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Introduction

Older adults represent one of the most vulnerable groups 
of patients in acute care hospitals [1]. The hospitalization 
process can lead to the development of functional or cogni-
tive impairments, referred to as hospital associated decline 
(HAD). Older patients admitted to hospitals today exhibit 
distinct heath profiles in comparison to the past. Due to the 
changes in population demographics in the last few decades, 
an increasing number are presenting with more co-morbid-
ities including physical and cognitive frailty, and polyphar-
macy [2]. In addition, acute care health systems, still mainly 
operate a single disease model that are poorly adapted to 
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Abstract
Purpose  The aim of this study is to explore the feasibility of using machine learning approaches to objectively differentiate 
the mobilization patterns, measured via accelerometer sensors, of patients pre- and post-intervention.
Methods  The intervention tested the implementation of a Frailty Care Bundle to improve mobilization, nutrition and cogni-
tion in older orthopedic patients. The study recruited 120 participants, a sub-group analysis was undertaken on 113 patients 
with accelerometer data (57 pre-intervention and 56 post-intervention), the median age was 78 years and the majority were 
female. Physical activity data from an ankle-worn accelerometer (StepWatch 4) was collected for each patient during their 
hospital stay. These data contained daily aggregated gait variables. Data preprocessing included the standardization of step 
counts and feature computation. Subsequently, a binary classification model was trained. A systematic hyperparameter opti-
mization approach was applied, and feature selection was performed. Two classifier models, logistic regression and Random 
Forest, were investigated and Shapley values were used to explain model predictions.
Results  The Random Forest classifier demonstrated an average balanced accuracy of 82.3% (± 1.7%) during training and 
74.7% (± 8.2%) for the test set. In comparison, the logistic regression classifier achieved a training accuracy of 79.7% 
(± 1.9%) and a test accuracy of 77.6% (± 5.5%). The logistic regression model demonstrated less overfitting compared to the 
Random Forest model and better performance on the hold-out test set. Stride length was consistently chosen as a key feature 
in all iterations for both models, along with features related to stride velocity, gait speed, and Lyapunov exponent, indicating 
their significance in the classification.
Conclusion  The best performing classifier was able to distinguish between patients pre- and post-intervention with greater 
than 75% accuracy. The intervention showed a correlation with higher gait speed and reduced stride length. However, the 
question of whether these alterations are part of an adaptive process that leads to improved outcomes over time remains.

Keywords  Nursing · Older people · Mobilization · Hospital Associated decline · Functional decline · Accelerometry · 
Machine learning
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meet the more complex needs of this growing patient popu-
lation [3]. Thus, older adults are at a higher risk of HAD and 
other adverse events leading to extended hospital stays [4].

HAD refers to the development of new functional or 
cognitive deficits during hospitalization that were not pres-
ent upon admission [5]. The main effects of HAD include 
reduced mobility and loss of independence in daily activi-
ties [6]. The prevalence of HAD in older hospitalized 
patients ranges from 33 to 40%, and it can persist for sev-
eral months after discharge [6]. Several factors contribute to 
HAD, including the adoption of traditional disease-focused 
care models, a lack of emphasis on fundamental care, and 
inadequate attention to early mobilization [5]. Adverse 
outcomes related to HAD include functional decline, falls, 
delirium, pressure ulcers, delayed discharge, re-admissions, 
and transitioning to institutionalized care [5].

Efforts to address HAD include ward-based interven-
tions that aim to prioritize fundamental care activities such 
as early and consistent mobilization, optimizing nutrition 
intake (particularly protein), and preserving cognitive func-
tion through cognitive orientation and stimulation. How-
ever, very few interventions have taken all three aspects into 
consideration [7–9].

As part of the efforts to tackle HAD, the Frailty Care 
Bundle (FCB) project developed an innovative intervention 
combining evidence-based approaches for early mobiliza-
tion, improved nutrition, and enhanced cognitive engage-
ment; with the overall goal of creating a comprehensive care 
package to prevent the decline of older patients’ physical 
function during their hospital stay [10]. The study inter-
vention and outcomes are more fully described elsewhere 
[11], but briefly, despite COVID-19 restrictions, the FCB 
demonstrated a non-significant increase in the probability 
of patients returning to their pre-injury functional capabil-
ity, measured using the modified Barthel Index (mBI), in 
the post-intervention group (odds ratio 2.29, 95% confi-
dence intervals 0.98–5.63) compared to those in the pre-
intervention group. One of the primary study objectives was 
to increase patients’ mobilization during hospitalization, 
which was measured using off-the-shelf accelerometers. 
This data indicated an average 11% increase in-hospital 
patient step count in the FCB post-intervention group [11].

The adoption of wearable sensors in estimating physical 
activity in patients in acute care settings is not a new develop-
ment. For instance, several studies adopted accelerometers 
to evaluate independent physical activity (in the majority 
of cases, in terms of step counts or time spent walking) in 
hospitalized subjects following cardiac surgery [12, 13], in 
intensive care units [14], or rehabilitation wards [11, 15–17]. 
However, those studies did not consider machine learning as 
a tool for discriminating between pre- and post-intervention 
patients. Machine learning is currently widely employed as 

a tool for the recognition of hidden patterns in data, with a 
substantial body of research focusing on its application in 
healthcare datasets involving wearable accelerometry data 
[18–20]. Among the referenced studies [12–15], only Half-
werk et al. [12] implemented an artificial neural network in 
their work. However, their focus was on classifying various 
patient activities (e.g., lying in bed, sitting in a chair, stand-
ing, walking, cycling on an exercise bike, and walking the 
stairs) rather than assessing the potential impact and effects 
of an intervention on patient outcomes.

The primary aim of this present study is to explore the 
feasibility of using machine learning approaches to objec-
tively differentiate the mobilization patterns, measured via 
accelerometer sensors, of patients pre- and post-interven-
tion. This investigation seeks to more fully understand the 
potential positive impacts of the intervention on patients’ 
mobilization as an intermediary step in preserving or regain-
ing patients’ functional capability as measured by the modi-
fied Barthel Index. To the best of the authors’ knowledge, 
this is the first application of machine learning to acceler-
ometry data collected in the context of HAD.

