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ABSTRACT Patients who have undergone hip fracture surgery have the primary goal of recovering their
premorbid level of function across diverse functional domains, including walking ability, balance, cognitive
function, emotional well-being, frailty, and activities of daily living. As the speed and level of recovery
can vary substantially across functional domains and individuals, the varying recovery patterns of different
outcome measures should be considered when designing rehabilitation plans for patients. However, the lack
of knowledge of recovery trajectories and their variations in hip fracture patients impedes such efforts.
In this study, we develop a multivariate time-series clustering algorithm to analyze the recovery patterns
and identify patient groups with similar recovery patterns across multiple functional outcomes. Five distinct
recovery patterns were observed that exhibit varying maximum recovery levels and speeds. These findings
demonstrated the significance of utilizing multiple outcome measures concurrently to assess the patient’s
recovery level. Recovery patterns are identified to exhibit variations across different domains, revealing
contrasting trends between walking ability and cognitive outcomes. Furthermore, we present predictions on
the trajectory of recovery during the post-acute phase solely based on the acute-phase information. This
approach facilitates the early identification of patient groups with an unfavorable prognosis for recovery.

INDEX TERMS Machine learning, patient rehabilitation, pattern clustering, time series analysis.

I. INTRODUCTION
Hip fractures are a major public health problem worldwide
with the annual global incidence expected to increase to
2.6 million by 2025 [1]. Owing to the aging population,
the numbers are expected to rise steeply, and fragile hip
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fractures are known to be a major cause of mortality and
morbidity in the older adult population [2], [3]. A sub-
stantial proportion of patients with fragility hip fractures
undergo surgical intervention. Subsequently, postsurgical
interventions are primarily centered around rehabilitating
patients to swiftly attain stability and pain-free lower
extremities [4]. Surgical treatments, together with post-
surgical rehabilitation, consume amajor portion of healthcare
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time and resources, leading to a significant economic burden
worldwide.

To optimize the management of fragility hip fractures,
a considerable amount of the literature has focused on
rehabilitative endeavors aimed at reinstating older adult
patients to their pre-injury level of function. A review of
studies on functional recovery after hip fractures reported that
maximum functional recovery occurs primarily within the
first six months after the fracture. Notably, only 40–70% of
patients regain their ability to perform activities of daily living
(ADL), and only 40–60% of patients regain their pre-fracture
walking ability [5]. Furthermore, in most older adult patients,
hip fractures severely affect not only physical function, but
also various other areas, including health status, quality
of life, and mental function [6]. In another study, patients
exhibited a gradual reduction in dependence across the
majority of functional domains during the first year following
the fracture. However, the recovery time for depression,
upper limb function, and cognitive function extended up to
approximately four months, while lower extremity function
took up to 12 months to fully recover. Therefore, it can be
inferred that the duration of recovery can vary substantially
depending on the specific functional area [7].
Several studies have been conducted to investigate the

factors that influence post-surgical functional outcomes in
patients with fragility hip fractures, and the following key
factors have been reported: age, pre-fracture functional status,
pre-existing comorbidity, fracture site, type of surgery, delay
in operation, functional level at discharge, malnutrition,
frailty, and cognitive status [8], [9], [10], [11], [12], [13],
[14]. Hence, the speed and level of recovery following a hip
fracture can vary substantially among individuals depending
on their preoperative health status, surgical approach, age,
and pre-fracture functional status. Such individual-level fac-
tors and varying recovery patterns across multiple functional
domains should be considered when designing optimal
rehabilitation treatment plans for patients. At present, the lack
of knowledge about recovery trajectories and their diversities
in patients with hip fractures hinders these endeavors.

Research on recovery after hip fracture surgery has
encountered limitations in adequately capturing these vari-
ations. A majority of previous studies have concentrated
on individual functional outcomes and compared recovery
levels at fixed time points among different patient groups.
In general, recovery patterns were compared by dividing
groups by demographic information such as sex [15], [16],
[17] and age [18], [19], while other studies have categorized
patient groups based on frailty [20], cognition [21] or
ADL [22], which are considered primary outcomes of the
rehabilitation process. There also exists studies that have
placed focus on analyzing the recovery trajectories among
groups that received rehabilitation compared to control
groups [23]. Consequently, the comprehensive understanding
of the overall recovery trajectory remains deficit, as the
analysis of recovery levels at each time point is conducted
independently from each other.

Research has also explored the analysis of recovery
patterns post hip fracture surgery by tracking the temporal
progression of a single metric. These studies typically chose
ADL as the main outcome, creating different groups to
assess variations among them [24], [25]. Some studies
delved into the patterns of mental aspects such as cognition,
emotions, and depression [26], [27], [28], [29]. Nevertheless,
these studies are limited to examining individual functional
outcomes and do not capture the integrated recovery patterns
across multiple outcome measures.

A few studies have examined the recovery trajectory using
a combination of measures. Dakhil et al. [30] identified
four distinct groups for ADL trajectories using instrumental
ADL (iADL) and personal ADL (pADL) with the growth
mixture model. Coló-Emeric et al. [31] compared patient
characteristics by dividing 10 outcome measures at two, six,
and 12months post-operation into low, intermediate, and high
resilience groups using latent class profile analysis (LCPA).
However, while one study grouped subjects individually
without considering multiple indicators simultaneously, the
other study overlooked the recovery level during the acute
rehabilitation period, which is vital for comprehending
maximum recovery potential. Moreover, both studies solely
relied on outcome measures within restricted functional
domains such as ADLs and walking ability.

