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Abstract
Background: The risk and benefit of tissue plasminogen activator (tPA) for aged>80 years with acute
ischemic stroke (AIS) are controversial. In this study, we investigated the safety and efficacy of tPA
in this population and utilized the artificial neural network (ANN) to established outcome predictive
models. Methods: We retrospectively reviewed the stroke registry data of patients with AIS, aged >80
years who arrived at the hospital within 3 hours from the onset of symptoms. The characteristics and
the outcomes, presented as modified Rankin Scale (mRS), and mortality rate at 3 months between the
tPA-treated and non-tPA groups were analyzed. An ANN algorithm was applied to establish predictive
models. Results: A total of 80 patients aged>80 years with AIS were identified, and 49 of them received
tPA. After adequate training, our ANN models accurately predicted the outcomes with the area under
the receiver operating characteristic curves of 0.974, and a low error to predict the mRS score at 3
months. After applying our prediction model to those in the non-tPA group, we demonstrated the
potential benefits in those patients if they had undergone tPA therapy.
Conclusions: Our results show that ANN can be a potentially useful tool for predicting the treatment
outcomes of tPA. Such novel machine learning-based models may help with therapeutic decision
making in clinical settings.
Keywords: artificial neural network, ischemic stroke, old age, outcome, prediction, thrombolysis
INTRODUCTION
Stroke is the second leading cause of death
globally and the third leading cause of premature
death and disability.1,2 Consequently, stroke has
a wide-ranging negative physical and economic
impact on patients and their families.1,2 Ischemic
stroke accounts for 80% of total stroke.3 Aging
is negatively associated with recovery from and
outcome of acute ischemic stroke (AIS).4
Currently, application of recombinant tissue
plasminogen activator (tPA) is the most accessible
and effective treatment for AIS. Since the 1990s,
the inclusion and exclusion criteria have been
revised several times following confirmation of
the efficacy and safety of tPA in recent studies.5
Nevertheless, the decision to waive age limitations
for tPA among older adults aged >80 years was
based only on clinical trials with small sample

