctors and between 33% and 39% for on-duty doctors. In
contrast, this share reaches approximately half of the time for triage nurses
and ICU nurses and ranges between one-third and two-thirds for waiting
room nurses and SSU nurses. The burden of non-care-related activities
appears to be largely induced by the time spent on administrative duties and
transit. As an illustration, doctors and on-duty doctors, on average, dedicate
approximately one-third of their time to transit andaquarterof their time to
administrative duties. For these two healthcare professional categories, we
also found that the burden of administrative tasks increases as ED crowding
increases.

These findings highlight significant opportunities for improvement
through targeted optimization. To reduce time spent on administrative
work and transit, some potential solutions include the integration of user-
friendly technology and automated data entry systems, optimizing facility
layouts, improving patient andworkflowmanagement, redistributing tasks,
and providing staff with training in time management and efficiency.
Implementing these strategies could substantially reduce non-care-related
activities, allowing healthcare professionals to devote more time to patient
care. Moreover, recent advances in large language models (LLMs) and
natural language processing (NLP) offer a promising tool for further
reducing the time spent on documentation by automatically summarizing
clinical notes, medications, and other forms of patient data. However, the
use of artificial intelligence (AI) in healthcare also raises important ethical
considerations that must be carefully addressed24,25.

Several studies have investigated medical staff time allocation, mostly
through the use of qualitative research methods such as shadowing tech-
niques. The principle of shadowing is that the researcher acts as an observer
while individuals perform their usual activities26. A German study relied on
shadowing to measure the time allocation of interns and surgeons in a
general hospital, recruiting 35 participant observations27. They found that

Table 3 | Pooled ordinary least squares of the hourly walking
distance within the ED department

Variable Coefficient P value

Intercept 259.13 p < 0.001

Patients load 3.48 p < 0.001

Tags’ label

- Assistant nurse Ref Ref

- Manager −124.74 p < 0.001

- Triage nurse 91.13 p = 0.005

- ICU nurse −19.32 p = 0.543

- Waiting room nurse 46.41 p = 0.087

- SSU nurse 26.50 p = 0.324

- Doctor −126.07 p < 0.001

- On-duty doctor −115.79 p < 0.001

Tags’ label X Patients load

- Assistant nurse Ref Ref

- Manager −3.10 p < 0.001

- Triage nurse −4.12 p = 0.052

- ICU nurse 1.34 p = 0.195

- Waiting room nurse −0.75 p = 0.410

- SSU nurse −0.45 p = 0.691

- Doctor −2.38 p = 0.026

- On-duty doctor −2.67 p = 0.006

# observations 3586

R-squared 0.3212

Modality in reference (Ref); p value (p). Time is discretized in hours. Standard errors are adjusted for
27 clusters, allowing intracluster error correlation.

Fig. 3 | Predicted hourly walking distance (centered to mean) under average
patient incoming flow level. Patients loads refers to the hourly number of patients
in the emergency department. Predicted hourly distances are centered on theirmean
for each healthcare professional category. Types of medical staff are classified into
assistant nurses, triage nurses, intensive care unit (ICU)nurses, waiting roomnurses,
short-stay unit (SSU) nurses, managers, doctors and on duty doctors.
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an average of 25%of timewas spent in direct contactwith patients, while the
remaining time was mostly allocated to administrative duties and coordi-
nation with nursing staff. A Norwegian study also employed shadowing to
investigate physicians’ time allocation in the context of the production of
emergency care, with a focus on drug-related tasks28. The authors’ main
finding was that physicians spent the majority of their time gathering
information, communicating and documenting, whereas drug-related tasks
accounted for 17% of their time. Another study employed shadowing to
investigate physician time allocation in two EDs29. They found doc-
umentation to be themost time-consuming activity for both physicians and
nurses and substantiated that nurses spent significantly more time on
therapeutics than physicians did. The strength of shadowing techniques is
the ability to observe activities that could otherwise be difficult to measure
quantitatively. However, there is a risk of observer bias and the Hawthorne
effect30,31. Observer bias occurswhen prior beliefs of the researcher influence
what they perceive during the observation phase. The Hawthorne effect
occurs when participants alter their behavior in response to their awareness
of being observed32. In contrast, IPS has the advantage of being less invasive
than shadowing, allowing the recording of information on critical care
without disturbing the process. IPS also offers the opportunity to obtain
real-time information and to track the activity of an individual over a long
period. This approach, for example, allowed us to investigate how different
levels of ED crowding affect the results.

In the literature, a few studies have experimentedwith the use of IPS to
track healthcare professional activity. A recent study proposed a context-
free localization approach to visualize and analyze IPS data by encoding
sequences of observations as time-encoded strings33. The strength of their
approach is to be context-free, in the sense that no prior information on the
building and the activities conducted in each room is required. In com-
parison, our approach relies on the expertise of a panel ofmedical experts to
discretize theEDplane into subareas, associating specific activitieswith each
subarea. The added value of our framework is to directly exploit a time series
of coordinates, allowing us to investigate the correlation of time allocation
with time-dependent variables (e.g., ED crowding), as well as to delve into
walking patterns. In the study of Stisen et al., a Wi-Fi tracking system was
used as amonitoring tool to detect in which phase of activity amedical staff
member is involved, aswell as the estimated time remaining to complete the
task15. Using an RFID IPS, Castner and Suffoletto measured clinician‒
patient contact time and thenumber of encounters per visit and showed that
it became more fragmented as ED crowding increased16. In comparison, in
this study, we investigated healthcare professionals’ time allocation over
their entire shift, including both care and non-care-related activities. To do
this, we relied on aUWB tracking system, which has been shown to provide
much greater accuracy than continuous-wave IPS such as Wi-Fi or RFID8.
In addition, we developed an algorithm capable of predicting the type of
healthcare professional based on the patterns of movements within the ED
with an accuracy of 96% (Table 1). This model could be particularly useful
for detecting whether a nurse is currently working as a triage nurse, ICU

nurse, waiting roomnurse, or SSUnurse. In fact, nurses can switchmultiple
times per day from one category to another. Switches are not always
scheduled and can be the result of exceptional circumstances such as sick
leave or unexpected ICU admissions.