In addition, existing research predominantly employs a
statistical approach in which models are constructed under
restrictive statistical assumptions (mandating that the entire
distribution should be represented as a sum of multiple
distributions), a condition that might not universally hold
true. In general, statistical methodologies, such as LCPA
when applied to longitudinal datasets, face a disadvantage
in terms of scalability. As the analysis aims to uncover
more intricate patterns by including additional time points
and variables, the number of parameters that need to be
estimated grows exponentially. This increase in parameters
not only makes the model more complex but also demands a
significantly larger sample size for accurate estimation.

To overcome the limitations posed by conventional sta-
tistical methodologies, we aimed to achieve the following:
(1) develop a multivariate time-series clustering algorithm
that comprehensively accounts for the recovery trajectories
of multiple functional outcome measures, (2) identify patient
groups characterized by similar recovery patterns and com-
pute the functional outcome recovery trajectory curves for
each group, and (3) predict future recovery trajectories solely
utilizing the outcomes obtained during the acute-phase.

II. METHOD
The overall research framework is comprised of three steps
which are conducted sequentially as depicted in Fig. 1.
First, missing values from the time points where data were
not collected are adequately filled in to obtain a complete
dataset (A. Data Imputation). Second, utilizing a multivariate
time-series clustering method on the complete dataset, com-
mon patterns of recovery across multiple functional outcomes
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FIGURE 1. Framework of the proposed methodology. (A) Data Imputation: Missing values are adequately filled in using
deep learning based imputation method. (B) Patient Trajectory Clustering: Recovery trajectories of multiple functional
outcomes are concurrently utilized to group patients into similar recovery pattern groups. (C) Prediction of Recovery
Pattern: Using the acute rehabilitation phase information, predictions are made regarding the pattern of the recovery
progression that will be observed in the post-acute phase.

are derived (B. Patient Trajectory Clustering). Finally, exclu-
sively utilizing the acute rehabilitation phase information,
predictions are made on the pattern of recovery progression
in the post-acute phase (C. Prediction of Recovery Pattern).
This study was approved by the Institutional Review Board
of the Korea University Hospital (IRB No. 2022AN0259).

A. DATA DESCRIPTION
Data was collected from a previous fragility fracture inte-
grated rehabilitation management (FIRM) study [32]. FIRM
is a 10-day comprehensive rehabilitation program designed
for patients undergoing hip fracture surgery. Every patient
participated in a total of 10 physical therapy sessions twice
a day, with each session lasting for 60 minutes, and also
engaged in four occupational therapy sessions [33]. This
study included 211 patients who underwent surgery for
fragility hip fractures and were subsequently admitted to the
Department of Rehabilitation Medicine between February
2017 and February 2019 at three different locations, including
Seoul National University Bundang Hospital, Chung-Ang
University Hospital, and Jeju National University Hospital.
The patient selection criteria were as follows: (1) age 65 years
or older, (2) experienced an acute unilateral hip joint fracture
(femoral neck, intertrochanteric, or subtrochanteric), and
(3) successful hip joint surgery (reduction and fixation,
bipolar hemiarthroplasty, or total hip arthroplasty). Patients
who underwent surgery for reasons unrelated to hip joint
fractures, such as osteoarthritis, hip joint infection, and
avascular necrosis; or patients with other fractures unrelated
to acute unilateral hip joint fractures, such as femoral
shaft fractures, patellar fractures, isolated fractures of the
greater trochanter, pathological fractures caused by tumors,

or complex multiple fractures; patients who had a history
of neurodegenerative diseases or unstable cardiopulmonary
conditions; patients who underwent revision surgery; patients
with severe cognitive impairment; and patients who refused
to participate in the clinical trials, were excluded.

The following demographic data were collected on admis-
sion to the rehabilitation department: age, sex, fracture
location and laterality, surgical type, and underlying dis-
eases. Functional outcomes were measured at five different
predetermined stages of patient care: postoperative days
(POD) at one week (1 W), three weeks (3 W), three
months (3 M), six months (6 M), and 12 months (12 M).
Functional outcome measurements consisted of both clinical
outcome assessments (COA) and patient reported out-
come measures(PROMs), including walking ability (Koval
walking ability scores, Functional independence Measure-
locomotion, Functional Ambulatory Category, Modified
Rivermead mobility index, Berg balance scale), activities of
daily living(Korean version of the modified Barthel index,
Korean version of the Instrumental ADL), cognition(Korean
version of the MiniMental State Examination), emotion
(Korean version of the Geriatric Depression Scale), quality of
life (Euro Quality of Life Questionnaire 5-dimension Index
Score), and frailty (Korean version of the FRAIL scale).
Detailed information on the outcome measures is presented
in Table 1.
In general, when patients were admitted to or visited

the hospital, all functional outcomes listed in Table 1 were
measured. If a patient did not visit the hospital during
the assessment period, only the outcomes that could be
confirmed via telephone (KOVAL, FAC, EQ5D, K-IADL,
and K-FRAIL) were collected. In addition, missing values
arose during the data collection period due to reasons such as
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TABLE 1. Description of functional outcome measurements where ↗

