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Abstract

Background: 1n 2022, over 18,000 patients aged =70 years were hospitalized in the Netherlands for a hip fracture, with 50%
requiring geriatric rehabilitation after surgery. Increasing geriatric rehabilitation patient numbers, staff shortages, and rising
pressure on health care budgets make adequate care challenging. To make geriatric rehabilitation more future-proof, a stronger
focus on home-based rehabilitation is needed. Early identification of patientslikely to be discharged soon enablestimely discharge
planning and coordination of support at home. Early geriatric rehabilitation discharge planning may help organize home-based
rehabilitation more effectively by arranging home care services in advance. This can facilitate smoother transitions toward home
and prevent discharge delays, which isimportant to ensure optimal bed occupancy.

Objective: This study aims to develop machine learning (ML) models to predict a geriatric rehabilitation stay of 4 weeks or
less in a skilled nursing home for older patients after hip fracture surgery, using continuously monitored physical activity data
from the first week of geriatric rehabilitation and patient characteristics.

Methods: This prospective cohort study (January 2019-August 2024) included 100 patients. Patient characteristics and physical
activity data from the MOX1 accelerometer (Maastricht Instruments BV) were collected during the first rehabilitation week.
Principal component analysis was used to reduce the physical activity features. ML models were developed using Bayesian
hyperparameter optimization and refined if necessary. The performance of the single best-performing configuration per remaining
ML model type was evaluated, and the most important features for predicting the length of geriatric rehabilitation stay were
identified.

Results: Of the 3 ML models evaluated (support vector machine [SVM], ensemble of decision trees, and neural network), the
SVM achieved the highest performance, with 19 out of 20 correct predictions (accuracy=0.95, 95% Cl 0.85-1.00; precision=0.91,
95% CI 0.71-1.00; recall=1.00, 95% CI 1.00-1.00; F;-score=0.95238, 95% CI 0.83-1.00; area under the curve [AUC]=0.97, 95%
Cl 0.83-1.00). The most important features for predicting the length of geriatric rehabilitation stay across the best-performing
ML models included the continuously monitored physical activity data, time in the emergency room, functional ambulation
category (FAC) at hospital discharge, age, Katz Index of Independence in Activities of Daily Living—6 (Katz-ADL6) at hospital
discharge, Montreal Cognitive Assessment (MoCA), availability of nonprofessional help, surgery type, Charlson Comorbidity
Index (CCl), gender, and hemoglobin level at hospital admission.
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Conclusions: This study developed several ML modelsto predict a geriatric rehabilitation stay of <4 weeksin askilled nursing
home for older patients after hip fracture surgery. Among these models, the SVM proved to be highly accurate in its predictions
with an accuracy of 0.95 (95% CI 0.85-1.00), precision of 0.91 (95% CI 0.71-1.00), recall of 1.00 (95% CI 1.00-1.00), F;-score

of 0.95 (95% CI 0.83-1.00), and AUC of 0.97 (95% CI 0.88-1.00).

(IMIR Rehabil Assist Technol 2026;13:€79331) doi: 10.2196/79331
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Introduction

In the Netherlands, more than 18,000 patients aged 70 years
and older were hospitalized with ahip fracturein 2022 [1]. After
hip fracture surgery, more than 50% of the patients are admitted
to ageriatric rehabilitation department at askilled nursing home
[2,3]. Geriatric rehabilitation is defined by the European
Consensus group as “a multidimensional approach involving
diagnostic and therapeutic interventions. Its purpose is to
optimize functional capacity, promote activity, and preserve
functional reserve and social participation in older people with
disabling impairments’ [4]. Based on incidence trends and
increasing life expectancy, the number of hip fracture patients
is expected to double by 2050 [5]. The expectation is that the
group of geriatric rehabilitation patients will also increase.
However, the number of professionals able to provide care for
these patientswill not grow at the same pace. In addition, health
care budgets are under increasing pressure [6]. Together, these
devel opments make the provision of geriatric rehabilitation care
increasingly challenging.

To make geriatric rehabilitation future-proof, a stronger focus
on home-based rehabilitation is essential, especially given the
shifting vision of Dutch health care that emphasizes treatment
closer to home [7]. Achieving this requires the early
identification of patientswho arelikely to be discharged within
4 weeks of geriatric rehabilitation admission. Such early
identification enables timely discharge planning and the
coordination of necessary support at home. The 4-week cutoff
marks the transition between shorter and longer rehabilitation
trgjectories, as defined by the Dutch Diagnosis Treatment
Combinations. Early geriatric rehabilitation discharge planning
may help organize home-based rehabilitation more effectively
by arranging home care services in advance. This can facilitate
smoother transitions toward home and prevent unnecessary
discharge delays, which is important for maintaining optimal
bed occupancy.

Early geriatric rehabilitation discharge planning requires
prediction models to make objective predictions for the length
of geriatric rehabilitation stay. By relying on data rather than
assumptions, these models enable more accurate discharge
planning. Machine learning (ML) is a subset of artificial
intelligence that enables computers to learn from data without
being explicitly programmed [8-10]. The use of ML for
developing length of stay prediction modelsin various medical
fields has shown promising results [8,10-12]. However, to the
best of our knowledge, no ML models exist that predict the
length of geriatric rehabilitation stay at a skilled nursing home
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for older patients following hip fracture surgery. In a recent
study, we identified factorsthat influence the length of geriatric
rehabilitation stay [13]. However, this study did not aim to
predict the exact length of geriatric rehabilitation stay, and its
multivariate model explained only 32% of the variance. This
suggests that additional factors influencing the length of stay
exist that were not included in the study. Since early
mobilization and physical activity enhance functional recovery,
continuously monitored physical activity using accelerometers
during the first week of geriatric rehabilitation might be a
relevant factor to include [14-16]. Another important factor
could be cognitive functioning, assessed with a cognitive
screening test, as patients with cognitive impairments may have
difficulty performing physiotherapy exercises[17].

The aim of this study is to develop ML models to predict a
geriatric rehabilitation stay of <4 weeks in a skilled nursing
home for older patients after hip fracture surgery, using
continuously monitored physical activity data from the first
week of geriatric rehabilitation and patient characteristics.

Methods

Study Design

A prospective cohort study was conducted from the first of
January 2019 until thefirst of August 2024. Older patients aged
=70 years who underwent hip fracture surgery at the Centre for
Geriatric Traumatology at Ziekenhuisgroep Twente (ZGT) and
rehabilitated at one of the 3 participating skilled nursing homes
(TriviumMeulenbeltZorg, ZorgAccent, and Carintreggeland)
were included. Exclusion criteria were pathological or
periprosthetic fractures, severe cognitive impairment, total hip
replacement, plaster allergy, or contact isolation. Patients were
enrolled one day after hip fracture surgery or one day before
discharge to one of the collaborating skilled nursing homes.

Data Collection

The primary outcome was the length of geriatric rehabilitation
stay at the skilled nursing homes, stratified into 2 lengths of
stay groups, including <4 and >4 weeks. Thisdivision was based
on the structure of the Dutch Diagnosis Treatment
Combinations, which fund geriatric rehabilitation and classify
rehabilitation trgjectories into one of 5 length of stay groups
(1-2, 2-4, 4-8, 8-13, and 13-17 weeks) [18,19]. The 4-week
cutoff corresponds to the transition point between shorter and
longer rehabilitation pathways.

For this study, the physical activity of al enrolled patients was
continuously monitored during the first week of geriatric
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rehabilitation. Patient characteristics up to the first week of
rehabilitation were collected from a transmural care pathway
database. This care pathway was implemented to synchronize
the care processes between the hospital and geriatric
rehabilitation departments and provide more insight into the
rehabilitation process of older patients after hip fracture surgery.
Patients with an incompl ete data collection (<5 days of physical
activity data of the first week of geriatric rehabilitation and/or
missing patient characteristics) were excluded from the data
analysis.

The physical activity of all enrolled patients was continuously
monitored using an MOX1 accelerometer (Maastricht
Instruments BV) attached with a custom-made patch 10 cm

Textbox 1. Patient characteristicsincluded in this study.