We also measured healthcare professionals’ walking distances and
investigated their correlation with ED crowding. Interestingly, the hourly
distance walked by nurses (except triage nurses) increases as the ED
becomes crowded, while for doctors, the walking distance is invariant to
patient load. In the literature, physicians’ walking distances have been tra-
ditionally measured using pedometers34. While pedometers have shown
good performance in predicting the number of steps and distance traveled
during activities such as running with a structured gait, they have been
shown to provide poor accuracy in predicting distances in indoor envir-
onments with unstructured gaits35. Thus, IPS could also provide an alter-
native to pedometers and has the advantage of being unaffected by gait
structure. Moreover, IPS data allow walking distance to be related to the
surface of activity. For example, we found that doctors, who were found to
have the second-lowest accumulatedwalkingdistance, have thehighest ratio
of distance walked relative to their surface of activity, compared to other
healthcare professional categories. This ratio highlights the fact that doctors
are highly mobile workers but in a smaller surface of activity compared to
other healthcare professional categories.

IPSs provide newperspectives for identifying organizational issues and
assessing the real-world performanceof interventions aimed at reorganizing
EDs by turning positional data into key-performance indicators (e.g., time
allocation, surface of activity, etc.)36. In this context, the development of
digital twins, capable of offering a virtual representation of a physical system
in real-time, is at the heart of healthcare research37. However, its large-scale
applications remain limited, due to the technological and economic
obstacles to setting up real-time data collections38. In this aspect, IPSs are a
promising technology that can be used to collect real-time signals on
patients and/or workers, which is required to implement digital twins. In
addition, IPSs also opennewperspectives to help in the conception of digital
twins, offering an alternative source of data for generating event-logs and
delving into process mining and process discovery to identify and analyze
patient care pathways39,40.

The results of this study must be interpreted in conjunction with the
following limitations that can be used to inform future studies. First, the
approach used for activity recognition relies on the discretization of the ED
into subareas for which a specific activity can be associated. While being a
powerful approach to identifying the timededicated to care as the time spent
in treatment rooms, interpreting locations falling into transit areas is more
challenging. Indeed, the time spent in transit areas is also likely to beused for
a combination of different activities, such as transiting and communicating
with other clinicians. The same limitation applies for the SSU corridor
designated as transit/informatics/care, where minor care can be adminis-
tered and administrative tasks are carried out on mobile computers. This
drawback could be lessened in future IPS experiments by detecting

Table 4 | Predicted distance over an entire shift and distances relative to the surface of activity

Label Shift Cumulated predicted distance (meters) Surface of activity (95%, in square meter) Predicted distance / surface

Mean Std

Assistant nurse 8 AM–8 PM 4271 254 93.86 17

Triage nurse 8 AM–8 PM 3956 176 78.06 22

ICU nurse 8 AM–8 PM 4412 218 77.31 21

Waiting room nurse 8 AM–8 PM 4565 256 60.78 18

SSU nurse 8 AM–8 PM 4386 219 57.62 20

Doctor 8 AM–8 PM 1969 77 33.04 25

On-duty doctor 8 AM–8 AM 2004 119 40.93 17

Manager 9 AM–6 PM 1337 80 39.77 17

Standard deviation (std).

https://doi.org/10.1038/s43856-025-00793-y Article

Communications Medicine |            (2025) 5:72 7

www.nature.com/commsmed


interactions between people and by adding more sensors, for example, on
patients and/or assets (e.g., tracking of mobile computers). This study
benefits from a high participation rate among most medical staff, with the
exception of triage nurses, whose participationwas low. As a result, findings
related to this specific group should be interpreted with caution. Addi-
tionally, since this study was conducted at a single location, its general-
izability to other hospitals may be limited. However, we believe that the
proposed methodology is broadly applicable and can be easily adapted to
different settings. Lastly, while IPS based on radio frequency signals offers
high accuracy, indoor environments often introduce noise due to their
complexity. To mitigate this, we implemented a smoothing algorithm that
aggregates data into time windows, which demonstrated strong
performance.

In conclusion, the development of indoor tracking systems opens new
perspectives for the analysis of the process of emergency care production.
The IPS based on UWB used in this study demonstrated its potential to
quantify healthcare professionals’ time allocation and walking distances
during their shifts. We found wide variations in time allocation among
different healthcare professional categories. Overall, the burden of non-
care-related activities appears to be largely induced by the time spent on
administrative duties and transit. ED occupancy is found to have a het-
erogeneous impact on time allocation andwalking distance according to the
category of clinician.

Data availability
The source data for Fig. 3 is in Supplementary Data 1. Other datasets
generated and analysed during the current study are not publicly available
due to the risk of identification of the participants but are available from the
corresponding author on reasonable request.

Code availability
The analysis conducted in this study partly relies on QGIS, an open-access
software used for processing GIS data. Since certain QGIS modules do not
allow for code export, we are unable to provide a reusable script for the data
analysis. Additionally, the analysis code directly processes outputs from
QGIS, making it difficult to share a self-contained, standalone version.
However, upon reasonable request to the corresponding author, we can
provide details on the methodology, implementation, and relevant code
snippets.
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