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Prediction of quality of life after stroke rehabilitation
Jiann-Der Lee1,2,3, Tzyh-Chyang Chang1,4, Shih-Ting Yang1, Chung-Hsien Huang1, Fu-Han Hsieh†,5,67, Ching-Yi
Wu†,5,67

ABSTRACT
Introduction: The purpose of this study was to develop a computational method to identify
potential predictors for quality of life (QOL) after post stroke rehabilitation.
Methods: Five classifiers were trained by five personal factors and nine functional outcome
measures by 10-fold cross-validation. The classifier with the highest cross-validated accuracy
was considered to be the optimal classifier for QOL prediction.
Results: Particle Swarm-Optimized Support Vector Machine (PSO-SVM) showed highest
accuracy in predicting QOL in stroke patients and was adopted as the optimal classifier.
Potential predictors were assessed by PSO-SVM with feature selection. The early outcomes of
Quality of Movement scale of the Motor Activity Log (MAL_QOM) and the Stroke Impact Scale
(SIS) were identified to be the most predictive outcome predictors for QOL.
Conclusion: The approach provides the medical team another possibility to improve the
accuracy in predicting QOL in stroke patients. Therapists could determine the therapies for
stroke patients more accurately and efficiently to enhance the quality of life after stroke.
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Introduction
Stroke remains a leading cause of death and
disability in the developed world [1]. After stroke,
the effects of stroke and post stroke rehabilitation
are usually assessed by health professional ratings
and performance tests [2-4]. However, real life
of stroke survivors is affected in multiple ways
and may not be described completely by only

health and functional status. It is possible that
a treatment succeeds in enhancing physical
function recovery however induces psychosocial
problems [5,6]. In this case, quality of life
(QOL) may actually be degraded after poststroke
rehabilitation. The WHO suggests that a
comprehensive view of quality of life includes
not only physical health, but also psychological
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health, social relationships, and environmental
quality [4]. Therefore, to obtain a comprehensive
view of the effects after stroke, life quality should
also be considered when assessing a person’s
health and functioning.
In recent years, assessment of QOL in stroke
has become increasingly common. Many recent
rehabilitation therapies have been reported
to be effective in restoring upper limb motor
function after stroke but showed varied effects
in QOL [7-10]. Different rehabilitation
therapies may benefit different subgroups of
the stroke population and cause different effects
to QOL. Identifying key predictors of QOL
may assist therapists to determine an optimal
therapy, which can not only improve physical
function but also maximize QOL for a specific
subgroup of stroke survivors. Decision making
of rehabilitation strategies may be more efficient
and complete with identifying predominant
predictors of QOL.
Only three studies examined predictors of QOL
[5,11,12]. In these three studies, the predictive
ability of multiple factors was examined,
including demographic factors, vascular risk
factors, clinical scales and neuropsychological
assessment, and lesion characteristics. However,
general predictors of outcomes of QOL were hard
to determine because of the heterogeneity among
these studies. Both physical and psychological
factors were reported to be important in
predicting QOL after stroke [5,11,12]. Although
stroke rehabilitation gains in QOL are important,
the question of which patients may benefit most
in QOL from specific therapies has not been
widely addressed, and statistical approaches to
reveal such associations and predictors may not
be optimal [13,14]. However, possible predictors
related to QOL performance outcome after
rehabilitation remained less discussed. More
studies are needed to clarify the predictive ability
of diverse QOL predictors in stroke patients.
Practical implementation of outcome predictors
in clinical use was also constrained by the
complexity of the algorithms. Developing
prognostic algorithm based on existing and
simple algorithms may reduce the complexity
in clinical implementation, increase the use
of prognostic model, and further improve the
efficiency of rehabilitation therapy. Traditionally,
studies examined outcome predictors used
regression analysis to discriminate the most
predictive factors from others [15-18].
However, the results of regression analysis can
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only explained the variance of the outcome
in percentage. Computational methods can
provide another aspect of outcome prediction.
The results of regression statistical method
showed that the factors were predictors for the
outcome measure model, and the model only
explained how percentage of the variance in the
outcome measure scores. However, the results
of computational classifier methods can provide
accuracy and more application related to the
predictors.
It has been applied in predicting clinical
outcome in cancer patients and showed high
accuracy and efficiency [19,20]. Using classifiers
could improve the accuracy in predicting QOL.
Hopefully, predominant predictors could also
be better identified. That’s why we try to utilize
a computational classifier method to identify
potential predictors for quality of life (QOL)
after post stroke rehabilitation.
Methods
This study was a secondary analysis of data from
previous [7,8,10] and ongoing randomized
controlled trials of stroke rehabilitation therapies.
Institutional review board approval was obtained
from Chang Gung Memorial Hospital. Written
informed consent was obtained from each
patient before study participation.
 Participants