Krakerset d

proximal of the patella on the ipsilateral side of the operated
hip. Thissmall, lightweight, waterproof device (35x35x10 mm,
11 g, IPX8) contains a tri-axial accelerometer sensor, which
measures raw acceleration data for the X-, Y-, and Z-axes at a
sampling frequency of 25 Hz, storing the data directly in its
internal memory (1.5 GB) for up to 7 days. Data analysis was
performed offline after the raw accel eration datawere upl oaded
to acomputer viaa USB connection.

The collected patient characteristics (baseline, in-hospital,
hospital discharge, and geriatric rehabilitation variables; Textbox
1) were selected based on previous studies demonstrating their
value in predicting rehabilitation outcomes or length of stay
[20-31].

Baseline variables

« Age

o  Gender

«  Premorbid living situation

«  Living aone versus living together
« Availability of nonprofessional help
« Needfor climbing stairs

o  Prefracture Mobility Score (PFMS)

o Charlson Comorbidity Index (CCl)

o Short Nutritional Assessment Questionnaire (SNAQ)

In-hospital variables

«  Hemoglobin level at hospital admission
« Hipfracturetype

«  Time spent in the emergency room

«  Surgical treatment

«  Postoperative weight-bearing protocol

« In-hospital complications

Hospital discharge variables

«  Functional Ambulation Categories (FAC) at hospital discharge
«  Fracture Mobility Score (FMS) at hospital discharge

« Katz-ADLG at hospital discharge

«  Discharge destination (skilled nursing home)

«  Length of hospital stay

Geriatric rehabilitation variables

«  Montreal Cognitive Assessment (MoCA)

« Katz Index of Independence in Activities of Daily Living-6 (Katz-ADL6)

«  American Society of Anesthesiologists physical status classification (ASA) score

Data Analysisfor Accelerometer

The raw acceleration data were analyzed using a MATLAB
algorithm (R2024b; The MathWorks, Inc) developed and

https://rehab.jmir.org/2026/1/€79331

validated for older hospitalized patients by Van Dijk-Huisman
et a [32]. Thisresulted in the total intensity of physical activity
per day by determining the signal magnitude area of the
acceleration data; the total time spent sitting or lying, standing,
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and walking per day; the position classification (sitting or lying,
standing, walking) every 4 seconds; as well as the total
measurement time per day. The intensity of physical activity
reflectsthe raw accel erometer output and is expressed as counts
per day, not as categorical levels of activity. If the position
classification changed between 2 consecutive 4-second time
steps, it was defined as a transition. For each patient, the
following metrics were calculated for each day:

Theintensity of physical activity (counts per hour)

Time spent sitting or lying (minutes per hour)

Time spent standing (minutes per hour)

Time spent walking (minutes per hour)

Transitions between sitting or lying and standing (humber
of transitions per hour)

Transitions between sitting or lying and walking (humber
of transitions per hour)

Transitions between standing and walking (number of
transitions per hour)

Different features were extracted from each metric, including
the overall mean, overall SD, weekend mean, weekend SD,
weekday mean, weekday SD, median, IQR, root mean square,
variance, minimum value, maximum val ue, minimum-maximum
range, coefficient of variance, skewness, kurtosis, and
characteristics of the third-degree polynomial curve describing
the shape of the pattern. The characteristics of the third-degree
polynomia curve were defined as coefficients a, b, ¢, and d,
which were derived from the third-order polynomial equation:

y = ax® + bx? + cx + d. More detailed information about the
different continuously monitored physical activity features can
be found in Multimedia Appendix 1.

After data analysis, data within each of the 2 length-of-stay
groupswere randomly divided into atraining (80%) and testing
(20%) set, which were then combined to ensure class balance.

Feature Reduction

Principal component (PC) analysis, a common method for
feature dimensionality reduction, was applied exclusively to
the features extracted from the physical activity data of the
training set. Asapreprocessing step, the datawere standardized
to have zero mean and unit variance. Each PC, obtained after
applying PC analysis, consists of a weighted combination of
the features extracted from the physical activity data. The PCs
were sorted in decreasing order of their eigenvalues, indicating
how much of the data'svarianceis captured by its corresponding
PC. The PCs contributing to a cumulative explained variance
of 95% were selected asinput for the ML models.

Feature selection was also applied to the patient characteristics
of the training set. Features that did not occur or exhibited an
identical distribution between the 2 lengths of stay groupswere
excluded, as they provided no discriminative value for the ML
models. Feature selection was further guided by prior research
[13]. When variables were conceptually linked or measured
similar aspects of a patient’s condition, priority was given to
the variable that was more commonly used in clinical practice
or provided a more direct assessment of functional status. The
remaining patient characteristicswereincorporated into the ML
models along with the selected PCs.

https://rehab.jmir.org/2026/1/€79331
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ML Models

First, the performance of 5 commonly used supervised ML
modelsfor classification was considered: support vector machine
(SVM), neural network (NN), decision tree, naive Bayes (NB),
and an ensemble of decision trees (EoDT). These models were
selected because they represent a diverse set of widely used
supervised learning models, alowing for a comprehensive
evaluation of which modeling strategy is most suitable for this
clinical prediction task. For each model, hyperparameters were
optimized using Bayesian optimization with an
expected-improvement-plus acquisition function and tenfold
cross-validation on the training set. Bayesian optimization was
chosen because it enables efficient hyperparameter tuning and
allows for the development and comparison of multiple ML
models simultaneously.

For the SVM, 4 kernel functions (linear, radia basis function,
polynomial, and Gaussian) were eval uated separately, allowing
the kernel-related model performance to be systematically
compared. For each kernel, Bayesian optimization tuned the
remaining hyperparameters. For the NN, decision tree, NB, and
EoDT, all model-specific hyperparameterswereincluded inthe
Bayesian optimization procedure. The optimal hyperparameter
values for each ML model were determined by the minimum
observed value of the objective function.

Running Bayesian optimization for all models over many
iterations can be computationally expensive. Therefore, model
performance was eval uated after thefirst 30 iterationsto identify
a subset of well-performing models. In this screening phase,
multiple configurations of the same model type, for example,
the SVM models with different kernels, could be retained if
they showed similar performance. The area under the receiver
operating characteristic curve was used for initial model
comparison, after which the model swith the highest area under
the curve (AUC) underwent continuous Bayesian optimization
for an additiona 30 iterations. Subsequently, the fina
hyperparameters of these ML modelswere evaluated. If notable
deviations were identified, a new ML model was trained with
adjusted hyperparameters.

Finaly, only the single best-performing configuration per
remaining ML model type was evaluated on the test set. Model
performance was assessed using the confusion matrix, actual
length of stay of the misclassified patients, accuracy score,
precision score, recall score, F;-score, and AUC. Cls were
obtai ned using bootstrap resampling; the test set was resampled
with replacements 1000 times while keeping the training set
and ML models fixed. The 95% Cls were defined by the 2.5th
and 97.5th percentiles. A Shapley Additive Interpretation
(SHAP) summary plot based on the test set was used to
determine the relationship between the 2 length of stay groups
and its main predictors for each of the best-performing ML
models [33]. The overall best-performing ML model was
retrained and retested using 2 additional dataset configurations,
(1) patient characteristics only and (2) physical activity data
only, to conduct an ablation study evaluating the contribution
of each dataset compared with the combined datasets.
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Ethical Consider ations

TheMedical Ethical Committee of Twente stated that this study
did not require an assessment by the Medical Ethical Committee
according to Dutch law. The study was approved by the
Ingtitutional Review Board of ZGT (ZGT17-40). All patients
gave written informed consent to participate. Study data obtained
from the enrolled patients were deidentified and managed in
accordance with relevant data protection regulations. Patients
did not receive any financial or material compensation for their
participation.