Methods

Frailty Care Bundle (FCB) intervention

The Frailty Care Bundle (FCB) intervention aimed to reduce 
risk of HAD by implementing evidence-based practices to 
promote mobilization, nutrition and cognitive engagement 
[11]. The FCB intervention study was undertaken with 
patients requiring surgical intervention following orthopae-
dic trauma and who were managed on two acute care surgi-
cal wards and two orthopaedic rehabilitation wards during 
their recovery. The study employed a two-group pre-post 
intervention design.

The FCB principles were tailored to each ward based on 
a detailed ward situational analysis and input from the nurs-
ing, multidisciplinary teams (MDT) and local implementa-
tion group. The FCB principles included [11]:

Early & consistent mobilization

	● Mobilization assessment by physiotherapist within 24 h 
of surgery or transfer to rehabilitation.

	● Individualised Patient Mobility goal setting (aim for 
minimum of three times a day aligned to baseline 
function).

	● Provision of mobilization assistance (as appropriate) 
and supervision by nursing team (in addition to sched-
uled physiotherapy).
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Enhanced nutrition

	● Increase supervision and assistance at mealtimes.
	● Reduce disruption at mealtimes.
	● Nutrition screening and weekly re-appraisal.
	● Increase availability of high protein and calorie food 

(e.g. enhanced drinks round and protein snacks).

Cognitive engagement

	● Increase cognitive engagement activities among patients 
(talking, on-line games, reading, listening to radio).

	● Improvement in environment layout to promote orienta-
tion and patient mobilization.

The study received ethical approval from the Clinical 
Research Ethics Committee of the Cork Teaching Hos-
pitals (Ref ECM 4 (d) 10/09/2019) and the study proto-
col was registered with ISRCTN https://doi.org/10.1186/
ISRCTN15145850). The FCB intervention was regarded 
as best clinical practice and thus all patients were eligible 
to receive the intervention without the need for written 
consent; however, all participants recruited as part of the 
evaluation of the FCB provided written informed consent 
for data collection to measure the effect of the intervention 
on patient outcomes.

The therapeutic goal of orthopaedic trauma care is to 
restore patient mobilization and baseline functional capa-
bility, thus the priority for change was to increase patients’ 
opportunity to mobilize through the assistance of the nurs-
ing team, in addition to patients’ scheduled physiotherapy 
[11]. Across the four wards, observation data at baseline, 
identified low levels of patient mobilization and prolonged 
sedentary periods during the day, for example on average, 
83% of patients were sitting out of bed (minimum 71% to 
maximum 93%), the median time spent walking was 8% 
(min 5%, max 16%) compared to time sitting in a chair was 
44% (min 43%, max 62%) [11]. Observation data on nutri-
tion intake, suggested that in 56% (min 45%, max 68%) of 
meals provided, less than half the meal was eaten, while 
27% of patients (15–34%) were identified as cognitively 
vulnerable (confused on admission) or had a diagnosis of 
dementia.

The intervention entailed a clinical facilitator work-
ing with clinical teams and using plan-do-study-act 
(PDSA) cycles, to implement strategies to increase patient 
mobilization. Strategies included patient mobility goal 
setting and improved information exchange between nurs-
ing, physiotherapy, and medical teams. Using either an 

individual patient mobilization sheet or mobility (white) 
board, patients’ mobility capability (level of assistance and 
equipment required) and daily mobility goal (e.g. walk 
10 m, three times a day) was made visible to patients and 
the bedside nurse with the expectation that nurse assisted 
mobilization would increase [11]. To determine the efficacy 
of this approach in improving outcomes for older patients 
and to gain a deeper understanding of its mechanisms, it 
is necessary to assess it through the analysis of objective 
measures.

Daily step counts and other gait parameters were col-
lected, using a shank-worn off-the-shelf accelerometer 
(StepWatch 4; https://modushealth.com/), to be used as a 
proxy measure for patient functional capability and in-hos-
pital mobilization.

The intervention also involved nutrition changes to 
increase the opportunities for food intake through the provi-
sion of enhanced snack/hydration rounds to include protein 
snacks combined with re-emphasising assisted and pro-
tected mealtime principles. Cognitive engagement changes 
were introduced on the rehabilitation site including the pro-
vision of patient activity packs, and environmental changes 
to improve orientation, while delirium screening was a 
priority on the acute care wards [11]. In this paper, we are 
interested in the patient mobilization aspect of the interven-
tion, the details on nutrition and cognition are reported else-
where [11].

Patient selection

The initial sample size target was n = 180, consisting of 90 
patients in the pre-intervention group and 90 patients in the 
post-intervention group, giving 80% power to detect a sig-
nificant difference [10, 11]. The original intention was to 
include medical and surgical population, but due to disrup-
tion from COVID-19, it was not possible to complete the 
project on the medical wards. In this paper we have focused 
on the surgical population only. The intervention was deliv-
ered across two hospitals and four wards, providing care 
for orthopedic trauma patients on two surgical orthopedic 
wards and two orthopedic rehabilitation wards. Inclusion 
criteria encompassed patients who were aged 60 years or 
older, medically stable, capable of sitting out of bed within 
72 h of admission, and eligible for mobilization by nursing 
staff based on physiotherapy assessment. Moreover, prior to 
admission, individuals needed to be mobile, defined as being 
able to walk across a medium-sized room (approximately 
3–4 m) with or without use of a walking aid. Furthermore, 
written informed consent was necessary for participation, 
which meant participants did not have significant cognitive 
impairment or delirium, as measured by the 4-AT test or 
documented in their medical notes. Study exclusion criteria 
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patterns in the data sequences. Non-linear dynamics mea-
sures have been widely adopted in human movement and 
gait analysis in order to quantify stability or complexity of 
movement and have been especially adopted with acceler-
ometer systems [25–27]. For instance, Lyapunov exponents 
have a long history of being used as an assessment of walk-
ing stability and personal locomotive ability when applied 
on accelerometry [28]. In this analysis, the Lyapunov expo-
nents estimated through the algorithm of Rosenstein et al. 
[29] and Eckmann et al. [30] were used. Likewise, entropy 
measures (such as sample entropy) measure the complexity 
of a time-series and offer an alternative method for apprais-
ing side-to-side dissimilarities in limb activity between sides 
[31]. Often employed to assess physiological parameters, 
entropy analysis has additionally been integrated into gait 
assessment across a range of medical conditions [31]. The 
Hurst exponent is a measure of the “long-term memory” of 
a time series and it can be used to determine the measure by 
which the time series deviates from a random time series. 
Its application to human gait for observation of aging and 
neurodegenerative diseases was shown in [32] and [24] 
was adopted for its implementation. Instead, the Detrended 
Fluctuation Analysis (DFA) [24] measures the Hurst param-
eter H, which is very similar to the Hurst exponent. The 
main difference is that DFA can be used for non-stationary 
processes (e.g., mean and/or variance change over time). 
Finally, the Grassberger-Procaccia algorithm [33] was used 
for estimating the correlation dimension, which is a fractal 
dimension, and it is characteristic of the set of points [34]. 
The mean, median, maximum, minimum, standard devia-
tion, and range of the features and daily variables were cal-
culated for each subject. The only exception was the stride 
length variable, where these statistics were not computed 
since it had a repeated value, resulting in identical values 
for all these features. A complete list of features collected 
for each participant is given in Table  1, which were then 
utilized in a binary classification ML model to determine 
whether the data originated from a subject in the pre- or 
post- intervention group.