A total of 130 stroke patients (93 men, 37
women) with a mean age of 54.96 years old
(from 26 to 79 years old) were recruited from 2
participating sites. The patients were a mean of
20.98 months (from 2 to 68 months) after onset.
All patients received independent examinations
by physical therapists and occupational therapists
to determine their eligibility for inclusion. The
criteria for participants were: (1) Brunnstrom
stage 3 or above for proximal and distal part
of the affected upper limb [21], (2) no serious
cognitive deficits (score ≥ 23 on the MiniMental State Examination) [22], (3) no excessive
spasticity (Modified Ashworth Scale ≤ 2 at any
joint of the affected upper limb) [23].
 Design and intervention

All subjects received individualized, treatment
programs for 1.5-2 hours every day, 5 days per
week for 3-4 weeks. Functional tasks used in
therapy were selected by patients and therapists’
joint decision. The functional tasks were including
opening a drawer, picking up a cup and drinking
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from it, picking up a phone, and other functional
movements simulating activities in daily living.
Before and after the 3-4 week intervention
period, the tests were administered by blinded
raters. All participants in this study completed
the pretest and posttest of all measures. Before
administration of clinical measures, the blinded
raters were trained to properly administer these
measures. This training included careful review
of written instructions and repeated practice.
Rater competence was assessed by a senior
certified occupational therapist.
 Outcome measurement

The Stroke Impact Scale (SIS) is a comprehensive
measure of health-related quality of life in stroke
patients [24-26] and is adopted as the certified
outcome measure to determine the QOL of
stroke patients in this study.
The SIS was adopted as the certified outcome
measure for assessing QOL after stroke in this
study. It has been evaluated as a reliable, valid,
and sensitive outcome measure for measuring
meaningful functional outcomes and healthrelated quality of life in stroke patients [23-26].
Version 3.0 of SIS comprises 59 items that assess
eight domains: strength, hand function, activities
and instrumental activities of daily living (ADL/
IADL), mobility, communication, emotion,
memory and thinking, and participation.
Patients responded to items in each domain
using a 5-point rating scales.
The concept of minimal clinically important
difference (MCID) was used to determine the
smallest change in QOL. The MCID has been
advocated to signify an important difference in
patient symptoms and responsiveness.
Responsiveness refers to the ability of an
instrument to detect the efficacy of a treatment.
It can be conceptualized as longitudinal validity,
indicating longitudinal change over a defined
interval during or after treatment [27]. Jaeschke
[28] first defined an MCID as being “the smallest
difference in score in the domain of interest
which patients perceive as beneficial.” Since
then, the definition has varied. The MCID helps
to define a threshold that is considered to be an
important improvement.
In our previous study, MCID values for the
full SIS version 3.0 are 9.2 for strength, 5.9
for ADL/IADL, 4.5 for mobility, and 17.8 for
hand function [29]. The MCIDs of the other
four domains of SIS (communication, emotion,
memory and thinking, and participation) have
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not been reported in the literature. A change
greater than 10% in SIS score were considered
to be clinically meaningful improvement of these
four domains of SIS based on clinical experience
and consultation with physical therapists and
stroke neurologists [9,30].
 Predictors

Fourteen parameters, including five personal
factors and nine early functional outcomes, were
adopted as potential outcome predictors for
QOL. Personal factors include: age, gender, time
since onset of injury, education attainment, and
score of Mini-Mental State Evaluation (MMSE).
Early functional outcomes include: Wolf Motor
Function Test (WMFT), Fugl-Meyer Assessment
(FMA), Functional Independence Measure
(FIM), Motor Activity Log (MAL, including
the amount of use scale: MAL_AOU, and the
quality of movement scale: MAL_QOM), Action
Research Arm Test (ARAT), ABILHAND,
Physical Function, and Stoke Impact Scale (SIS).
 Classification

Five common classifiers were adopted in this
study, including Back Propagation Artificial
Neural Network (BP-ANN), Learning Vector
Quantization (LVQ), Self-Organizing Mapping
(SOM), Support Vector Machine (SVM), and
Particle Swarm-Optimized SVM (PSO-SVM).
First, the whole data set of these fourteen
predictors was used as the input data for
classifiers. The QOL after rehabilitation could be
measured by SIS in this study. That’s why the SIS
was selected to be the outcome measure of the
QOL after rehabilitation.
Comparing classified SIS scores with recorded
SIS scores, predicting accuracy of the classifiers
can be obtained. 10-fold cross-validation
was applied to confirm the accuracy of each
classifier. The classifier with the highest crossvalidated accuracy was considered to be
the optimal classifier for QOL prediction.
Two most commonly used feature selection
algorithms [31], sequential forward selection
(SFS) and sequential backward selection (SBS),
were applied with the classifier to improve the
accuracy and reduce required computing power
for constructing the classifier. The processes were
showed as a flowchart in Figure 1.
Results
 Determining the optimal classifier