Results

Patient Characteristicsand Physical Activity Data

A total of 142 older patientswereincluded in this study (Figure
1). Of these, 42 were excluded due to incompl ete data (<5 days
of physical activity data of the first week of geriatric
rehabilitation and/or missing patient characteristics). The
missing physical activity data were mainly caused by

Figure 1. Flowchart patient recruitment.
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sensor-related issues, such as battery depletion and removal of
the device for charging and data upload. Thisresulted in afinal
sample of 100 patients. Patients were divided into <4 weeks
(n=50) and >4 weeks (n=50) length of geriatric rehabilitation
stay and subsequently split into a training and test set. The
distribution of the length of geriatric rehabilitation stay of both
sets can be seen in Figure 2. Patient characteristics of the
training and test set are shown in Table 1. The mean agein the
<4 weeks group was 84.5 (SD 5.9) years, while the mean age
in the >4 weeks group was 82.8 (SD 6.9) years. The median
Montreal Cognitive Assessment (MoCA) scorewas 21.5 (IQR
18-24) and 19.5 (IQR 17-22.5), respectively. The patient
characteristics of the test set showed similar results.

Individual patient trajectories of intensity of physical activity
during thefirst 7 days of geriatric rehabilitation are displayed,
along with the mean intensity for patients with alength of stay
of 4 weeks or less and for those with more than 4 weeks,
including 95% CI (Figure 3).
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Figure 2. Length of geriatric rehabilitation stay (days): training set vs test set.
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Table 1. Patient characteristics training and test set.
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Patient characteristics training and test set

Training set

Length of geriatric rehabilitation stay

<4 weeks (n=40)

>4 weeks (n=40)

Test set

Length of geriatric rehabilitation stay

<4 weeks (n=10)

>4 weeks (n=10)

Basdlinevariables
Age (years)® mean (SD)
Female (gender)?, n (%)
Premorbid living situation?, n (%)
Independent without home care services

Independent with home care services

Residential home
Living together?, n (%)
Availability nonprofessional help?, n (%)
Need for climbing stairs?, n (%)
PFMS*® 1 (%)
1-Freely mobile without aids
2-Mobile outdoors with one aid

3-Mobile outdoors with 2 aids or frame

4-Someindoor mobility but never goesoutside
without help

5-No functional mobility
Premorbid Katz-ADL6%*C, median (IQR)
cc1®9, median (IQR)
ASA®score?, n (%)

ASA 1

ASA 2

ASA 3

ASA 4

ASA 5
SNAQ?, median (IQR)

In-hospital variables

Hemoglobin level at hospital admission? median
(IQR)
Hip fracturetype, n (%)

Femoral neck

Subtrochanteric femur

Timein the emergency room in minutes®, median

(IQR)

Surgical treatment?, n (%)
Dynamic hip screw
Intramedullary nail
Hemiarthroplasty

84.5 (5.9)

27 (68)

30 (75)
9(23)
1(3)
12 (30)
31(79)

11 (28)

20 (50)
4(10)
16 (40)
0(0)

0(0)
0(0-0)

1(0-2)

0(0)
15(38)
23 (58)
2(5)
0(0)
0(0-0)

7.9(7.6-8.7)

24 (60)
16 (40)
133.5 (103.5-168.0)

3(8)
15(38)
22 (55)

82.8 (6.9)

33(83)

26 (65)
14 (35)
0(9

14 (35)
38 (95)

7(18)

11 (28)
1(3)
27 (68)
1(3)

0(0)
0(0-1)

1(0-2)

2(9)
10 (25)
22 (55)
6 (15)
0(0)
0(0-0)

7.8(7.5-8.6)

17 (43)
23 (59)

133.0 (106.5-
161.0)

3(8)
25 (63)
12 (30)

82.8 (6.0)

7(70)

8 (80)
1(10)
1(10)
2(20)
6 (60)

4 (40)

5 (50)
1(10)
4(40)
0(0)

0(0)
0(0-0)

0(0-1)

1(10)
4(40)
3(30)
2(20)
0(0)
0(0-0)

7.9(7.5-8.1)

5 (50)
5 (50)
104.5 (82.0-155.0)

2(20)
5 (50)
3(30)

82.2 (6.9)

8 (80)

9 (90)
1(10)
0(0)

7(70)
7(70)

3(30)

4(40)
2(20)
4(40)
0(0)

0(0)
0(0-1)

1(0-3)

1(10)
1(10)
6 (60)
2 (20)
0(0)
0(0-0)

7.9(6.0-8.3)

3(30)
7 (70)
158.5 (124.0-184.0)

1(10)
6 (60)
3(30)
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Patient characteristics training and test set Training set Test set

Length of geriatric rehabilitation stay Length of geriatric rehabilitation stay
<4 weeks (n=40) >4 weeks (n=40) <4 weeks (n=10) >4 weeks (n=10)

Postoper ative weight-bearing protocol?, n (%)

Full weight-bearing 40 (100) 36 (90) 10 (100) 9(90)
Partial or non—weight-bearing 0(0) 4 (10) 0(0) 1(10)
In-hospital complications, n (%)
Anemia® 6(15) 7(19) 1(10) 3(30)
Heart failure® 109 2(5) 00 1(10
Pressure ulcers? 3(8) 2(5) 0(0) 0(0)
Ddlirium? 1(3) 5(13) 0(0) 0(0)
Pulmonary embolism? 0(0) 1(3) 0(0) 0(0)
Kidney failure® 0(0) 1(3) 0(0) 0(0)
Pneumonia® 3(8) 4(10) 0(0) 0(0)
Urinary tract infection® 2(5) 103 1(10) 0(0)
Fall incident 0(0) 0(0) 0(0) 0(0)
Wound infection 0(0) 0(0) 0(0) 0(0)
Reoperation 0(0) 0(0) 0(0) 0(0)
Others 8(20) 8(20) 3(30) 0(0)
Hospital discharge variables
FACY at hospital discharge?, n (%)
0-No functional mobility 0(0) 5(13) 0(0) 1(10)
1-Dependent in mobility level 2 1(3) 4 (10) 0(0) 4 (40)
2-Dependent in mobility level 1 9(23) 17 (43) 0(0) 2(20)
3-Independent mobility under supervision 22 (55) 9(23) 8(80) 1(10)
4-Independent mobility on aflat surface 8(20) 5(13) 2(20) 2(20)
FMS" at hospital discharge, n (%)
1-Freely mobile without aids 0(0) 0(0) 0(0) 0(0)
2-Mobile outdoors with one aid 0(0) 0(0) 0(0) 0(0)
3-Mobile outdoors with 2 aids or frame 3(8) 2(5) 1(10) 0(0)
4-Someindoor mobility but never goesoutside 37 (93) 33(83) 9(90) 9(90)
without help
5-No functional mobility 0(0) 5(13) 0(0) 1(10)
Katz-ADL6 at hospital discharge?, median (IQR) 4 (4-4) 4(4-5) 4.5 (4-5) 4(4-5)
Rehabilitation department skilled nursing home, n (%)
Skilled nursing home A 22 (55) 23 (58) 9 (90) 5 (50)
Skilled nursing home B 12 (30) 13(33) 1(10) 3(30)
Skilled nursing home C 6 (15) 4(10) 0(0) 2(20)
Length of hospital stay in days?, median (IQR) 7(6-9) 8(6.5-9) 6.5 (6-8) 7(6-8)

Geriatric rehabilitation variables

https://rehab.jmir.org/2026/1/€79331

RenderX

JMIR Rehabil Assist Technol 2026 | vol. 13| €79331 | p. 8

(page number not for citation purposes)


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

JMIRREHABILITATION AND ASSISTIVE TECHNOLOGIES

Krakerset d

Patient characteristics training and test set Training set

Length of geriatric rehabilitation stay
<4 weeks (n=40)

Test set
Length of geriatric rehabilitation stay

>4 weeks (n=40) <4 weeks (n=10) >4 weeks (n=10)

MoCA®, median (IQR) 21.5 (18-24)

19.5 (17-22.5) 21 (20-25) 23 (18-26)

3patient characteristics included in the ML models.
bPEMS: Prefracture Mobility Score.