Data analysis

The data was randomly split into training and test sets in 
the ratio of 80%/20% such that no data from subjects in the 
training set would appear in the test. Additionally, stratified 
group k-fold cross-validation with k = 5 was carried out 
on the training set using balanced accuracy as the perfor-
mance metric. The model pipeline included feature process-
ing and selection by standardization and according to the 
highest ANOVA F-value scores, respectively. The number 
of selected features was set to 4 to prevent overfitting. The 
partitioning of data into training and test and subsequent 

were: individuals who were unable to mobilize with assis-
tance prior to admission, those who could only be mobi-
lized by a physiotherapist, who could not provide informed 
consent, and patients on an end-of-life or palliative care 
pathway.

Data collection

Data collection included patient demographics and health 
profile such as frailty measured using the clinical frailty 
scale [21] (nine point scale from 1 = Fit to 9 = Severe frailty), 
sarcopenia, measured with the SARC-F tool [22] (five-item 
tool, maximum score of 10 where a higher score indicates 
worse physical function and a score ≥ 4 indicates likely sar-
copenia), the modified Barthel index (measuring ten activi-
ties of daily living on a scale of 0-100, lower scores indicate 
higher levels of physical dependency) [23]. Data were col-
lected at four time points: Time 1, baseline defined as two 
weeks prior to admission/injury, Time 2 on recruitment to 
the study, Time 3 at hospital discharge and Time 4 at 6–8 
weeks following hospital discharge. The main outcome of 
interest was return to pre-injury functional capability [11].

Accelerometer data was collected on participants over 
2–4 consecutive days on recruitment to the study using the 
StepWatch 4 which is validated for low gait speed [17].

Baseline data were collected on participating patients on 
the four wards over 6–8 weeks (control group), the FCB 
as outlined above was implemented on each ward over 6–8 
weeks to embed the changes into ward routines, post inter-
vention participants were recruited (experimental group) 
on these wards over 6–8 weeks. Baseline data began in 
November 2019 and final data collection was completed by 
November 2020.

Feature extraction

Each patient’s accelerometer data consisted of a comma 
separated values (CSV) file containing daily aggregated 
gait variables (Table 1, parameters #1-#17), depending on 
how many days the patient wore the StepWatch 4. Addition-
ally, the binned step counts for each day were provided in 
intervals of 10 s and one minute (Fig. 1, above). Statistical 
features (Table 1) were extracted from the data of each par-
ticipant. Python 3.8.10 was used for this analysis along with 
the Numpy (1.23.1) and Nolds (0.5.2) packages [24]. The 
step counts binned in one-minute-long intervals for each 
day were standardized, averaged using a sliding window 
with a length of 50 samples, and down-sampled to a fixed 
length of 128 data points (Fig. 1, below). Non-linear mea-
sures for dynamical systems (Table 1, #18-#26) including 
entropy measures were calculated from the resulting one-
dimensional time series to capture temporal dynamics and 
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complex models, was performed. An arbitrarily selected 
iteration of each model was chosen for this analysis to show 
the contribution of individual features in the models’ predic-
tions and to gain a better interpretability and understanding 
of the models. SHAP values, thus, provided a framework for 
attributing the contribution of each feature in a prediction to 
the final model output.

Statistical analysis

Categorical variables are described by their counts and 
percentages in each category, while continuous variables 
are presented using their medians and interquartile ranges 
(IQR). Pre versus post differences in patient demographic 
and health profile are obtained for each category and 
reported alongside p-values. A significance level of 0.05 

model training and evaluation phase was repeated for 100 
iterations to obtain a more robust validation of the model 
that is agnostic to the random nature of the split and ensure 
an accurate assessment of its generalizability. The number 
of iterations was chosen by experimental observation as the 
average accuracy was seen to converge. This process was 
performed for both a logistic regression classifier with an 
L2 penalty term and a Random Forest (RF) binary classifier. 
For the Random Forest, the number of trees, the maximum 
tree depth, the minimum number of samples required to 
split an internal node, and the minimum number of samples 
required to be at a leaf node, were set to 100, 2, 20, and 10, 
respectively.