Table 1 showed the performance of the five
371
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(accuracy > 75%). Among them, SIS, age,
Physical function, and MAL_QOM had higher
accuracy (accuracy = 60%) than FIM (accuracy
= 58.33%). Therefore, FIM was dismissed from
the list of predominant predictors. As a result,
SIS, age, Physical function, and MAL_QOM
were considered to be predominant predictors
for predicting final QOL.

Figure 1: The procedure of classification of functional outcome predictors of QOL.

classifiers (BP-ANN, LVQ, SOM, SVM, and
PSO-SVM). PSO-SVM showed the highest
accuracy (58.33%) and the highest crossvalidated accuracy (74.29%) in predicting SIS
outcome among all classifiers. PSO-SVM is
likely to be the optimal classifier for identifying
predictors of QOL in stroke patients.
 Predictor classification

Accuracy and cross-validated accuracy in
predicting QOL of all chosen factors after PSOSVM with SFS were showed in Table 2.
In the following PSO-SVM model test, by using
SFS method, we tried to add in one feature each
time to see if the accuracy and cross validation
would change or not. Table 2 showed the
comparison of the classification results of adding
in one feature each time which were chosen in
PSO-SVM model.
In Table 2, the significant better cross validation
results in SFS method are measure (D1) Age, (4)
FIM, (6) MAL_QOM, (8) Physical Function and
(9) SIS. At the same, the accuracy results of (D1)
Age, (6) MAL_QOM, (8) Physical Function and
(9) SIS are good might be considered as potential
predictors. In addition, the accuracy results of (4)
FIM is poor might not be considered as potential
predictors. The (D1) Age, (6) MAL_QOM, (8)
Physical Function and (9) SIS seemed to be
the potential predictors of QOL performance
because of higher accuracy rate. We chose these
potential predictors: including (D1) Age, (6)
MAL_QOM, (8) Physical Function and (9) SIS
in following process to identify the appropriate
predictors for QOL performance outcome after
rehabilitation by using SFS method.
The SIS, age, Physical function, MAL_QOM,
and FIM showed highest cross-validated accuracy
372
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To determine the priority of the predictors,
combinations of these four predominant
predictors were again assessed by PSO-SVM. The
accuracy of each combination was presented in
Table 3. The combination of MAL_QOM and
SIS showed highest accuracy (70%) and highest
cross-validated accuracy (81.43%). The early
outcomes of MAL_QOM and SIS are likely to
be predominant predictors for QOL.
These fourteen predictors were again assessed
by PSO-SVM with SBS algorithm. When all
predictors were included as the training set, the
accuracy was 58.33% and the cross-validated
accuracy was 74.29%. When all five personal
factors (D1 – D5 in Table 2) were excluded from
the training set, the accuracy of the classification
was still 58.33%, and the cross-validated accuracy
was still 74.29%. Excluding personal factors
did not affect the accuracy of QOL prediction.
Hence, personal factors were considered not
to be significant predictors for QOL. When
WMFT was excluded from the predictor list, the
accuracy of classification dropped to 55.00%.
For this reason, although the accuracy of QOL
prediction based on early outcome of WMFT
was relatively low when assessed by PSO-SVM
with SFS, WMFT outcome may still have
significant contribution to QOL prediction.
When other predictors were excluded from the
list individually, the accuracy was not much
altered (close to 58.33%). After evaluated by
PSO-SVM with SBS, WMFT outcome was also
considered as a predominant predictor for QOL.
Three identified predominant outcome predictors
by PSO-SVM with SFS and SBS (SIS, MAL_
QOM, and WMFT) were again assessed by PSOSVM in different combinations to determine the
optimal predictive model. The results were listed
in Table 4. The combination of early outcomes
of MAL_QOM and SIS showed highest accuracy
(70%) and highest cross-validated accuracy
(81.43%) in predicting final QOL.
Discussion
This study developed a computational method to
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Table 1: The performance of five common
classifiers in predicting SIS outcome when all
of the predictors were included.
Classifier
Back Propagation
Artificial Neural
Network (BP-ANN)
Learning Vector
Quantization (LVQ)
Self-Organizing
Mapping (SOM)
Support Vector
Machine (SVM)
Particle Swarm
Optimization SVM
(PSO-SVM)