’Katz-ADL6: Katz Index of Independencein Activities of Daily Living-6.

dccl: Charlson Comorbidity Index.

€ASA: American Society of Anesthesiologists physical status classification.

fSNAQ: Short Nutritional Assessment Questionnaire.
9FAC: Functional Ambulation Categories.

PEMSS: Fracture Mobility Score.

'MOCA: Montreal Cognitive Assessment.

Figure 3. Intensity of physical activity with individual trajectories of the training set and mean physical activity intensity with 95% ClI.
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Feature Reduction

After applying PC analysis for the feature reduction of the
features extracted from the physical activity data, 79 PCswere
obtained. The graph of cumulative explained variance versus
the number of PCs shows that 19 PCs explained 95% of the
variance (Multimedia Appendix 2; Figure S1). These 19 PCs
wereincluded in the ML models.

In-hospital fall incidents, in-hospital wound infections,
in-hospital reoperations, and other in-hospital complications
were excluded because none of these complications occurred
or the distributions were identical between the 2 lengths of stay
groups. Hip fracture type was excluded from the ML models
because it is strongly associated with surgical treatment [13].
Surgical treatment was regarded to be more patient-specific, as
it depends on both fracture type and patient condition. FM S at
hospital discharge was also excluded dueto its strong association
with functional ambulation category (FAC) at hospital discharge
[13]. The FAC was considered more relevant becauseit ismore
widely used in geriatric rehabilitation to assess patient progress.

https://rehab.jmir.org/2026/1/€79331
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Similarly, admission to which skilled nursing home was
excluded due to its association with FAC at hospital discharge
[13]. Notably, skilled nursing home A had more patients with
lower FAC scores at hospital discharge compared to B and C.
Thiswas a coincidence, as the skilled nursing home placement
procedure does not depend on the FAC. The FAC at hospital
discharge was prioritized for its greater clinical relevance.

ML Models

Based onthe AUC of each ML model after thefirst 30 iterations
(MultimediaAppendix 2; Figure S2), the SYM, NN, and EoDT
ML modelswere selected for continuous Bayesian optimization.

The evaluation of the final hyperparameters after Bayesian
optimization resultedin an NN consisting of only onelayer with
2 neurons. Since this architecture was considered too ssimple
and likely insufficient for capturing the complexity of the data,
a new NN with 2 layers containing 102 and 51 neurons,
respectively, was trained for further evaluation.

Figure 4 presents the confusion matrices of the final
best-performing configuration of each remaining ML model
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type (SVM, EoDT, and NN) for the test set. The confusion
matrix evaluates the performance of the ML models by
comparing the actual length of stay with the predicted length

Krakerset d

of stay generated by the models. This provides an overview of
the number of correctly classified and misclassified patients.

Figure4. Confusion matrices of the final best-performing machine learning (ML) models (support vector machine [SVM], ensemble of decision trees

[EoDT], and neural network [NN]) tested on the test set (n=20).
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The performance of thefinal best-performing ML models, along
with the actual length of stay for patients misclassified as <4
weeks, is presented in Table 2. The overall best results were
achieved using the SVM model with a linear kernel
(accuracy=0.95, 95% CI 0.85-1.00; precision=0.91, 95% ClI
0.71-1.00; recall=1.00, 95% CI 1.00-1.00; F;-score=0.95238,

95% Cl 0.83-1.00; AUC=0.97, 95% CI 0.83-1.00). The
misclassified <4 weeks group included one patient with an actual
length of stay of 42 days. The EoDT misclassified 3 patients
with lengths of stay of 29, 29, and 42 days, while the new NN
misclassified 4 patients with lengths of stay of 29, 30, 41, and
42 days.

Table 2. Evaluation of final best-performing machine learning (ML) models (SVM?, EoDTb, and neural network).

Machinelearning  Accuracy (95%Cl) Precision (95% Cl) Recall Fi-score (95% Cl)  ayce (95%Cl) Actud LO< misclassified
models (95% CI) <4 weeks patients
SVM (linear ker-  0.95 (0.85-1.00) 0.91 (0.71-1.00) 1.00 (1.00- 0.95 (0.83-1.00) 0.97(0.88-1.00) 42 days
nel) 1.00)
Ensemble-trees 0.85 (0.70-1.00) 0.77 (0.50-1.00) 1.00 (1.00- 0.87 (0.67-1.00) 0.97(0.88-1.00) 29, 29, and 42 days
1.00)
New neural net- 0.80 (0.60-0.95) 0.71 (0.47-0.93) 1.00 (1.00- 0.83(0.64-0.97) 0.92(0.78-1.00) 29, 30, 41, and 42 days
work 1.00)

83V M: support vector machine.
PEODT: ensemble of decision trees.
CAUC: area under the curve.

dLos: length of stay.

The 10 most important features of thefinal best-performing ML
models, ranked from most to least impactful, and their influence
on predictions can be seen in the results of the SHAP analysis
(Figure 5). Each dot represents a patient from the test set, with
itscolor indicating the actual feature value (predictor value: red
for high values and blue for low values). The SHAP value of

https://rehab.jmir.org/2026/1/€79331
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each dot represents the contribution of that feature to the
prediction for an individual patient. It indicates how much the
feature pushes the prediction toward one length of stay group
or the other. Negative SHAP values push the prediction toward
alength of stay of <4 weeks, while positive SHAP values push
it toward alength of stay of >4 weeks.
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Figure5. Shapley Additive Interpretation (SHAP) summary plots: the 10 most important features ranked from most to least impactful and their influence

on predictions.
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For example, in the Shapley summary plot of the SYM (linear
kernel) model, the feature availability of nonprofessional help
appears blue on the right. This indicates that patients with no
availability of nonprofessional help (0=no availability,
1=availability) have positive SHAP values, pushing predictions
toward a length of stay of >4 weeks. Based on the SHAP
analysis, it can be seen that the most important features for
predicting the length of geriatric rehabilitation stay, across the
3 best-performing ML models, were the PCs (weighted
combinations of features extracted from the physical activity
data); time in the emergency room (ER); FAC at hospital
discharge; age; Katz Index of Independence in Activities of
Daily Living-6 (Katz-ADLG6) at hospital discharge; MoCA;
availability of nonprofessional help; surgery type; Charlson
Comorbidity Index (CCI); gender; and hemoglobin level at
hospital admission.

In the ablation study, the best-performing ML model trained on
physical activity data only outperformed the model trained on
patient characteristics only. The combined dataset yielded the
highest predictive performance. The confusion matrices and
detailed performance metricsfor the ablation study are provided
in Multimedia Appendix 3.

Discussion

Principal Findings

This study developed ML models for the early prediction of a
geriatric rehabilitation stay of <4 weeksin older patients after
hip fracture surgery, using continuously monitored physical
activity dataand patient characteristics. Thisresulted in several
ML models with varying overall predictive performance. The
SVM was the best-performing model, demonstrating excellent
predictive capability with an accuracy of 0.95 (95% ClI

https://rehab.jmir.org/2026/1/€79331
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0.85-1.00), precision of 0.91 (95% CI 0.71-1.00), recall of 1.00
(95% CI 1.00-1.00), F,-score of 0.95 (95% CI 0.83-1.00), and
AUC of 0.97 (95% CI 0.88-1.00). Theseinitia results suggest
that early prediction of ageriatric rehabilitation stay of <4 weeks
is promising.

In our previous study, the FAC at hospital discharge, premorbid
living situation, postoperative weight-bearing protocol, surgery
type, in-hospital delirium, and in-hospital heart failure were
identified as key factors affecting the length of geriatric
rehabilitation stay [13]. Among all these previously identified
predictors, the current study confirmed that FAC at hospital
discharge and surgery type are key features for predicting a
geriatric rehabilitation stay of <4 weeks. Postoperative
weight-bearing protocol, in-hospital delirium, and in-hospital
heart failure did not emerge as key predictors in the
best-performing models. A possible explanation is that these
factors occurred relatively infrequently in our study population,
limiting their predictive power in this context. Furthermore,
whereas the previous study focused solely on identifying
predictors for the length of geriatric rehabilitation stay, the
current study devel oped and evaluated actual prediction models,
offering potential for early discharge planning.