Furthermore, SHAP (SHapley Additive exPlanations) 
analysis [35, 36], a concept from cooperative game theory 
that has been adapted for use in machine learning to pro-
vide a unified way of explaining the predictions made by 

Table 1  Variables from StepWatch 4 included in daily aggregated data CSV file (#1 - #17) and features calculated from 1 min bin CSV file (#18 - 
#26) (the mean, median, maximum, minimum, standard deviation, and range was computed for each)
# Parameter Description
1 Cadence (CADENCE) Steps per minute
2 Steps per day (STEPS_DAY) Total number of steps taken on the leg wearing the StepWatch
3 Minutes active (MINUTES_ACTIVE) Minutes of the day with at least one step
4 Percent time inactive 

(PERCENT_TIME_INACTIVE)
Percent of 24-hour day with no walking

5 Percent time in low activity 
(PERCENT_TIME_IN_LOW_ACTIVITY)

Percent of 24-hour day walking at a low activity cadence
(default is 1–15 steps / minute)

6 Percent time in medium activity 
(PERCENT_TIME_IN_MED_ACTIVITY)

Percent of 24-hour day walking at a medium activity cadence
(default is 16–40 steps / minute)

7 Percent time in high activity
(PERCENT_TIME_IN_HIGH_ACTIVITY)

Percent of 24-hour day walking at a high activity cadence
(default is 41 or greater steps / minute)

8 Stride velocity peak (STRIDE_VELOCITY_PEAK) Peak velocity based on the minute with the most steps
9 Cadence average (CADENCE_AVERAGE) Average cadence based on all minutes with at least 1 step
10 Cadence median (CADENCE_MEDIAN) Median cadence based on all minutes with at least 1 step
11 Stride length (STRIDE_LENGTH) Estimated in clinic through device calibration procedure
12 Max 60 (MAX_60) Average cadence of the most intensive continuous 60 min of the day
13 Max 20 (MAX_20) Average cadence of the most intensive continuous 20 min of the day
14 Max 5 (MAX_5) Average cadence of the most intensive continuous 5 min of the day
15 Max 1 (MAX_1) Highest cadence achieved in the day
16 Peak performance index (PEAK_PERF_INDEX) Average cadence of the most intensive 30 individual minutes in the day
17 Gait speed (GAIT_SPEED) Highest speed (in km/hr ) achieved in the day calculated from 

Max 1 × Stride length
18 Lyapunov exponent [29] Estimate of the largest Lyapunov exponent (LYAP_E)
19 Lyapunov exponent 1 [30] Lyapunov exponents (LYAP_E1, LYAP_E2, LYAP_E3, LYAP_E4)
20 Lyapunov exponent 2 [30]
21 Lyapunov exponent 3 [30]
22 Lyapunov exponent 4 [30]
23 Sample entropy (SAMPLE_ENTROPY) [24] Sample entropy of the data
24 Hurst exponent (HURST_RS) [24] Estimated Hurst exponent using a rescaled range approach
25 Correlation Dimension (CORR_DIM)

[33, 34]
Correlation dimension estimated as the slope of the line fitted to log(r) vs. 
log(C(r)) where the correlation sum C(r) is the fraction of point pairs in the 
phase space with a distance smaller than each specified radius r and the default 
for r is a list of values created by successively multiplying a minimum value 
(0.1 × std)  by a factor of 1.03 until a maximum value (0.5 × std)  is reached

26 Detrended fluctuation analysis (DFA) [24] Estimate alpha for the Hurst parameter
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and those in the larger study [11]. The median age was 78 
years, the majority were female and hip fracture was the 
most frequent injury sustained in the pre and post inter-
vention groups. Participants in the post intervention group 
tended to have more long term conditions and a correspond-
ing higher level of polypharmacy. At baseline there were 
similar scores on the SARC-F, but the clinical frailty scale 
indicated the post intervention group were slightly more 
frail. On enrolment to the study, the mBI indicated the base-
line group had slightly higher dependency level than the 
post intervention group, while at 6–8 weeks follow-up post 
hospital discharge the mBI had improved in both groups.

There were no significant differences between the groups 
in other characteristics, the post intervention group tended 
to have a longer hospital stay (25.5 days) versus the pre-
intervention 21.5 days. Multiple factors, other than readi-
ness for discharge, influence hospital stay, including the 

was used for all comparisons. All analyses were conducted 
using IBM SPSS Statistics 24.

Results

Patient characteristics

In the original study, 120 participants were recruited as part 
of the surgical population (59 pre-intervention and 61 post-
intervention) [11]. The dataset analyzed in this study were 
113 participants for whom complete accelerometry data 
were available (57 pre-intervention and 56 post-interven-
tion). Days with less than 24 h of wear-time and participants 
with less than 1 full day of data were excluded from the 
analysis. Characteristics of the patients included in this sub-
group analysis are shown in Table A1; there were no signifi-
cant differences between this sub-group of 113 participants 

Fig. 1  Example of step counts data collected over a day from a patient (above), and preprocessing and normalization of step count data (below)

 

1 3

  187   Page 6 of 12



Aging Clinical and Experimental Research          (2024) 36:187 

Stride length was consistently chosen as a key feature in 
all iterations for both models, along with features related 
to stride velocity, gait speed, and Lyapunov exponent, indi-
cating their significance in the classification. Overall, the 
performance was deemed satisfactory since the best per-
forming classifier was able to distinguish between patients 
pre- and post-intervention with greater than 75% accuracy. 
This novel approach to analyzing patient mobilization data 
can better illustrate the effect of early mobilization strate-
gies and improve prediction of functional recovery or risk 
of HAD.

Interventions aimed at reducing HAD among older adults 
in acute care settings have shown promising results, includ-
ing a reduction in the risk of declining activities of daily 
living (ADL), nursing home residence, and mortality rates. 
While these outcomes are based on low-quality evidence, 
as summarized by two systematic reviews [8, 37], they hint 
at potential longer-term benefits of such programs, albeit 
with some uncertainties. Similarly, geriatric care models 
such as comprehensive geriatric assessment (CGA), aim to 
provide a tailored and person-centered approach to care that 
combines attention on fundamental care with medical and 
pharmacological management to deliver coordinated and 
integrated care plans. Yet, recent analysis indicates vari-
able and short-term impacts on quality of life, carer burden, 
length of hospital stay, and remaining at home [38]. A prob-
lem with these types of multi-component interventions is it 
can be a ‘black box’ of what works and there is insufficient 
measurement of intervention fidelity (i.e., to what extent 
were the different components of the intervention delivered 
as intended) [39].