indicates a higher score representing better outcome and ↘ indicates
lower score representing better outcome. Abbreviations: ADL: Activities
of Daily Living, QoL: Quality of Life, KOVAL: Koval Walking Ability Scores;
FIM-locomotion: Functional Independence Measure-Locomotion; FAC:
Functional Ambulatory Category; MRMI: Modified Rivermead mobility
index; BBS: Berg balance scale; K-MMSE: Korean version of the
MiniMental State Examination; K-GDS: Korean version of the Geriatric
Depression Scale; EQ-5D: Euro Quality of Life Questionnaire 5-dimension
Index Score; K-MBI: Korean version of the modified Barthel index;
K-IADL: Korean version of the Instrumental ADL; K-FRAIL: Korean
version of the FRAIL scale.

cohort dropout, death, or the conclusion of the study period.
Since the purpose of this study is to analyze the recovery
trajectory of functional outcomes, patients who did not visit
the hospital more than twice to measure the outcomes or who
did not confirm the outcomes via telephone are excluded.
Thus, out of the 211 patient records, data from 132 patients
are ultimately selected for analysis.

B. MISSING DATA IMPUTATION
To analyze the recovery trajectories of various functional
outcomes for the 132 patients, it was imperative to address
the missing values effectively as an initial step. The dataset
contained a total of 20.6% missing values where outcome
measures exhibited varying missing rates depending on
whether they could be collected remotely or not. Outcome
measures that could be collected via telephone (KOVAL,
FAC, EQ5D, K-IADL, K-FRAIL) showed lower missing
rate of about 7% while those that required patient visit to
the hospital showed higher missing rate of around 30%.
Hence, to make use of the outcome measures exhibiting low
missingness as much as possible, imputation method that
exploits the relationship between multiple time-series dataset
is selected to fill in the missing values. Specifically, we used
the multidirectional Recurrent Neural Networks (M-RNN)
[45] algorithm, which is known to be highly effective in
handling missing values in multivariate time-series setting.
M-RNN is based on a deep learning architecture that exploits
a combination of Bidirectional Recurrent Neural Networks
(Bi-RNN) and Fully Connected Neural Networks (FCNN).

The multivariate time-series dataset used in this study
has two unique characteristics. First, as is common with
time-series data, each functional outcome measurement
displays temporal correlation across consecutive time steps.
In other words, the value of a functional outcome at a
particular time point is influenced by the value of the same
functional outcome at another time point. Second, there
exists a correlation between different functional outcome
measurements taken at the same time point. This is an
interesting property that commonly exists in longitudinal
health datasets, where changes in various clinical outcome
measurements are tracked over time. Different clinical
outcomes measured at the same time point may be related
because all clinical outcomes are dependent on the patient’s
underlying health status at that time. The M-RNN addresses
these characteristics by considering the correlations within
and across outcome measures. Fig. 2 shows that M-RNN first
employs Bi-RNN to interpolate the missing value of each
outcome measure across time, and then employs FCNN to
impute missing values across multiple outcome measures for
the same time point. Hence, while traditional data processing
methods typically consider either interpolation or imputation,
the M-RNN considers both interpolation and imputation
methods to address missing values. Additionally, because the
intervals between patient visits were consistently measured
for all patients, these periods were incorporated into the
Bi-RNN part of the M-RNN by assigning weights during
the training process, thus enabling effective missing-value
interpolation.

C. RECOVERY PATTERN CLUSTERING ACROSS MULTIPLE
OUTCOME MEASURES
Recovery patterns of fragility hip fracture encompass
multiple domains, including physical health, cognition,
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FIGURE 2. Structure of M-RNN algorithm. A bidirectional recurrent neural
network interpolates missing values by considering temporal correlations
within outcome measures, followed by a fully connected neural network
that performs imputation considering correlations across outcome
measures.

psychosocial health, and multidimensional outcomes, such as
health-related quality of life. For this, we develop a multivari-
ate time-series clustering algorithm to identify patient groups
with similar recovery patterns. Specifically, we employed
a distance-based clustering approach that quantifies the
distance between each pair of time-series data points. This
methodology clusters patients with comparable time-series
data points, signifying that the recovery trajectories of distinct
outcome measures exhibit similar patterns.

1) K-MEDOIDS CLUSTERING
K-medoids is a distance-based clustering method that is
similar to the commonly used k-means algorithm. Both
methods categorize the dataset into groups and attempt to
minimize the distance between points in a cluster and a
point that is designated as the ‘‘center’’ of that cluster. While
k-means sets the cluster ‘‘center’’ as the mean value of
the points within the cluster, k-medoids select the ‘‘center’’
from the actual data points within the cluster. Consequently,
k-medoids exhibit a higher level of robustness because they
are less affected by outliers, since it utilizes representative
points within the cluster. This approach ensures that noise
data or outliers exert minimal influence while assessing
distances or similarities between clusters. Furthermore,
k-medoids offer the advantage of accommodating alternative
distance measures or similarity assessment methods beyond
the traditional Euclidean distance, as the distances between
the centers and points within the cluster are pre-computed.
Among the various available distance measures, one can
leverage the dynamic time warping (DTW) algorithm, which
is specifically designed for pattern matching within time-
series data.