A substantial amount of other research also exists on thefactors
influencing the length of stay after hip fracture surgery.
However, many of these studies focus on factors influencing
the length of hospital stay [28,30], or thelength of stay in other
rehabilitation settings (eg, private care rehabilitation, in-hospital
rehabilitation, or both the acute hospital and rehabilitation
phases) [21-24], making them difficult to compare with this
study. These previously identified predictors for the length of
geriatric rehabilitation stay include age [22-24]; fracture type
[22]; American Society of Anesthesiologists physical status
classification score [20,21]; complications (wound infection,
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delirium, urinary tract infection, and pneumonia) [22,23];
comorbidities (Parkinson disease, diabetes, and dementia)
[22-24]; gait status at hospital discharge [20]; living situation
prior to the hip fracture (alone or together) [24,25]; use of
mobility aids prior to the hip fracture [21,25]; Barthel score at
geriatric rehabilitation admission [25]; Functiona Independence
Measure score at rehabilitation admission [23]; Abbreviated
Mental Test Score (AMTS) [21]; and pain score at rehabilitation
admission [24]. Among these previoudly identified predictors,
this study further confirmed that age, comorbidities (CCl), gait
status at hospital discharge (FAC), an assessment tool to
evaluate a patient’s functional ability to perform activities of
daily living (Barthel score or Katz-ADL 6), and acognitive score
(AMTS or MoCA) are key features for predicting a geriatric
rehabilitation stay of <4 weeks.

Unlike previous studies, which did not incorporate continuously
measured physical activity, this study included this aspect,
providing a more detailed insight into the effect of physical
activity on the length of geriatric rehabilitation stay.
Consequently, the PCs (weighted combinations of features
extracted from the physical activity data) of this study emerged
as one of the most important features for predicting a geriatric
rehabilitation stay of <4 weeks. The findings of this study
underscore the critical role of physical activity and align with
previous studies emphasizing the positive impact of early
mobilization and physical activity on the functiona recovery
of hip fracture patients [14-16,34]. Recent research further
supports this by demonstrating that higher levels of physical
activity at the time of rehabilitation admission are associated
with greater independence in activities of daily living at
discharge [35]. Early mobilization may help maintain postural
muscle function, leading to improved functional recovery [35].
In contrast, prolonged bed rest, associated with low levels of
physical activity, has been linked to a decline in physical
function and reduced independence in activities of daily living
due to decreased oxygen consumption, metabolic changes, and
muscle atrophy [36,37]. Patients with lower physical activity
levels at rehabilitation admission may experience sower
functional recovery, prolonged dependencein activities of daily
living, and consequently alonger geriatric rehabilitation stay.

In addition to physical activity, this study identified other
important predictors of the length of geriatric rehabilitation stay
that have not been examined before in previous research.
Specifically, the availability of nonprofessional help, time in
the ER, and hemoglobin level at hospital admission emerged
asimportant predictors. The availability of nonprofessional help
was included as it represents a key aspect of functional social
support (social relationships that fulfill particular functionsin
times of need), which has been shown to be associated with
rehabilitation outcomes in older adults with hip fractures [27].
Time spent in the ER was included, as recent research hasfound
an association with hospital length of stay [30], although the
reason for this association remains unclear. Hemoglobin level
at hospital admission was also included, as recent research has
found an association with hospital length of stay dueto delayed
recovery and increased complication risk in patients with low
hemoglobin levels[28].

https://rehab.jmir.org/2026/1/€79331
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The remaining most important feature across all ML models,
gender, also does not align with previoudly identified predictors
of the length of geriatric rehabilitation stay. However, gender
has been included as a variable in earlier studies, although it
was not found to be a significant predictor. A possible
explanation for its role as a key feature in this study, but not in
previous ones, may lie in the use of different analytical
techniques. In this study, we used ML techniques, whereas
previous research relied on traditional statistical analyses.

Overall, while many of thekey featuresfor predicting ageriatric
rehabilitation stay of <4 weeks identified in this study align
with previous research, this study also uncovered other
predictors, including weighted combinations of features
extracted from continuously measured physical activity data,
availability of nonprofessional help, and time spent in the ER.
These findings highlight the potential influence of factors often
overlooked in traditional statistical analyses.

When examining the misclassified <4 weeks patients of the 3
best-performing ML models in more detail, the EoDT has 2
patients with a length of stay of 29 days, and the new NN has
one patient with alength of stay of 29 days and another with a
length of stay of 30 days. However, misclassifying a 29- and
30-day stay as <4 weeks may not be a clinically significant
issue, as it is close to 28 days. Furthermore, the new NN
misclassified apatient with alength of stay of 41 days. However,
this patient developed a complication during rehabilitation,
which may have contributed to the incorrect prediction. Since
complications occurring after the first seven days of geriatric
rehabilitation are not taken into account in the model s, this may
explain the misclassification. In clinical practice, however,
treatment plans are adjusted when complications arise, meaning
that such a case would likely have been identified as requiring
alonger stay regardless. The other 3 misclassified patients across
the 3 best-performing ML models had a length of stay of 42
days. No clear explanation was found based on the available
data

Strengthsand Limitations of This Study

To the best of our knowledge, thisis the first study to develop
and compare ML modelsfor predicting ageriatric rehabilitation
stay of <4 weeks in a skilled nursing home at an early
rehabilitation stage, using anovel experimental approach with
continuously monitored physical activity data and patient
characteristics in older patients after hip fracture
surgery. Ancther strength of our study is the inclusion of a
diverse range of features from both the physical and social
domains, with particular emphasis on the integration of
continuously monitored physical activity data. In addition, the
MOX1 accelerometer was well tolerated by patients and was
easily integrated into the clinical workflow, requiring minimal
effort from clinical staff and demonstrating the feasibility of
continuous activity monitoring in this popul ation.

Regarding the limitations, a complete dataset was required for
ML model development, leading to the exclusion of many
patients due to missing asingle feature. No dataimputation was
applied in this study, as the aim was to avoid introducing
potential bias from imputed values. This requirement for
complete data reduced the sample size. A practical limitation
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contributing to missing physical activity data was the inability
to check the battery level of the MOX1 accelerometer during
use. Although the lights of the accelerometer show whether it
isactively measuring, clinical staff did not routinely check this,
as the wearable required no daily attention. As a result,
wearables occasionally ran out of battery unnoticed, leading to
the loss of multiple days of activity data. While model
performance was already high, having complete data for all
patients could have potentially increased the reliability and
robustness of the analyses. Second, given the focus on ML
model development, the sample size may be relatively small,
making some models prone to overfitting. To mitigate thisrisk,
techniques such as cross-validation and feature reduction were
applied. Third, although length of geriatric rehabilitation stay
is a continuous variable, this study formulated the problem as
aclassification task (<4 weeksvs >4 weeks). This cutoff reflects
aclinically meaningful decision point with substantial impact
on early discharge planning. For clinicians, knowing after one
week whether apatient islikely to be discharged within 4 weeks
is far more actionable than attempting to predict the exact
number of days. Predicting the exact length of stay in days
would introduce unnecessary complexity, require substantially
more data, and is not essential for guiding early clinical
decisions. Therefore, we consider the current classification
framework to be the most suitable and clinically relevant
approach for guiding early discharge planning. Future research
is recommended to explore appropriate data imputation
strategies in a cautious manner, to reduce data loss while
ensuring that bias is not introduced. For categorical patient
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characteristics such as the availability of nonprofessional help,
imputation may be challenging and not always be desirable,
highlighting the need for careful consideration of which
variables to impute. In addition, future work is recommended
to validate the models with a larger patient population, refine
them if necessary, and integrate the best-performing model into
clinical practice.