Multiple component interventions such as the FCB or 
CGA, require further analysis to understand which interven-
tion components contribute most to the observed outcomes. 
The FCB took a theory-based approach to address specific 
challenges in caring for older patients during hospitalization. 
These challenges primarily involve the consistent prioritiza-
tion of fundamental care aspects like mobility, nutrition, and 
cognition tailored for each ward and team to ensure imple-
mentation over competing demands on nursing resources. 
Remarkably, this study stands as one of the few interven-
tions aiming to simultaneously enhance all three key ele-
ments of HAD [8]. A recent randomized trial, the CHERISH 
study (Collaboration for Hospitalized Elders Reducing the 
Impact of Stays in Hospital) [40], similarly targeted mobi-
lization, nutrition and cognition. The results demonstrated 
a reduction in incident delirium but no impact on length 
of hospital stay or other adverse events. One limitation of 
the CHERISH study is that there was no patient level data 
collected on mobilization, thus there was no indication if 
mobilization strategies were effectively implemented at 
the patient level [40]. In summary, these findings in past 

impact of COVID-19 on community services required to 
support home discharge.

Machine learning model

The average balanced accuracy achieved using a Ran-
dom Forest classifier was 82.3 ± 1.7% for the training and 
74.7 ± 8.2% for the test set with no overlap in subjects 
between the two sets. Similarly, the average balanced accu-
racy achieved using a logistic regression classifier was 
79.7 ± 1.9% (on the training set) and 77.6 ± 5.5% (on the 
final test set). The proximity between the results obtained 
for the training and test sets of the logistic regression model 
shows a lack of overfitting. However, the larger gap for 
the Random Forest model indicates more overfitting and a 
worse performance. The convergence of the model perfor-
mance across the 100 repetitions is shown in Fig. 2 high-
lighting the overall robustness of the models. SHAP values 
obtained for one randomly selected iteration are also shown 
in Fig. 2 for both classifiers. The range of SHAP values for 
the four most commonly selected features chosen by both 
models, e.g., the STRIDE_LENGTH and the maximum 
of STRIDE_VELOCITY_PEAK, GAIT_SPEED, and 
LYAPUNOV_EXPONENT 3 (LYAP_E3), are described in 
Table 2.

For both models, the value of the variable STRIDE_
LENGTH was chosen in 100% of all iterations. Both 
models also selected the maximum and mean of the vari-
ables STRIDE_VELOCITY_PEAK, GAIT_SPEED and 
LYAP_E3 with a frequency as shown in Table 3. The range 
of PERCENT_TIME_IN_MED_ACTIVITY, the median 
of LYAP_E3, and the minimum of HURST_EXPONENT 
(HURST_RS) and DETRENDED_FLUCTUATION_
ANALYSIS (DFA) were also selected, albeit less frequently. 
A visualization of the features selected across the 100 itera-
tions is shown in Fig. 2 (note that features never selected are 
not included in the visualization).

Discussion

This paper explored the feasibility of using machine learning 
approaches to objectively differentiate the mobilization pat-
terns, measured via accelerometer sensors, of patients pre- 
and post-the frailty care bundle intervention. The Random 
Forest classifier demonstrated an average balanced accuracy 
of 82.3% (± 1.7%) during training and 74.7% (± 8.2%) for 
the test set. In comparison, the logistic regression classifier 
achieved a training accuracy of 79.7% (± 1.9%) and a test 
accuracy of 77.6% (± 5.5%). The logistic regression model 
demonstrated less overfitting compared to the Random For-
est model and better performance on the hold-out test set. 
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Fig. 2  Top) Convergence of average accuracy over 100 iterations of random training/test splits (left) and SHAP analysis for one randomly selected 
iteration (right). Bottom) Balanced accuracy and features selected for each iteration. Top: Logistic regression, Bottom: Random Forest
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50% would be expected by random chance. On the test set, 
the average accuracy was comparable to the one obtained 
on the training set, indicating a lack of overfitting; more-
over, there was no overlap in subjects between the train-
ing and test sets, ensuring a fair evaluation of the model’s 
potential performance on unseen data. The Random Forest 
model showed higher overfitting due to the limited amount 
of patients’ data collected in the study and the data-hungry 
nature of the model due to its non-linearity.

In terms of feature importance, the study found that cer-
tain features consistently played a crucial role in both clas-
sifiers. Specifically, the stride length was always selected 
for both classifiers. This suggests that this feature has a 
significant impact on the model’s predictions. Additionally, 
the maximum peak velocity based on the minute with the 
most steps and the highest gait speed achieved in the day 
were consistently selected in both models, indicating sig-
nificant importance in the decision-making process. On the 
other hand, certain features were selected less frequently, 
making them less influential in the models’ predictions. 
Features based on the entropy and other non-linear dynamic 
measures of the binned step counts, and statistical features 
based on step counts were selected less often, indicating that 
patterns directly relating to these measurements were not as 
relevant as initially hypothesized. This may be due to the 
fact that step counts could not provide an overall picture of 
the walking capabilities of the patients and, therefore, raw 
accelerometry data may be more useful for those non-linear 
dynamic measures. We propose that numerous other factors 

literature underscore the importance of tailored interven-
tions and multidisciplinary approaches in mitigating HAD 
among older adults in acute care settings, but there is a need 
to focus on intervention fidelity.

From a clinical and research perspective, we need bet-
ter and real-time data on early indicators of HAD such as 
reduced mobilization. The ability to accurately measure 
and more efficiently analyze mobilization data is essential 
to provide clinical staff (nurses, physiotherapists, and doc-
tors) with usable information to tailor patient care plans and 
intensity of physiotherapy and nursing interventions. The 
machine learning model presented in this paper can help 
push this field of research forward. Despite the large number 
of publications adopting wearable devices in pre- and post-
operative settings [12–17, 41] very limited research has 
been carried out on using machine learning on the data col-
lected in those settings from wearable devices. For instance, 
only Halfwerk et al. [12] adopted machine learning to clas-
sifying various patient activities (e.g., lying in bed, sitting in 
a chair, standing, walking, cycling on an exercise bike, and 
walking the stairs) to quantify in-hospital patient mobiliza-
tion after cardiac surgery using accelerometers. Thus, this 
study highlights further opportunities beyond simple huma 
activity recognition in the adoption of machine learning into 
this field.