2) MIXED MULTIVARIATE-DYNAMIC TIME WARPING
(MM-DTW)
Dynamic Time Warping is an algorithm that compares the
similarity between two time-series datasets with different
speeds. In contrast to the Euclidean distance, DTW allows
many-to-one comparisons between two time-series datasets
to create the best possible alignment, exploiting temporal
distortions between them. This facilitates the computation
of similarity between two recovery trajectories that exhibit
overall similarity in the recovery pattern but may possess

a slight temporal shift. As a result, the approach remains
insensitive to temporal shifts. Adopting DTW for recovery
patternmatching presents the capability of identifying similar
patterns of recovery while accounting for small differences in
speed owing to individual characteristics.

Algorithm 1MM-DTW

Input: X =
[
xl,i

]
L×m and Y =

[
yl,j

]
L×n are the

multivariate time-series data of sample X and Y consisting
of L variables and having sequence length of m and n,
respectively.
Output: MM-DTW(X ,Y )
Calculate pairwise-correlation for all L variables and
construct correlation matrix

[
ρi,j

]
L×L where i, j =

1, · · · ,L.

Convert correlation matrix to distance matrix Md =[
mi,j

]
L×L where mi,j = 1 − ρ2

i,j ∀ i, j = 1, · · · ,L.
Create K variable subsets Sk using k-medoids on matrix
Md .
for k = 1 to K do
Xk =

[
xp,i

]
p∈Sk

,Yk =
[
yp,i

]
p∈Sk

∀ k = 1, · · · ,K
Dk = DTWdistance(Xk ,Yk )

end for
return

∑K
k=1Dk

Although DTW is commonly used for univariate time-
series, it can be extended to multivariate time-series. There
are two types of multivariate DTW, depending on how
we integrate the DTWs of multiple variables, including
independent DTW, which treats each variable independently,
and dependent DTW, which compares all variables under
the assumption that the variables are related to each other.
In other words, independent DTW calculates the DTW for
each variable separately and then sums the variable-wise
DTW to compute the overall distance between two consecu-
tive time-series datasets. On the other hand, dependent DTW
constructs a distance matrix between the elements of the two
time-series using values from all dimensions simultaneously
and performs DTW on the matrix. Both methods have
advantages and disadvantages, and the appropriate method
should be selected based on the data characteristics, which
depends on whether the variables are related to each other or
not. According to the experimental results, dependent DTW is
a suitable choice when the variables exhibit similar temporal
patterns, whereas independent DTW performs better when
the variables are independent of each other [46].

In a longitudinal health dataset consisting of multiple
time-series data, assessing different clinical outcomes of the
patient, the temporal flow of the time-series may appear sim-
ilar. Therefore, in this study, we develop a multivariate DTW
algorithm that calculates distances using dependent DTW for
measurements with similar temporal flows, and independent
DTW for measurements with independent temporal flows.
This requires the identification of measurements with similar
temporal flows andmeasurements with independent temporal
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flows. Hence, we propose the following algorithm, mixed
Multivariate- DTW (MM-DTW), in which variable-wise
correlations are first computed to identify variables with
similar patterns over time. The correlation matrix [ρi,j] is
then transformed into a distance matrix Md = [mi,j] using
mi,j = 1 − ρ2

i,j [47] where ρi,j is the Pearson’s correlation
coefficient of variables i and j. To identify variables exhibiting
similar temporal pattern, we use these computed distancemi,j
values to perform clustering analysis. Specifically, by using
the k-medoids algorithm, K distinct variable subsets Sk can
be identified where variables that exhibit similar temporal
patterns belong to the same subset. Within each subset, DTW
is performed to measure the distances between the variables
(Dk ). Finally, the distances calculated from all the subsets are
aggregated to derive the final similarity measures.

Upon computation of the similarity measures for all patient
pairs, k-medoids is performed to cluster patient groups into
k distinct recovery patterns. Note that before performing
k-medoids for subset clustering and patient group clustering,
the optimal k should be selected which is determined by
performing both the elbow and silhouette methods.

D. PREDICTING POST-ACUTE RECOVERY PATTERN
Rehabilitation after hip fracture begins in the acute care
setting, but most cases occur in post-acute care settings,
which can vary among nursing care facilities, home health,
and outpatient settings [48]. Disparities in post-acute reha-
bilitation care are commonly observed, necessitating an
evidence-based approach to match the degree of assistance
required for each patient. Identifying susceptible patient
groups whose recovery is expected to be limited can
help target rehabilitation services more efficiently. Doing
so requires an accurate prediction of how recovery will
progress in the post-acute phase by exclusively utilizing
the information obtained during the acute care phase. Thus,
based on the patient’s clinical characteristics and outcomes
during the acute care phase, we aimed to develop a machine
learning-based prediction model. This model would predict
the recovery pattern cluster to which a patient is likely
to transition in the post-acute phase. Here, the recovery
pattern cluster refers to the patient groups that we identify in
Section II-C. This type of predictive capability could enhance
clinical decision-making by providing clinicians with the
ability to counsel patients and caregivers on the anticipated
recovery pattern, thereby enabling them to better plan their
needs.