Clinical Interpretation

The results of this study indicate that early prediction of a
geriatric rehabilitation stay of <4 weeks or less in a skilled
nursing home for older patients after hip fracture surgery is
feasible. This marks the first step toward a more future-proof
geriatric rehabilitation system. ldentifying patients with an
expected stay of <4 weeks or less after 7 days of rehabilitation
enables timely discharge planning and coordination of support
at home. Such planning can smooth the transition toward home
and prevent discharge delays, which is important to ensure
optimal bed occupancy.

Conclusion

Several ML models were developed to predict a geriatric
rehabilitation stay of <4 weeks in a skilled nursing home for
older patients after hip fracture surgery, using continuously
monitored physical activity datafrom thefirst week of geriatric
rehabilitation and patient characteristics. Among these models,
the SVM proved to be highly accurate in its predictions with
an accuracy of 0.95 (95% CI 0.85-1.00), precision of 0.91 (95%
Cl 0.71-1.00), recall of 1.00 (95% CI 1.00-1.00), F;-score of

0.95 (95% CI 0.83-1.00), and AUC of 0.97 (95% CI 0.88-1.00).

Acknowledgments

The authorswould like to thank the Up& Go after aHip Fracture Group, including the health care professional s of the rehabilitation
departments of the nursing home institutions TriviumMeulenbeltZorg, ZorgAccent, and Carintreggeland for their contribution

to the transmural Up& Go after a hip fracture project.

Funding
This research received no external funding.

Data Availability

The datasets analyzed during this study are not publicly available dueto the fact that our patients did not give permission to share
the data publicly but are available from the corresponding author on reasonable request.

Authors Contributions

Conceptualization: SK, FIW, DvD, MMRV-H, JHH

Data curation: SK

Formal analysis: SK, FIW

Investigation: SK

Methodology: SK, FIW

Supervision: FJW, DvD, MMRV-H, JHH

Validation: SK, FIW

Visuaization: SK

Writing — original draft: SK

Writing — review & editing: SK, FW, DvD, MMRV-H, JHH

Conflicts of Interest
None declared.

https://rehab.jmir.org/2026/1/€79331

JMIR Rehabil Assist Technol 2026 | vol. 13| e79331 | p. 13
(page number not for citation purposes)


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

JMIRREHABILITATION AND ASSISTIVE TECHNOLOGIES Krakers et a

Multimedia Appendix 1

Detailed explanation of the extracted continuously monitored physical activity features.
[DOCX File, 19 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Feature reduction and machine learning model development.
[DOCX File, 312 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Confusion matrices and detailed performance metrics for the ablation study.
[DOCX File, 40 KB-Multimedia Appendix 3]

References

1. CBS. Hospital admissions and patients; diagnostic classification VTV. Statistics Netherlands (CBS). 2024. URL : https./
/opendata.cbs.nl/statline/#/CB S/nl/dataset/8406 7N ED/tabl ets=1570535289637 [accessed 2025-01-28]

2. Mattiazzo GF, Drewes YM, van Eijk M, Achterberg WP. Geriatric rehabilitation care after hip fracture. Eur Geriatr Med.
Apr 2023;14(2):295-305. [FREE Full text] [doi: 10.1007/s41999-023-00755-4] [Medline: 36788193]

3. vanDarte D, Vermeer M, Folbert EC, Arends AJ, Vollenbroek-Hutten MMR, Hegeman JH, et a. Dutch Hip Fracture
Audit (DHFA) Group. Early Predictors for Discharge to Geriatric Rehabilitation after Hip Fracture Treatment of Older
Patients. JAm Med Dir Assoc. Dec 2021;22(12):2454-2460. [FREE Full text] [doi: 10.1016/j.jamda.2021.03.026] [Medline;
33933417]

4.  Grund S, Gordon AL, van Balen R, Bachmann S, Cherubini A, Landi F, et al. European consensus on core principles and
future priorities for geriatric rehabilitation: consensus statement. Eur Geriatr Med. Apr 2020;11(2):233-238. [FREE Full
text] [doi: 10.1007/s41999-019-00274-1] [Medline: 32297191]

5. SingCW, Lin TC, Bartholomew S, Bell JS, Bennett C, Beyene K, et al. Global Epidemiology of Hip Fractures: Secular
Trendsin Incidence Rate, Post-Fracture Treatment, and All-Cause Mortality. JBone Miner Res. Aug 2023;38(8):1064-1075.
[FREE Full text] [doi: 10.1002/jbmr.4821] [Medline: 37118993]

6.  Minderhout RN, van Ede AF, Voragen L, Verheijen C, VosHM, Numans ME, et al. Reforming healthcare in the Netherlands:
practical population health management and the Plot model: A questionnaire survey and focus group study to assess the
willingness and readiness of six regionsin the Netherlands. SAGE Open Med. 2023;11:20503121231160830. [FREE Full
text] [doi: 10.1177/20503121231160830] [Medline: 36949828]

7.  Integraal Zorgakkoord: 'ssmenwerken aan gezonde zorg'. The National Government. For the Netherlands. 2022. URL:
https://www.rijksoverheid.nl/documenten/rapporten/2022/09/16/integraal -zorgakkoord-samen-werken-aan-gezonde-zorg
[accessed 2025-01-28]

8. LinWT,WuTY, ChenYJ,Chang YS, Lin CH, Lin YJ. Predicting in-hospital length of stay for very-low-birth-weight
preterm infants using machine learning techniques. J Formos Med Assoc. Jun 2022;121(6):1141-1148. [FREE Full text]
[doi: 10.1016/j.jfma.2021.09.018] [Medline: 34629242]

9. Deo RC. Machine Learning in Medicine. Circulation. Nov 17, 2015;132(20):1920-1930. [FREE Full text] [doi:
10.1161/CIRCULATIONAHA.115.001593] [Medline: 26572668]

10. Tian CW, Chen XX, Shi L, Zhu HY, Dai GC, Chen H, et a. Machine learning applications for the prediction of extended
length of stay in geriatric hip fracture patients. World J Orthop. Oct 18, 2023;14(10):741-754. [FREE Full text] [doi:
10.5312/wj0.v14.i10.741] [Medline: 37970626]

11. Daghistani TA, Elshawi R, Sakr S, Ahmed AM, Al-Thwayee A, Al-Mallah MH. Predictors of in-hospital length of stay
among cardiac patients: A machine learning approach. Int J Cardiol. Aug 01, 2019;288:140-147. [doi:
10.1016/j.ijcard.2019.01.046] [Medline: 30685103]

12.  Muhlestein WE, Akagi DS, Davies M, Chambless LB. Predicting Inpatient Length of Stay After Brain Tumor Surgery:
Devel oping Machine Learning Ensemblesto Improve Predictive Performance. Neurosurgery. Sep 01, 2019;85(3):384-393.
[FREE Full text] [doi: 10.1093/neuros/nyy343] [Medline: 30113665]

13. Krakers SM, Woudsma S, van Dartel D, Vermeer M, Vollenbroek-Hutten MMR, Hegeman JH. Rehabilitation of Frail
Older Adults after Hip Fracture Surgery: Predictors for the Length of Geriatric Rehabilitation Stay at a Skilled Nursing
Home. JClin Med. Aug 03, 2024;13(15):4547. [FREE Full text] [doi: 10.3390/jcm13154547] [Medline: 39124813]

14. Riemen AH, Hutchison JD. The multidisciplinary management of hip fracturesin older patients. Orthop Trauma. Apr
2016;30(2):117-122. [FREE Full text] [doi: 10.1016/j.mporth.2016.03.006] [Medline: 27418950]