The results of the present analysis indicate that a logistic 
regression classifier achieved reasonably high accuracy in 
predicting the outcomes. In the context of this study, ‘rea-
sonably high’ describes the accuracy exceeding 75% where 

Table 2  Range of SHAP values for the four most commonly selected features chosen by the random forest and logistic regression models
Model Feature Name Range (SHAP Values)
Random Forest STRIDE_LENGTH_mean -0.7 to 0.52

STRIDE_VELOCITY_PEAK_max -0.08 to 0.08
GAIT_SPEED_max -0.1 to 0.11
LYAP_E3_max -0.36 to 0.39

Logistic Regression STRIDE_LENGTH -0.74 to 0.41
STRIDE_VELOCITY_PEAK_max -0.33 to 0.3
GAIT_SPEED_max -0.33 to 0.3
LYAP_E3_max -0.4 to 0.46

Table 3  Features chosen by logistic regression and Random Forest models and frequency of selection (% of iterations)
Feature Name Logistic Regression

(% of iterations selected)
Random Forest
(% of iterations selected)

STRIDE_VELOCITY_PEAK_mean 42% 36%
STRIDE_LENGTH_mean 100% 100%
STRIDE_VELOCITY_PEAK_max 57% 60%
GAIT_SPEED_max 57% 60%
PERCENT_TIME_IN_MED_ACTIVITY_range 25% 26%
LYAP_E3_mean 25% 26%
LYAP_E3_median 12% 16%
LYAP_E3_max 46% 48%
HURST_RS_min 17% 14%
DFA_min 17% 14%
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patterns, as obtained via accelerometer sensors, between 
patients in pre- and post-intervention. The study provides 
valuable insights into the factors that influenced the effec-
tiveness of the HAD intervention, which can inform future 
refinement of the frailty care bundle tested in this study. 
Outside of the current study, there are important clinical 
implications for nursing and geriatric care. As mentioned 
previously, the current approaches to measuring patient 
mobilization in clinical settings are inadequate, with the 
incidents of falls or pressure ulcers most frequently reported 
as surrogate markers of mobility [49]. The machine learning 
approach described in this paper offers researchers a means 
of more efficient and accurate measurement of mobilization 
in health care settings and supports the development of more 
useful real-time measure of patient progress and preventive 
risk reduction strategies than waiting for the occurrence of 
adverse events, such as falls or pressure ulcers.

By providing more efficient and accurate measures of 
patient mobilization, these models can support real-time 
assessment of patient progress and facilitate the implemen-
tation of preventive risk reduction strategies. Such advance-
ments in mobility assessment hold significant potential to 
enhance patient care and improve outcomes in acute care 
settings, underscoring the importance of interdisciplinary 
collaboration between nurses, geriatricians, physiotherapist 
and the wider MDT.

It is important to stress some limitations in the data. Even 
though the dataset consisted of 113 subjects, the sample size 
was still relatively small and further analysis with larger 
data collections across different countries are required to 
validate the generalizability of the observed insights. More-
over, even though the accelerometer adopted in this study 
was validated in several publications [17], the device could 
only provide summary statistics of step counts in bins of 
10  s and 1  min instead of the raw accelerometry time-
series signal. It can be assumed that those time-series sig-
nals should contain further information which, if analyzed 
with sufficient computational power, could provide further 
meaningful insights into the problem of objectively differ-
entiating the mobilization patterns via machine learning and 
accelerometer sensors.

Conclusions

This study highlights the vulnerability of older adults in 
acute care settings, where extended hospital stays and asso-
ciated increased risk of functional decline are prevalent. The 
FCB intervention, which emphasizes mobility, in addition to 
nutrition, and cognition, indicated promising results in pre-
serving functional capability. The results demonstrate the 
accuracy of predictive models in objectively differentiating 

can impact walking activity in hospital settings, which is 
supported by the findings of McCullagh et al. in their obser-
vational study on predictors of a shorter length of stay 
among older medical inpatients [42]. Notably, their research 
revealed a greater variability in step-count within individual 
patients than across the entire cohort of 154 subjects. Our 
findings further suggest that the average daily step count in 
and of itself is not a reliable indicator of recovery. How-
ever, it is worth pointing out as well the difference between 
cohorts investigated in [42] (medical patients) and this 
study (surgical population); indeed, gait may be impacted 
by recovery from surgery, with pain and ability to weight 
bear being significant factors on mobility compared to med-
ical patients who have not experienced an acute traumatic 
injury — a nuance that requires careful interpretation by 
nursing and geriatric care teams.

It is important to highlight that stride length is not a met-
ric calculated by the adopted device but was inputted by the 
clinical operators before attaching the device on the patients 
based on a calibration process similar to the one adopted 
in [43] where the average stride length was estimated by 
measuring the travelled distance after 10 steps and dividing 
it by 10. However, there are many studies in literature which 
adopted ankle-worn accelerometers to estimate stride length 
even in geriatric populations [44, 45], thus the automatic 
estimation of this metric may be integrated in future ad-hoc 
wearable solutions.

Based on the SHAP analysis, the intervention effect was 
evident in both models. The model interpreted a higher 
maximum peak velocity and gait speed, and a lower stride 
length, to be significant indicators of a subject post-inter-
vention. There is insufficient information here to state the 
implication of a decreased stride length. A shorter stride 
length has commonly been identified as a significant pre-
dictor of life-threatening clinical events in older adults 
[46], however, it could be associated with rehabilitation or 
recovery in this surgical patient population. A shorter stride 
length may be due to balance concerns by the patients or 
possibly by pain (for example due to tightening of the ten-
dons across hip); however, another randomized controlled 
trial on patients with hip fracture has not shown a similar 
reduction in stride length following surgery [47]. Future 
research should explore the effects on stride length post hip 
fracture considering that researchers have mostly focused 
on gait speed [48].