III. RESULT
A. DATA IMPUTATION RESULTS
To accurately compare the performance of the missing-value
algorithms, 23 patients without missing values were selected
from the dataset. Subsequently, we randomly masked certain
time-point values to predict values for which the ground
truth is known. For comparison with the M-RNN, multiple
imputation by chained equations (MICE) [49] which is a

commonly used multivariate imputation approach, is selected
as a representative missing value handling method. Further-
more, the prevalence ofmissing values at different time points
varied in the dataset, exhibiting percentages of 0.5%, 0.8%,
22.3%, 28.1%, and 51.3% at one week, three weeks, three
months, six months, and 12 months, respectively. Missing
value masks are generated based on these percentages, and
five-fold cross-validation is performed. Different algorithms
are compared using the RMSE (Root Mean Square Error)
metric.

FIGURE 3. Illustrative examples of imputed results comparing M-RNN vs.
MICE methods.

Prior to the performance comparison, we aim to find
the optimal hyperparameter settings by considering the
inclusion of number of deltas (time interval between visits),
missing method (randomly mask according to real missing
ratio), and clinical characteristics (age, sex, height, and
weight). According to the experimental results, the optimal
hyperparameter setting is [Delta, Missing Method, Clinical
Characteristic = (NO, Select, NO)] where the details of
which are shown in Table A3. The corresponding RMSE
value for this combination is 0.588 ± 0.005 for M-RNN,
which outperforms the RMSE of 0.932 obtained with MICE.
Fig. 3 shows that MICE exhibits limitations in effectively
adding missing values owing to its linear combination
characteristics, whereas M-RNN demonstrates an enhanced
ability to learn and fill missing value patterns. It can be
observed that M-RNN performs relatively well even for cases
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TABLE 2. Demographic and clinical characteristics for each patient group. Values represent the mean (±standard deviation) or number of patients.
achi-square test; bone-way ANOVA; c Fisher exact test. Abbreviations: FIRM: Fragility Fracture Integrated Rehabilitation Management; KOVAL: Koval
walking ability scores; FAC: Functional Ambulatory Category.

in which two successive values are missing, whereas MICE
tends to either overestimate or underestimate the values. With
the validated M-RNN, we filled in the actual missing values
to obtain the complete dataset.

B. RECOVERY PATTERN CLUSTERING ANALYSIS
First, two variable subsets are derived by clustering variables
with similar temporal flows. The first subset consists of the
KOVAL, FIM-locomotion, FAC, EQ-5D, K-IADL, and K-
FRAIL, whereas the second subset comprise the MRMI,
BBS, K-MMSE, K-GDS, and K-MBI. This implies that
the outcome measures within the same subtype exhibited
similar temporal trends, whereas those in different subtypes
display distinct temporal patterns. An interesting finding is
that within the same subset, various types of outcomes that
measure different functional domains are present. Although
these measures evaluated different areas, it can be inferred
that the recovery patterns over time are similar.

Subsequently, using MM-DTW to calculate the distances
and perform k-medoids, the recovery patterns of the patients
are subtyped into five distinct clusters. These clusters
represent patient groups showing similar recovery patterns
based on the concurrent consideration of various functional
outcome measures. The five clusters are labeled as follows:
a high recovery level cluster (HIGH), a low recovery level
cluster (LOW), and three intermediate clusters (MID 1,
MID 2, and MID 3) representing different levels of recovery
progress in terms of overall functional outputs.

A comparison of the demographic and clinical charac-
teristics of the five patient groups are shown in Table 2.

The average age tends to be lower in the groups with a higher
overall level of recovery, where the observed differences
between the groups are statistically significant (p = 0.003).
In addition, the group with the highest overall recovery
level (HIGH) shows the highest values for height, weight,
and BMI. The observed differences between the groups in
terms of height (p = 0.035) and weight (p = 0.002) are
statistically significant. In the context of the sex ratio, the
difference between the groups is not statistically significant
(p = 0.703). Significant differences among the groups
are observed in premorbid mobility status where the group
with higher recovery levels demonstrated a higher proportion
of independent ambulation before hip fracture, while the
group with lower recovery levels exhibit a higher proportion
of walking aid usage, such as canes or walkers. However,
no significant differences are observed in terms of fracture
and operation types. Finally, while the difference lacks
statistical significance, a prevalent pattern emerges indicating
a greater proportion of the FIRM treatment group within the
cohorts characterized by higher overall recovery levels.

For each functional outcome measure, the average recov-
ery trajectory for each patient group is shown in Fig. 4 along
with the overall mean trajectory, which represents the average
recovery trajectory across all patients. The horizontal axis
represents the elapsed time after surgery, while the vertical
axis is appropriately ordered to indicate recovery when values
are plotted above in the figure. The average trajectory of all
patients is indicated using a dashed line, and the average
trajectories of the five patient groups are indicated by black,
red, orange, green, and blue solid lines in the order of HIGH,
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MID 1, MID 2, MID 3, and LOW, respectively. The shaded
areas represent a standard deviation of ± 1 from the mean.
First, the overall mean recovery trajectories for all