Accuracy

Cross-validated
accuracy

38.33%

48.51%

50.00%

58.96%

53.33%

66.57%

53.33%

71.47%

58.33%

74.29%

Table 2: The performance of PSO-SVM with
SFS trained on different predictors.
Measures
(D1) Age
(D2) Gender
(D3) Onset
(D4) MMSE
(D5) Education
attainment
(1) FMA
(2) WMFT
(3) ARAT
(4) FIM
(5) MAL_AOU
(6) MAL_QOM
(7) ABILHAND
(8) Physical Function
(9) SIS

Accuracy
60%
58.33%
58.33%
58.33%

Average accuracy
77.14%
74.29%
74.29%
74.29%

58.33%

74.29%

8.33%
58.33%
58.33%
58.33%
58.33%
60%
58.33%
60%
60%

74.29%
74.29%
74.29%
75.71%
74.29%
75.71%
74.29%
77.14%
81.43%

Table 3: The performance of PSO-SVM with
SFS trained on combinations of predominant
predictors.
Combination of
predictors
(D1)+(6)+(8)+(9)
(D1)+(6)+(8)
(D1)+(6)+(9)
(D1)+(8)+(9)
(D1)+(6)
(D1)+(8)
(D1)+(9)
(6)+(8)+(9)
(8)+(9)
(6)+(8)
(6)+(9)

Accuracy

Average accuracy

58.33%
58.33%
63.33%
58.33%
60%
58.33%
60%
58.33%
60%
58.33%
70%

74.29%
74.29%
80.00 %
74.29%
77.14 %
74.29 %
77.14 %
74.29 %
77.14 %
74.29 %
81.43 %

predict post-treatment QOL in stroke patients.
Potential predictors were classified by five
common classifiers into different levels of QOL
(different SIS score). 10-fold cross-validation was
applied to confirm the accuracy. The classifier
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Table 4: The performance of PSO-SVM trained
on WMFT, MAL_QOM, and SIS [(2), (6), and (9)
in Table 2, respectively].
Combination of
predictors
(2)+(6)+(9)
(2)+(6)
(2)+(9)
(6)+(9)

Accuracy

Average accuracy

56.67%
58.33%
53.33%
70%

75.71 %
74.29 %
74.29 %
81.43 %

with the highest accuracy and cross-validated
accuracy was considered to be the optimal
classifier for QOL prediction. PSO-SVM showed
the best performance in QOL predicting and
was adopted as the classifier for QOL prediction
in this study. Early functional outcome of MAL_
QOM and SIS were identified as predominant
predictors for QOL in stroke patients.
To sum up, all comparison results for cross
validation and accuracy of the five classifiers,
PSO-SVM classifier get better performance (cross
validation = 74.29%, accuracy rate = 58.33%)
when all predictors are induced in making these
categories among all these five classifiers. That’s
why PSO-SVM was chosen in this study to find
the predictor of QOL performance for clients
with stroke.
PSO-SVM classifier gets the results of the highest
accuracy rate when all predictors are induced in
making these categories among all five classifiers.
And PSO-SVM was chosen in this study to find
the predictor of QOL performance for clients
with stroke.
PSO-SVM showed the best accuracy in
predicting QOL. In previous study examined the
accuracy of classifiers in feature selection, PSOSVM was demonstrated to be able to increase
classification accuracy and minimize required
computational resources [32]. Although PSOSVM was successful in predicting QOL in
this study, classifying predictors with larger
number of patients and more types of treatment
is needed to evaluate the approach more
thoroughly. Previous studies examined feature
selection method suggested adaptive floating
search method could improve the performance
of classifiers [33,34]. For future works, other
feature selection algorithms, such as adaptive
floating search method, could be tested with
PSO-SVM to improve the accuracy/efficiency of
outcome prediction.
All personal factors, including age, gender, time
since onset of injury, education attainment, and
score of Mini-Mental State Evaluation were not
373
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significant predictors of QOL. Other studies
have found similar findings [5,35].
The combination of early outcomes of MAL_
QOM and SIS was identified as the optimal
predictor for QOL. Both MAL_QOM and
SIS involve measurement of participation in
real world activities [36], indicating activities of
daily living (ADL) could be an important index
in predicting QOL outcome. In a previous study
examined disablement and QOL after stroke, it
was found that QOL is proportional to the degree
of ADL performance [37]. Similarly, it has been
found that patients who were independent in ADL
had significantly better health-related quality of life
than ADL-restricted patients [38]. We suggest that
the degree of ADL performance could be a primary
component in predicting QOL outcome.
Conclusion
In summary, PSO-SVM can perform best QOL
prediction when used the combination of early
outcomes of MAL_QOM and SIS as input
data. MAL_QOM and SIS are likely to be
predominant predictors for QOL.
The purpose of this study was to develop a
computational method to identify potential
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