15.  Morri M, Forni C, Marchioni M, Bonetti E, MarsegliaF, Cotti A. Which factorsareindependent predictorsof early recovery
of mobility in the older adults' population after hip fracture? A cohort prognostic study. Arch Orthop Trauma Surg. Jan
2018;138(1):35-41. [doi: 10.1007/s00402-017-2803-y] [Medline: 28956152]

https://rehab.jmir.org/2026/1/€79331 JMIR Rehabil Assist Technol 2026 | vol. 13 | €79331 | p. 14
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=rehab_v13i1e79331_app1.docx&filename=4ebfc02d66deae59da2a85fa94872db0.docx
https://jmir.org/api/download?alt_name=rehab_v13i1e79331_app1.docx&filename=4ebfc02d66deae59da2a85fa94872db0.docx
https://jmir.org/api/download?alt_name=rehab_v13i1e79331_app2.docx&filename=bedd3872ca0498103dd5047364a2a0b2.docx
https://jmir.org/api/download?alt_name=rehab_v13i1e79331_app2.docx&filename=bedd3872ca0498103dd5047364a2a0b2.docx
https://jmir.org/api/download?alt_name=rehab_v13i1e79331_app3.docx&filename=3898bb1e458b3cb4f00a618155eda181.docx
https://jmir.org/api/download?alt_name=rehab_v13i1e79331_app3.docx&filename=3898bb1e458b3cb4f00a618155eda181.docx
https://opendata.cbs.nl/statline/#/CBS/nl/dataset/84067NED/table?ts=1570535289637
https://opendata.cbs.nl/statline/#/CBS/nl/dataset/84067NED/table?ts=1570535289637
https://europepmc.org/abstract/MED/36788193
http://dx.doi.org/10.1007/s41999-023-00755-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36788193&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1525-8610(21)00335-2
http://dx.doi.org/10.1016/j.jamda.2021.03.026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33933417&dopt=Abstract
https://boris-portal.unibe.ch/handle/20.500.12422/54678
https://boris-portal.unibe.ch/handle/20.500.12422/54678
http://dx.doi.org/10.1007/s41999-019-00274-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32297191&dopt=Abstract
https://onlinelibrary.wiley.com/doi/10.1002/jbmr.4821
http://dx.doi.org/10.1002/jbmr.4821
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37118993&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/20503121231160830?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
https://journals.sagepub.com/doi/10.1177/20503121231160830?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20503121231160830
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36949828&dopt=Abstract
https://www.rijksoverheid.nl/documenten/rapporten/2022/09/16/integraal-zorgakkoord-samen-werken-aan-gezonde-zorg
https://linkinghub.elsevier.com/retrieve/pii/S0929-6646(21)00440-X
http://dx.doi.org/10.1016/j.jfma.2021.09.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34629242&dopt=Abstract
https://europepmc.org/abstract/MED/26572668
http://dx.doi.org/10.1161/CIRCULATIONAHA.115.001593
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26572668&dopt=Abstract
https://www.wjgnet.com/2218-5836/full/v14/i10/741.htm
http://dx.doi.org/10.5312/wjo.v14.i10.741
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37970626&dopt=Abstract
http://dx.doi.org/10.1016/j.ijcard.2019.01.046
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30685103&dopt=Abstract
https://europepmc.org/abstract/MED/30113665
http://dx.doi.org/10.1093/neuros/nyy343
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30113665&dopt=Abstract
https://www.mdpi.com/resolver?pii=jcm13154547
http://dx.doi.org/10.3390/jcm13154547
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39124813&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1877-1327(16)30025-2
http://dx.doi.org/10.1016/j.mporth.2016.03.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27418950&dopt=Abstract
http://dx.doi.org/10.1007/s00402-017-2803-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28956152&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIRREHABILITATION AND ASSISTIVE TECHNOLOGIES Krakers et a

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

van Dartel D, Wang Y, Hegeman JH, Vermeer M, Vollenbroek-Hutten MMR. Patterns of physical activity over timein
older patients rehabilitating after hip fracture surgery: a preliminary observational study. BMC Geriatr. Jun 16,
2023;23(1):373. [FREE Full text] [doi: 10.1186/s12877-023-04054-2] [Medline: 37328743]

Makizako H, ShimadaH, Doi T, Tsutsumimoto K, Lee S, Hotta R, et al. Cognitive functioning and walking speed in older
adults as predictors of limitationsin self-reported instrumental activity of daily living: prospective findings from the Obu
Study of Health Promotion for the Elderly. Int J Environ Res Public Health. Mar 11, 2015;12(3):3002-3013. [FREE Full
text] [doi: 10.3390/ijerph120303002] [Medline: 25768239]

van deHaar HJ, AlIme MN. Geriatric rehabilitation in the Netherlands and their preparednessfor theincreasein older adults:
a scoping review. Discov Public Health. Jan 13, 2025;22(1):13. [doi: 10.1186/s12982-025-00399-8]

Frowijn T, Vermeer M, Koop R, Schreuder R. USER draagt bij aan voorspelling revalidatieduur GRZ. Tijdschrift voor
Ouderengeneeskunde. 2016:4. [FREE Full text]

Adrados M, Wang K, Deng Y, Bozzo J, Messina T, Stevens A, et a. A Simple Physical Therapy Algorithm Is Successful
in Decreasing Skilled Nursing Facility Length of Stay and Increasing Cost Savings After Hip Fracture With No Increase
in Adverse Events. Geriatr Orthop Surg Rehabil. 2021;12:2151459321998615. [FREE Full text] [doi:
10.1177/2151459321998615] [Medline: 33815865]

Richards T, Glendenning A, Benson D, Alexander S, Thati S. The independent patient factors that affect length of stay
following hip fractures. Ann R Coll Surg Engl. Sep 2018;100(7):556-562. [ FREE Full text] [doi: 10.1308/rcsann.2018.0068]
[Medline: 29692191]

Ireland AW, Kelly PJ, Cumming RG. Total hospital stay for hip fracture: measuring the variations due to pre-fracture
residence, rehabilitation, complications and comorbidities. BMC Health Serv Res. Jan 22, 2015;15(1):17. [FREE Full text]
[doi: 10.1186/s12913-015-0697-3] [Medline: 25609030]

Thornburgh Z, Samuel D. Factors Influencing Length of Stay and Discharge Destination of Patients with Hip Fracture
Rehahilitating in a Private Care Setting. Geriatrics (Basel). Mar 31, 2022;7(2):44. [EREE Full text] [doi:
10.3390/geriatrics7020044] [Medline: 35447847]

Daly N, Fortin C, Jaglal S, MacDonald SL. Predictors of Exceeding Target Inpatient Rehabilitation Length of Stay After
Hip Fracture. Am J Phys Med Rehabil. 2020;99(7):630-635. [doi: 10.1097/phm.0000000000001386]

Faut L, van Schieveen C, Schalk BWM. Met een heupfractuur op de Geriatrische Revalidatie: Factoren gerelateerd aan
een kortere opnameduur. Tijdschrift voor Ouderengeneeskunde. 2021:5. [FREE Full text]

Orwig D, Hochberg MC, Gruber-Baldini AL, Resnick B, Miller RR, Hicks GE, et al. Examining Differences in Recovery
Outcomes between Male and Female Hip Fracture Patients: Design and Baseline Results of a Prospective Cohort Study
from the Baltimore Hip Studies. JFrailty Aging. 2018;7(3):162-169. [FREE Full text] [doi: 10.14283/jfa.2018.15] [Medline:
30095146]

ZhuY, XuBYX, Low SG, Low LL. Association of Social Support with Rehabilitation Outcome among Older Adultswith
Hip Fracture Surgery: A Prospective Cohort Study at Post-Acute Care Facility in Asia. JAm Med Dir Assoc. Oct
2023;24(10):1490-1496. [FREE Full text] [doi: 10.1016/].jamda.2023.03.034] [Medline: 37156471]

Zhang N, Zhang D, Ren S, Gao Y, Sun W, Yang S. Relationship between preoperative hemoglobin levels and length of
stay in elderly patientswith hip fractures: A retrospective cohort study. Medicine (Baltimore). Jun 21, 2024;103(25):e38518.
[FREE Full text] [doi: 10.1097/M D.0000000000038518] [Medline: 38905374]

Millrose M, Schmidt W, Krickl J, Ittermann T, Ruether J, Bail HJ, et a. Influence of Malnutrition on Outcome after Hip
Fracturesin Older Patients. J Pers Med. Jan 03, 2023;13(1):109. [FREE Full text] [doi: 10.3390/jpm13010109] [Medline:
36675770]