functional outcomes showed rapid recovery at three months
post-operation, followed by a relatively gradual recovery or
maintenance from three to 12months. This observation aligns
with previous literature, in which most hip fracture patients
were reported to recover in the first three months post surgery
[22], [25]. Upon examination of the recovery trajectories of
each cluster, it becomes apparent that no cluster follows an
identical path as the mean recovery trajectory (indicated by
the dashed line) across all functional outcomes. This suggests
that considerable information is lost when a simple estimation
of the overall average movement is performed, as recovery
patterns among patients vary substantially. When comparing
the recovery patterns among the clusters, we observed that
for most outcomes, the top two clusters (HIGH in black and
MID 1 in red) and the bottom cluster (LOW in blue) were
consistently ranked in the same order, while the recovery
trajectories for MID 2 (orange) and MID 3 (green) did
not follow a specific pattern. In the context of KOVAL
and FIM-locomotion, which measure walking dependency,
or BBS, which assesses balance and the risk of falling, the
orange cluster (MID 2) exhibit better recovery patterns in
comparison to the green cluster (MID 3), but in the context
of the frailty index K-FRAIL and daily living performance
K-IADL index, the green cluster performed better than the
orange cluster. Of particular interest is the K-MMSE, which
exhibit a significantly distinct pattern in comparison to other
outcome measures and is in the order of HIGH (black), MID3
(green), MID1 (red), LOW (blue), and MID2 (orange).

C. POST-ACUTE RECOVERY PATTERN PREDICTION
Five recovery patterns are derived in Section III-B which
exhibit distinctive pathways in terms of both recovery speed
and maximum level of recovery. Using acute-phase recovery
information, we developed a machine learning-based pre-
diction model capable of identifying the recovery pattern to
which a patient is likely to transition in the post-acute phase.
The inputs utilized for the model were demographics, clinical
characteristics and acute-phase functional outcomes. In this,
the acute phase is further divided into the following time
points: 1) before receiving any form of intervention (using
only one week of information); and 2) before discharge from
the hospital (using both one and three weeks of information).
All prediction models are evaluated through five-fold cross
validation.

Extreme Gradient Boosting (XGBoost) is selected as the
machine learning classifier, and the results of predicting five
recovery patterns using exclusively one-week information
are accuracy: 0.633±0.133, AUROC: 0.770±0.132, and
f1-score: 0.614±0.134. The results of using one and three
weeks of information are accuracy: 0.722±0.115, AUROC:
0.826±0.121, and f1-score: 0.706±0.116. Considering that
multi-class classification is acknowledged as a challenging
endeavor, the task of directly classifying a patient into

five distinct categories may prove excessively difficult,
particularly considering the relatively small size of the
dataset. Hence, we opt for a two-step hierarchical approach,
first groupingMID 1,MID 2, andMID 3 clusters into a single
MID cluster. This grouping allows us to classify the data into
HIGH, MID, and LOW clusters. Second, another predictive
model was developed to classify the three MID clusters.
This two-step approach led to a significant improvement
in the prediction results, where the results of using one
and three weeks of information findings in the first-step
model are, accuracy: 0.852±0.074, AUROC: 0.889±0.076,
and f1-score: 0.852±0.069, and the results of the second-step
model were, accuracy: 0.786±0.071, AUROC: 0.838±0.121,
and f1-score: 0.757±0.089. The results indicate that employ-
ing solely the acute-phase information enables a reasonable
prediction of the patient’s recovery progress in the post-acute
phase. Thus, by predicting the expected recovery patterns,
patient populations that are vulnerable to recovery can be
identified early in the acute-phase and be targeted more
effectively.

IV. DISCUSSION
A. RECOVERY PATTERN COMPARISON
Among the five groups identified in Section III-B, several
interesting patterns are observed, which could be largely
attributed to the differences in recovery speed, recovery levels
in different functional domains of the outcome measurement,
and recovery to the premorbid functional status.

1) RECOVERY SPEED DIFFERENCE
Among the five patient groups, HIGH and MID 1 are
the two groups that exhibit the best maximum recovery
levels. However, the recovery rate varies between the two
groups, resulting in different recovery levels at different time
points. While the HIGH group consistently shows the best
performance across all functional outcomes at all time points,
MID 1 group exhibits poor functional outcomes during the
acute recovery period (at POD one week and three weeks),
but demonstrates rapid recovery afterward up to threemonths.
Specifically, the average outcomes of the MID 1 group are
similar to those of the LOW group at one week and similar
to those of the MID 2 and 3 groups at three weeks, which is
then followed by a rapid recovery.

Since the difference in the acute-phase recovery period
may have contributed to the patient’s status before receiving
surgery or rehabilitation, we further analyze walking ability
measured before hip fracture (premorbid walking ability) and
cognitive function measured before receiving rehabilitation
(one week K- MMSE). Although there is no statistically
significant difference in premorbid walking ability between
the HIGH and MID 1 groups (KOVAL p = 0.122, FAC
p = 0.070), cognitive function (K-MMSE) measured
at 1 week varies substantially between the two groups
(p < 0.001). Patients with hip fractures and lower baseline
cognitive function (such as dementia) tend to exhibit higher
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FIGURE 4. Recovery trajectories of each outcome measure for all patients (mean: dashed line) and for each of the
5 patient groups (HIGH: black, MID 1: red, MID 2: orange, MID 3: green, LOW: blue). Trajectory lines represent the
mean and shaded areas represent ±1 standard deviation from the mean.

rates of delirium [50]. Hence, the lower baseline cognitive
function of patients at MID 1 may have led to an initial
underestimation of function due to challenges in functional
assessment, potentially influenced by factors like delirium.
Thus, cognitive function could play a key role in the observed
discrepancies in recovery speeds among the groups.