The results suggest that the intervention had an effect 
on the participants’ gait speed and stride length. This was 
reflected in the predictive models, where certain features 
consistently contributed to the model’s decisions, indicating 
their importance in distinguishing between the two groups. 
The present study successfully developed machine learn-
ing models for the objective classification of mobilization 

1 3

  187   Page 10 of 12



Aging Clinical and Experimental Research          (2024) 36:187 

References

1.	 Smyth B, Marsden P, Donohue F et al (2017) Planning for health: 
Trends and priorities to inform health service planning 2017. Rep 
Health Service Exec

2.	 Walsh B, Wren MA, Lyons S et al (2019) An analysis of the 
effects on Irish hospital care of the supply of care inside and out-
side the hospital. ERSI

3.	 Mickelson Weldingh N, Kirkevold M (2022) What older people 
and their relatives say is important during acute hospitalisation: a 
qualitative study. BMC Health Serv Res 22(1):578

4.	 Lisk R et al (2019) Predictive model of length of stay in hospital 
among older patients. Aging Clin Exp Res 31(7):993–999

5.	 Zisberg A et al (2015) Hospital-associated functional decline: the 
role of hospitalization processes beyond individual risk factors. J 
Am Geriatr Soc 63(1):55–62

6.	 Tasheva P et al (2020) Association between physical activity lev-
els in the hospital setting and hospital-acquired functional decline 
in elderly patients. JAMA Netw Open 3(1):e1920185

7.	 Recio-Saucedo A et al (2018) What impact does nursing care left 
undone have on patient outcomes? Review of the literature. J Clin 
Nurs 27:11–12

8.	 de Foubert M (2021) Systematic review of interventions targeting 
fundamental care to reduce hospital-associated decline in older 
patients. J Adv Nurs 77(12):4661–4678

9.	 Mudge AM, McRae P, Cruickshank M (2015) Eat walk engage: 
an interdisciplinary collaborative model to improve care of hos-
pitalized elders. Am J Med Qual 30(1):5–13

10.	 Naughton C et al (2022) Implementation of the Frailty Care 
Bundle (FCB) to promote mobilization, nutrition and cognitive 
engagement in older people in acute care settings: protocol for an 
implementation science study. HRB Open Res 5(3):1–19

11.	 Naughton C et al (2024) Implementation of a Frailty Care Bundle 
(FCB) targeting mobilization, nutrition, and cognitive engage-
ment to reduce hospital associated decline in older orthopaedic 
trauma patients: pretest-posttest intervention study. J Frailty Sar-
copenia Falls

12.	 Halfwerk FR et al (2021) Objective quantification of in-hospital 
patient mobilization after cardiac surgery using accelerometers: 
Selection, use, and analysis, Sensors, vol. 21, no. 6, p. 1979

13.	 Mungovan SF et al (2016) Effect of physical activity in the first 
five days after cardiac surgery. J Rehabil Med 49(1):71–77

14.	 Siddiqui N et al (2020) Use of accelerometers to measure move-
ment in a rural ICU early mobilization program, A5507–A5507

15.	 Hartley P et al (2018) Using accelerometers to measure physi-
cal activity in older patients admitted to hospital. Curr Gerontol 
Geriatr Res, pp 3280240

16.	 McCullagh R et al (2016) A review of the accuracy and utility of 
motion sensors to measure physical activity of frail, older hospi-
talized patients. J Aging Phys Act 24(3):465–475

17.	 McCullagh R et al (2017) Step-count accuracy of 3 motion sen-
sors for older and frail medical inpatients. Arch Phys Med Reha-
bil 98(2):295–302

18.	 Tedesco S et al (2020) Motion sensors-based machine learn-
ing approach for the identification of anterior cruciate ligament 
gait patterns in on-the-field activities in rugby players. Sensors 
20(11):3029

19.	 Tedesco S et al (2021) Investigation of the analysis of wearable 
data for cancer-specific mortality prediction in older adults, 2021 
43rd Annual International Conference of the IEEE Engineering in 
Medicine & Biology Society (EMBC), Mexico, pp. 1848–1851

20.	 Kelly D et al (2022) Improved screening of fall risk using free-
living based accelerometer data. J Biomed Inform 131:104116

21.	 Rockwood K et al (2005) A global clinical measure of fitness and 
frailty in elderly people. CMAJ 173(5):489–495

the mobilization patterns, measured via accelerometer sen-
sors, of patients pre- and post-intervention, with specific fea-
tures consistently playing a crucial role in decision-making. 
Importantly, the intervention was associated with higher 
gait speed and reduced stride length. However, the ques-
tion of whether these changes signify an adaptive process 
leading to long-term improvements in outcomes remains 
unanswered. The machine learning models developed in 
this study offer valuable insights for future interventions, 
contributing to improved health outcomes for this at-risk 
patient group.

Supplementary Information  The online version contains 
supplementary material available at https://doi.org/10.1007/s40520-
024-02840-5.

Acknowledgements  The authors would like to thank all the patient 
participants and ward staff who took part in this study.

Author contributions  Conceptualization: CN, RMC; Methodology: 
CN, RMC, DS, DD; Software: CC, ST; Validation: CC, ST; Formal 
analysis, investigation and data curation: CC, ST, DD, MDB, BP; Vi-
sualization: CC; Writing - original draft preparation: CC, ST; Writ-
ing - review and editing: all authors; Funding acquisition: CN, BOF; 
Supervision: ST, BO, DS; Project Administration: HC.

Funding  This research was funded by the Health Research Board 
(HRB) and South South-West Hospital (APA-2019-009) under the Ap-
plied Partnership Award. Aspects of this work were supported in part 
by the Science Foundation Ireland which are Co-Funded through the 
European Regional Development Fund under Grant 12/RC/2289-P2-
INSIGHT and Grant 16/RC/3918-CONFIRM. The funders had no role 
in study design, data collection and analysis, decision to publish, or 
preparation of the manuscript.
Open Access funding provided by the IReL Consortium

Data availability  The anonymised data are available in Zenodo at [50].

Declarations

Competing interests  The authors declare no competing interests.