Clement ND, Farrow L, Chen B, Duffy A, Murthy K, Duckworth AD. Delayed admission of patientswith hip fracture from
the emergency department is associated with an increased mortality risk and increased length of hospital stay. Emerg Med
J. Oct 23, 2024;41(11):654-659. [doi: 10.1136/emermed-2023-213085] [Medline: 39379165]

Ek S, Meyer AC, Hedstrom M, Modig K. Hospital Length of Stay After Hip Fracture and It's Association With 4-Month
Mortality-Exploring the Role of Patient Characteristics. J Gerontol A Biol Sci Med Sci. Jul 05, 2022;77(7):1472-1477.
[FREE Full text] [doi: 10.1093/gerona/glab302] [Medline: 34622920]

van Dijk-Huisman HC, Bijnens W, Senden R, Essers IMN, Meéijer K, Aarts J, et al. Optimization and Validation of a
Classification Algorithm for Assessment of Physical Activity in Hospitalized Patients. Sensors (Basel). Feb 27,
2021;21(5):1652. [FREE Full text] [doi: 10.3390/s21051652] [Medline: 33673447]

Ponce-Bobadilla AV, Schmitt V, Maier CS, Mensing S, Stodtmann S. Practical guide to SHAP analysis: Explaining
supervised machine learning model predictionsin drug development. Clin Trang Sci. Nov 2024;17(11):e70056. [doi:
10.1111/cts.70056] [Medline: 39463176]

Mashimo S, Kubota J, Sato H, Saito A, Gilmour S, Kitamura N. The impact of early mobility on functional recovery after
hip fracture surgery. Disabil Rehabil. Dec 2023;45(26):4388-4393. [doi: 10.1080/09638288.2022.2151652] [Medline:
36448297]

Shimizu T, Kanai C, Asakawa Y. Relationship between independence in activities of daily living at discharge and physical
activity at admission of older postoperative hip fracture rehabilitation inpatients: A retrospective case-control study.
Physiother Res Int. Jan 2024;29(1):e2070. [doi: 10.1002/pri.2070] [Medline: 38284469]

https://rehab.jmir.org/2026/1/€79331 JMIR Rehabil Assist Technol 2026 | vol. 13 | €79331 | p. 15

(page number not for citation purposes)


https://bmcgeriatr.biomedcentral.com/articles/10.1186/s12877-023-04054-2
http://dx.doi.org/10.1186/s12877-023-04054-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37328743&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph120303002
https://www.mdpi.com/resolver?pii=ijerph120303002
http://dx.doi.org/10.3390/ijerph120303002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25768239&dopt=Abstract
http://dx.doi.org/10.1186/s12982-025-00399-8
https://www.verenso.nl/tijdschrift-voor-ouderengeneeskunde/tijdschrift-2016-no-4-augustus/wetenschap/user-draagt-bij-aan-voorspelling-revalidatieduur-grz
https://journals.sagepub.com/doi/10.1177/2151459321998615?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/2151459321998615
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33815865&dopt=Abstract
https://europepmc.org/abstract/MED/29692191
http://dx.doi.org/10.1308/rcsann.2018.0068
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29692191&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-015-0697-3
http://dx.doi.org/10.1186/s12913-015-0697-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25609030&dopt=Abstract
https://www.mdpi.com/resolver?pii=geriatrics7020044
http://dx.doi.org/10.3390/geriatrics7020044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35447847&dopt=Abstract
http://dx.doi.org/10.1097/phm.0000000000001386
https://oud.verenso.nl/magazine-november-2021/no-5-november-2021/wetenschap/met-een-heupfractuur-op-de-geriatrische-revalidatie
https://europepmc.org/abstract/MED/30095146
http://dx.doi.org/10.14283/jfa.2018.15
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30095146&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1525-8610(23)00326-2
http://dx.doi.org/10.1016/j.jamda.2023.03.034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37156471&dopt=Abstract
https://europepmc.org/abstract/MED/38905374
http://dx.doi.org/10.1097/MD.0000000000038518
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38905374&dopt=Abstract
https://www.mdpi.com/resolver?pii=jpm13010109
http://dx.doi.org/10.3390/jpm13010109
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36675770&dopt=Abstract
http://dx.doi.org/10.1136/emermed-2023-213085
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39379165&dopt=Abstract
https://europepmc.org/abstract/MED/34622920
http://dx.doi.org/10.1093/gerona/glab302
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34622920&dopt=Abstract
https://www.mdpi.com/resolver?pii=s21051652
http://dx.doi.org/10.3390/s21051652
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33673447&dopt=Abstract
http://dx.doi.org/10.1111/cts.70056
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39463176&dopt=Abstract
http://dx.doi.org/10.1080/09638288.2022.2151652
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36448297&dopt=Abstract
http://dx.doi.org/10.1002/pri.2070
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38284469&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIRREHABILITATION AND ASSISTIVE TECHNOLOGIES Krakers et a

36. Graham ZA, Lavin KM, O'Bryan SM, Thalacker-Mercer AE, Buford TW, Ford KM, et al. Mechanisms of exerciseasa
preventative measure to muscle wasting. Am J Physiol Cell Physiol. Jul 01, 2021;321(1):C40-C57. [EREE Full text] [doi:
10.1152/ajpcell.00056.2021] [Medline: 33950699]

37. Creditor MC. Hazards of hospitalization of the elderly. Ann Intern Med. Feb 01, 1993;118(3):219-223. [doi:
10.7326/0003-4819-118-3-199302010-00011] [Medline: 8417639]

Abbreviations

AMTS: Abbreviated Mental Test Score

ASA: American Society of Anesthesiologists physical status classification
AUC: areaunder the curve

CCI: Charlson Comorbidity Index

EoDT: Ensemble of decision trees

ER: emergency room

FAC: functional ambulation categories

Katz-ADL6: Katz Index of Independencein Activities of Daily Living-6
ML: machinelearning

MoCA: Montreal Cognitive Assessment

NB: naive Bayes

NN: neural network

PFMS: Prefracture Mobility Score

PC: principa component

SHAP: Shapley Additive Interpretation

SVM: support vector machine

ZGT: Ziekenhuisgroep Twente

Edited by S Munce; submitted 19.Jun.2025; peer-reviewed by M Santos, H Namba; comments to author 19.Nov.2025; accepted
13.Jan.2026; published 23.Febh.2026

Please cite as:

Krakers SM, Wouda FJ, van Dartel D, Vollenbroek-Hutten MMR, Hegeman JH, Up& Go After a Hip Fracture Group

Predicting Geriatric Rehabilitation Stays of <4 Weeks After Hip Fracture Surgery: Machine Learning Approach Using Physical
Activity and Patient Data

JMIR Rehabil Assist Technol 2026;13:€79331

URL: https://rehab.jmir.org/2026/1/e79331

doi: 10.2196/79331

PMID:

©Sanne M Krakers, Frank JWouda, Dieuwke van Dartel, Miriam MR Vollenbroek-Hutten, Johannes H Hegeman, Up& Go After
aHip Fracture Group. Originally published in IMIR Rehabilitation and Assistive Technology (https://rehab.jmir.org), 23.Feb.2026.
This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR Rehabilitation and Assistive Technology, is properly cited. The complete
bibliographic information, a link to the origina publication on https://rehab.jmir.org/, as well as this copyright and license
information must be included.

https://rehab.jmir.org/2026/1/€79331 JMIR Rehabil Assist Technol 2026 | vol. 13 | €79331 | p. 16
(page number not for citation purposes)

RenderX


https://journals.physiology.org/doi/10.1152/ajpcell.00056.2021?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1152/ajpcell.00056.2021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33950699&dopt=Abstract
http://dx.doi.org/10.7326/0003-4819-118-3-199302010-00011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8417639&dopt=Abstract
https://rehab.jmir.org/2026/1/e79331
http://dx.doi.org/10.2196/79331
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