2) RECOVERY LEVEL DIFFERENCE BASED ON FUNCTIONAL
DOMAIN
MID 2 andMID 3 are the groups with moderate recovery that
exhibit inconsistency in the ordering between the two groups
and depend on the functional domain of the outcomemeasure.
MID 2 show better recovery compared to the premorbid
state but has the highest average age and lowest BMI, and
thus is at a higher risk of frailty. In addition, the cognitive
outcome (K-MMSE) score is the lowest among all groups.
As a result, the K-IADL, which is a comprehensive outcome
of daily living activities, is also low. In contrast, the MID
3 group has high premorbid walking ability but slower overall
recovery. Compared with MID 2, MID 3 patients are less
frail (p = 0.030) and exhibit higher cognitive function
(p < 0.001), which is advantageous for K-IADL recovery.
However, the level of walking ability and balance outcomes
are similar to or worse than those of the MID 2 group. Thus,
it can be inferred that recovery from hip fracture varies across
different domains, with large discrepancies observed between
the recovery of cognitive outcomes and walking abilities.

FIGURE 5. Ratio of patients recovering to their premorbid walking ability
(KOVAL, FAC) within six months.

3) RECOVERY OF PREMORBID WALKING ABILITY
One of the primary goal of rehabilitation for hip fracture
patients is the rapid recovery of their premorbid walking
ability. Among the various functional outcomes, KOVAL
and FAC, which are commonly considered key measures for
assessing walking ability, are used to assess recovery to a
premorbid status.

The proportion of patients recovering their premorbid
walking ability within six months for all patients and each
patient group is shown in Fig. 5. Among all patients, 22.7 and
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33.3% recovered their premorbid walking ability at three
and six months, respectively based on the KOVAL scale.
The corresponding recovery rates based on the FAC scale
are 24.3 and 39.4%. It is observed that KOVAL evaluates a
lower recovery rate than FAC. This is expected, as KOVAL
evaluates the dependency of walking outdoors and indoors
separately, whereas FAC does not differentiate between
outdoor and indoor activities. Patients with hip fractures
tend to have psychosocial barriers and physical limitations
in outdoor activities, which may have led to a low assessment
of outdoor dependency and, hence, poor recovery in terms of
KOVAL.

By comparing recovery rates across groups, it can be seen
that as the recovery level of a group increases (from LOW to
HIGH), the percentage of recovery for FAC also increases,
and this trend is consistently observed at both three and six
months. In contrast, the KOVAL recovery do not match the
order of the recovery levels of the groups, with the MID
2 group exhibiting a significantly higher recovery rate. This
can be attributed to the fact that the MID 2 group started
with the worst premorbid KOVAL score, which means that
recovery of premorbid walking ability is relatively easier
and quicker. It is observed that 25% of the patients with
MID 2 had already recovered their premorbid walking ability
at three weeks. As patients with MID 2 shows the lowest
performance in terms of cognitive function (K-MMSE), this
may have led to an initial underestimation of premorbid
walking ability owing to poor functional assessment. Thus,
it can be inferred that cognitive function plays a key role in
determining the possibility of recovery to a premorbid status.

B. VALIDITY OF MULTIPLE FUNCTIONAL OUTCOME
MEASURES
In this section, we aim to further validate why multiple
outcome measures should be concurrently utilized to assess
patients’ recovery levels using feature importance and cluster
analysis examples.

1) IMPORTANT FEATURES OF PREDICTION MODELS
In order to interpret the prediction results of machine
learning models, it is possible to derive feature importance
which is a measure of the relative importance of input
variables that represents which variables have the greatest
impact on the prediction results. Feature importance provides
insights regarding the influence among input variables
and how the model performs predictions, thus enabling
interpretation of the machine learning model. By deriving the
important features for each of the two-step predictionmodels,
it is possible to understand important functional outcome
measures used at each step.

The first-step model, which classifies HIGH, MID, and
LOW groups use K-MBI and FAC at POD three weeks as
the most important features, followed by BBS, K-MMSE,
K-MBI, K-IADL, and FAC measured at one week (Fig. 6
top panel). By categorizing the features by measurement
period (one and three weeks) and functional domain (clinical

FIGURE 6. Feature importance of cluster prediction models for first step
model (top) and second step model (bottom).

characteristics, walking ability, activities of daily living,
cognition, emotion, quality of life, and frailty), the walking
ability outcomes at one and three weeks contribute the most,
followed by the activity of daily living outcomes at three
weeks and one week.

The second model, which classifies the three MID groups,
relies mainly on three weeks of K-MMSE value, followed
by BBS, FIM-locomotion measured at three weeks, and
FIM-locomotion measured at one week (Fig. 6 bottom
panel). Walking ability and cognition at three weeks and
patients’ clinical characteristics are important in classifying
the three MID groups, followed by walking ability and ADL
at one week, and mental status measured at three weeks.
Measurement of mental status at one week do not contribute
significantly to the model. Additionally, frailty outcomes at
one and three weeks do not contribute to the classification of
the three groups.