Open Access   This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons licence, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

1 3

Page 11 of 12    187 

https://doi.org/10.1007/s40520-024-02840-5
https://doi.org/10.1007/s40520-024-02840-5
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Aging Clinical and Experimental Research          (2024) 36:187 

burden and length of hospital stay: a systematic review and meta-
analysis of randomised controlled trials. BMC Geriatr 21:377

39.	 Naughton C, Galvin R, McCullagh R, Horgan F (2023) Compre-
hensive geriatric assessment-where are we now, where do we need 
to be in the context of global ageing? Age Ageing 52(11):afad210

40.	 Mudge AM et al (2022) Effect of a Ward-based program on Hos-
pital-Associated complications and length of stay for older inpa-
tients: the Cluster Randomized CHERISH Trial. JAMA Intern 
Med 182(3):274–282

41.	 Ratcliffe AM et al (2021) Patient-centred measurement of recov-
ery from day-case surgery using wrist worn accelerometers: a 
pilot and feasibility study. Anaesthesia 76:785–797

42.	 McCullagh R et al (2016) Walking in hospital is associated with 
a shorter length of stay in older medical inpatients. Physiol Meas 
37(10):1872

43.	 Tedesco S et al (2019) Accuracy of consumer-level and research-
grade activity trackers in ambulatory settings in older adults. 
PLoS ONE 14(5):e0216891

44.	 Beaufils B, Chazal F, Grelet M, Michel B (2019) Robust stride 
detector from ankle-mounted inertial sensors for pedestrian navi-
gation and activity recognition with machine learning approaches. 
Sensors 19:4491

45.	 Rampp A et al (2015) Inertial sensor-based stride parameter cal-
culation from gait sequences in geriatric patients. IEEE Trans 
Biomed Eng 62(4):1089–1097

46.	 Bytyçi I, Henein MY (2021) Stride length predicts adverse clini-
cal events in older adults: a systematic review and meta-analysis. 
J Clin Med 10(12):2670

47.	 Taraldsen K et al (2019) Short and long-term clinical effective-
ness and cost-effectiveness of a late-phase community-based 
balance and gait exercise program following hip fracture. The 
EVA-Hip Randomised Controlled Trial, PLoS ONE, vol 14, no 
11 e0224971

48.	 Taraldsen K et al (2024) Evaluation of mobility recovery after 
hip fracture: a scoping review of randomized controlled studies. 
Osteoporos Int 35(2):203–215

49.	 Hoyer EH et al (2018) Toward a common language for measuring 
patient mobility in the hospital: reliability and construct validity 
of interprofessional mobility measures. Phys Ther 98(2):133–142

50.	 Naughton C (2023) Implementation of Frailty Care Bundle (FCB) 
for older people in acute care settings. https://doi.org/10.5281/
zenodo.7781454. (1.0) [Data set]Zenodo

Publisher’s note  Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

22.	 Malmstrom TK, Morley JE (2013) Frailty and cognition: linking 
two common syndromes in older persons. J Nutritional Health 
Aging 17(9):723–725

23.	 Shah S, Vanclay F, Cooper B (1989) Improving the sensitivity 
of the Barthel Index for stroke rehabilitation. J Clin Epidemiol 
42(8):703–709

24.	 Schölzel C (2019), June 16 Nonlinear measures for dynami-
cal systems (Version 0.5.2). Zenodo. https://doi.org/10.5281/
zenodo.3814723

25.	 Bacco VED, Gage WH (2023) Evaluation of a smartphone 
accelerometer system for measuring nonlinear dynamics during 
treadmill walking: concurrent validity and test-retest reliability. J 
Biomech 151:111527

26.	 Kędziorek J, Błażkiewicz M (2020) Nonlinear measures to 
evaluate upright postural stability: a systematic review. Entropy 
22(12):1357

27.	 Emmerik R et al (2016) Comparing dynamical systems concepts 
and techniques for biomechanical analysis. J Sport Health Sci 
5:1–11

28.	 Ohtaki Y et al (2002) Assessment of walking stability by Lyapu-
nov exponent estimation, Proceedings of the Second Joint 24th 
Annual Conference and the Annual Fall Meeting of the Biomedi-
cal Engineering Society] [Engineering in Medicine and Biology, 
Houston, TX, USA, pp. 2475–2476, vol.3

29.	 Rosenstein MT, Collins JJ, De Luca CJ (1993) A practical method 
for calculating largest Lyapunov exponents from small data sets. 
Physica D 65(1):117–134

30.	 Eckmann JP, Kamphorst SO, Ruelle D, Ciliberto S (1986) Liapu-
nov exponents from time series. Phys Rev A 34(6):4971–4979

31.	 Hurd WJ, Morrow MM, Kaufman KR (2013) Tri-axial acceler-
ometer analysis techniques for evaluating functional use of the 
extremities. J Electromyogr Kinesiol 23(4):924–929

32.	 Zhuang JJ et al (2008) Decrease in Hurst exponent of human gait 
with aging and neurodegenerative diseases. Chin Phys B 17:852

33.	 h t t p : / / w w w . s c h o l a r p e d i a . o r g / a r t i c l e /
Grassberger-Procaccia_algorithm

34.	 https://github.com/notsebastiano/GP_algorithm
35.	 https://shap.readthedocs.io/en/latest/
36.	 Lundberg SM, Lee S-I (2017) A unified approach to interpreting 

model predictions. Adv Neural Inf Process Syst, 30
37.	 Smith TO, Sreekanta A, Walkeden S, Penhale B, Hanson S (2020) 

Interventions for reducing hospital-associated deconditioning: a 
systematic review and meta-analysis. Arch Gerontol Geriatr, 90

38.	 Chen Z, Ding Z, Chen C et al (2021) Effectiveness of comprehen-
sive geriatric assessment intervention on quality of life, caregiver 

1 3

  187   Page 12 of 12

https://doi.org/10.5281/zenodo.7781454
https://doi.org/10.5281/zenodo.7781454
https://doi.org/10.5281/zenodo.3814723
https://doi.org/10.5281/zenodo.3814723
http://www.scholarpedia.org/article/Grassberger-Procaccia_algorithm
http://www.scholarpedia.org/article/Grassberger-Procaccia_algorithm
https://github.com/notsebastiano/GP_algorithm
https://shap.readthedocs.io/en/latest/

	﻿Treatment effect analysis of the Frailty Care Bundle (FCB) in a cohort of patients in acute care settings
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Frailty Care Bundle (FCB) intervention
	﻿Early & consistent mobilization
	﻿Enhanced nutrition
	﻿Cognitive engagement
	﻿Patient selection
	﻿Data collection
	﻿Feature extraction
	﻿Data analysis
	﻿Statistical analysis

	﻿Results
	﻿Patient characteristics
	﻿Machine learning model

	﻿Discussion
	﻿Conclusions
	﻿References