Comparing the results of the two models, the important
features used in the two steps differ in terms of when andwhat
they measure. Walking ability and ADLs are important for
predicting the overall level of recovery (HIGH/MID/LOW),
while mentality and clinical characteristics are important for
predicting the recovery of intermediate patients (approxi-
mately 55% of all patients). These results demonstrate the
importance of assessing a patient’s level of recovery and
designing rehabilitation programs based on a combination of
indicators from multiple domains. A single measurement is
not sufficient to accurately predict a patient’s recovery level.

2) USING SINGLE VS. MULTIPLE OUTCOME MEASURES
Additionally, we discuss the problems that could arise
when assessing recovery in hip fracture patients using a
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FIGURE 7. Recovery trajectory of four patients for all outcomes. FAC score
of all patients evaluates same level at three months, but patients 12 and
16 are classified as low group and patents 91 and 115 classified as high
group.

single outcome measure. For illustrative purposes, we use
two key performance measures to assess walking ability,
including KOVAL and FAC. Similar to the post-acute
recovery prediction model, a model that predicts the level of
recovery of KOVAL at three months using only basic clinical
characteristics and the KOVAL score in the acute phase is
developed. A corresponding model for FAC is developed
that utilize basic clinical characteristics and acute-phase
FAC scores to predict the recovery level of FAC within
three months. The model performance is as follows: the
KOVAL prediction model exhibit accuracy: 0.753±0.091,
AUROC: 0.858±0.111, and f1-score: 0.743±0.083. FAC
prediction model exhibit accuracy: 0.748±0.073, AUROC:
0.880±0.122, and f1-score: 0.738±0.069. Despite using
information from the acute phase to predict the future
recovery levels of the same outcome measures, the prediction
accuracy is lower than that of the previous recovery pattern
prediction model. This result demonstrates that patients’
recovery cannot be explained by their walking ability alone.
Hence, it can be inferred that a patient’s walking ability
recovery is not only dependent on walking ability but also
on other functional outcomes.

Recovery trajectories of the four patients are shown in
Fig. 7 which highlights the limitation of using single outcome
measures to assess recovery. All four patients recover to the
same FAC value of three at the post-surgery evaluation at
three months, indicating that patients can walk unaided on

flat ground. However, when all outcome measures are used
to perform clustering, patients 12 and 16 are classified into
the LOW group, whereas patients 91 and 115 are classified
into the HIGH group.Most outcomemeasures tend to recover
poorly in the LOW group, while the HIGH group show
satisfactory recovery in most outcomes. This suggests that we
need to consider multiple functional aspects when analyzing
a patient’s functional recovery.

V. CONCLUSION
In this study, we identify five distinct patterns of recovery
after hip fracture surgery using 11 different outcome
measures encompassing multiple functional domains. The
derived recovery patterns vary in maximum recovery levels
and recovery speed, and show different recovery levels
depending on the functional outcome of interest. The results
clearly demonstrate the importance of utilizing multiple
outcome measures concurrently to assess a patient’s recovery
level, as a single measure alone is not sufficient to capture
holistic information on the recovery progress. We further
provide predictions on how recovery will progress in the
post-acute phase using only acute-phase information, which
enables early identification of patient groups with a poor
prognosis of recovery.

We provide an end-to-end pipeline for clustering analysis,
starting from missing data imputation using deep learning
architectures to the early prediction of the identified clusters
using machine learning methods. The proposed methodology
can be extended to other multivariate time-series settings
beyond hip fractures or the medical domain because the
proposed methods (M-RNN and MM-DTW) are specialized
algorithms that are generally well-suited for any multivariate
time-series datasets. Furthermore, unlike statistical models
commonly utilized in earlier studies, this approach can
accommodate a broader range of measures and patterns as it
relies less on distributional assumptions and parameters. This
flexibility enables the identification of diverse patterns using
multiple variables even in small-scale longitudinal studies
with frequent missing data.

However, this study has several limitations. First, the
dataset size was limited because patients had to be recruited
to keep track of and collect multiple outcome measures
continuously for a year. The second limitation arises since the
data was collected from patients enrolled in a high-intensity
rehabilitation program called the FIRM; hence, all recovery
pattern groups tend to improve or maintain recovery over
time, and we do not observe a decline in recovery. However,
given that the majority of hip fracture patients in clinical
practice undergo rehabilitation, the findings of this study may
help identify patients with relatively unfavorable recovery
despite rehabilitation, which may provide room for further
intervention. Finally, the prediction model can only predict
the average recovery patterns, rather than the exact recovery
level for each patient. However, predicting the exact recovery
level for each outcome may be less significant because
providing a holistic view of recovery by considering the
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recovery ofmultiple outcomes simultaneouslywould bemore
informative. That said, being able to predict the general
trend of a patient’s recovery (e.g., walking ability scores
are expected to recover well while activities of daily living
might not recover well) could be more informative to both
the patient and clinicians rather than predicting to what score
each functional outcome score will recover to.

By studying the recovery process from multiple functional
domains, the proposedmethod can serve as a clinical decision
support system for designing personalized rehabilitation
interventions. First, clinicians can advise patients and care-
givers about the expected patterns of recovery, allowing
them to make additional preparations, if necessary. Second,
by providing advice on expected recovery patterns, patient
populations that are vulnerable to recovery can be identified
and rehabilitation services and other therapeutic interventions
can be targeted more effectively. Finally, the overall clinical
understanding of hip fracture recovery is expected to improve
by identifying the important factors that contribute to the
differences in recovery between groups.
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