sizes. Furthermore, the findings of such studies
in terms of the safety and efficacy of tPA among
older adults were inconclusive. In practice, the
use of tPA among older adults with AIS is not
uncommon, but biased comparisons between tPA
and non-tPA groups that lacked controls or did
not use identical stroke management techniques
have made it difficult for retrospective studies to
confirm the safety and efficacy of tPA through
conventional analysis.
Artificial intelligence (AI)-based techniques
have quickly risen to prominence in healthrelated fields, and such techniques have been
shown to be capable of assisting medical staff
in disease diagnosis and prediction.6 Supervised
machine-learning methods can learn complex
structures by using a training data set and apply
that knowledge to predict the outcome of an
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unobserved situation.7 Artificial neural networks
(ANNs) are a form of supervised machine
learning. Such networks simulate the structure
and functionality of biological neural systems,
gathering knowledge by detecting patterns and
relationships among data and learning through
experience.8 The most commonly applied ANN
has a multilayer design, including an input layer,
hidden layer, and output layer, with each layer
consisting of many neurons. Each neural unit
is connected with many others, and these links
can be enforcing or inhibitory in their effect on
the activation state of connected neurons. ANNbased models can effectively predict the complex
nonlinear relationship between input and output
variables by repeating the learning and validation
process until a desirable regression is achieved.9
In this study, we aimed to (1) determine the
safety and efficacy of tPA and identify factors
associated with the outcomes of tPA use and (2)
establish reliable outcome prediction models for
patients aged >80 years through the use of ANNs.
METHODS
Participants
Medical records from the stroke registry of Shuang
Ho Hospital in Taiwan were retrospectively
reviewed for the period between January 2013 and
December 2016. Data of patients who arrived at
the emergency room (ER) with a suspected acute
stroke within 3 hours from the onset of symptoms
were obtained. All patients received noncontrast
head computed tomography (CT) or brain
magnetic resonance imaging (MRI). Inclusion
criteria were as follows: patients with AIS, aged
>80 years, and treated with tPA. The age-matched
controls included patients with AIS who arrived
at the ER within 3 h from the onset of symptoms,
and those who had not been treated with tPA.
Exclusion criteria were intracranial hemorrhage,
an initial National Institute Health Stroke Scale
(NIHSS) score of <6, and receiving surgical or
intra-arterial intervention for AIS. Patients who
received tPA treatment followed the American
Heart Association/American Stroke Association
(AHA/ASA) guidelines.5,10 For patients who
received tPA, a repeat brain image (CT or MRI)
was performed at 24 hours to confirm AIS and to
search for intracranial hemorrhage (ICH). For the
non-tPA age-matched controls, a repeated brain
image was performed between 24 to 72 hours
after admission.
Following data were collected from patients’
medical records: age, sex, history of hypertension,
110
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history of type 2 diabetes mellitus (T2DM), atrial
fibrillation (AF), previous stroke, onset-to-hospital
time, treated with or without tPA, and poststroke
symptomatic ICH. Symptomatic ICH was defined
as blood at any site in the brain, observed on the
CT scan with the presence of clinical deterioration,
documented by the investigator; or the occurrence
of adverse events indicating clinical worsening
related to symptomatic ICH.11 All CT/MRI results
were analyzed by two independent neurologists.
Moderate to severe stroke was defined as an
NIHSS score ≥10.12 Outcome parameters included
modified Rankin Scale (mRS) score, mortality at
3 months, and presence of symptomatic ICH. A
favorable outcome was defined as an mRS score
≤ 2, and a poor outcome was defined as an mRS
score ≥ 3 at 3 months.13-16
Statistical analyses
All statistical analyses were performed using
the JMP, version 11.0.0 software (SAS Institute
Inc., Cary, NC, USA). Continuous variables are
presented as means ± standard deviations, and
categorical variables are expressed as numbers
and percentages with their corresponding 95%
confidence intervals (CI). One-way ANOVA
was used for continuous variables, and Fisher’s
exact test was used for categorical variables.
A correlation matrix was used to determine
the associations among multiple variables and
with the outcomes (i.e., age, sex, hypertension,
T2DM, AF, previous stroke, treated with tPA or
not, onset-to-hospital time, and initial NIHSS
score). The variables where p < 0.1 were included
into the multivariate logistic regression model to
determine the independent predictors of stroke
outcomes at 3-month follow-up. A p-value< 0.05
was considered statistically significant.
Application of ANN
To predict the outcomes for older adults with AIS,
we developed two predictive ANN models by using
the clinical features of patients as inputs. Both
models contained the following input variables:
patients’ age, sex, history of hypertension, history
of T2DM, AF status, history of previous stroke,
initial NIHSS score, onset-to-hospital time, and
whether tPA was received. Model 1 was designed
to predict if each patient would have a favorable or
poor outcome after stroke. Model 2 was designed
to predict the mRS score at 3 months. Both ANN
models were designed using STATISTICA version
10.0 (StatSoft, Tulsa, OK, USA). The applied
architecture was a multilayer perceptron (MLP)

combined with a backpropagation algorithm.
The number of perceptrons in the hidden layer
was set empirically. A favorable or poor outcome
(for Model 1) and the corresponding mRS score
(for Model 2) were used as the targets of ANN
models. Cross validation was conducted with an
80% training group and a 20% testing group.
After appropriate training, the ANN selected
the network structure with the most satisfactory
performance. The area under the receiver
operating characteristic curve (AUC) represented
the performance of the ANN model 1. For Model
2, we recorded the correlation efficiency (r2) as
the performance of the model and reported the
mean square error (MSE) for both training and
testing subsets.
RESULTS
Clinical outcomes after thrombolytic therapy
Between 2013 and 2016, a total of 80 patients
(52 women and 28 men) aged >80 years who
experienced an acute stroke arrived at the ER
within 3 hours from the onset of symptoms. The
mean age of the patients was 84.4±3.5 years,
and the mean initial NIHSS score was 17.5±7.5.
Among them, 49 patients (61.2%) received
intravenous tPA (0.6 mg/kg body weight). The

mean door to needle time for those receiving tPA
was 65.7±23.4 minutes. At baseline, the tPA and
non-tPA groups had similar age and sex profiles.
The tPA-treated group had a higher prevalence of
previous stroke (p=0.005) and relatively milder
initial symptoms than did the non-tPA group
(Table 1). After follow-up for 3 months, the tPAtreated group had lower mRS scores than did the
non-tPA group (p=0.007, Figure 1). In total, 39
patients in the tPA-treated group and 26 patients
in the non-tPA group had initial NIHSS scores
≥10, indicating a moderate to severe stroke. For
these patients, those treated with tPA also had a
lower mortality rate (p=0.04) and a higher chance
of a favorable outcome at 3 months (p = 0.036).
The incidence of ICH did not differ between
the tPA-treated and non-tPA patients. Symptomatic
ICH of any type occurred in 8.2% of the tPAtreated patients and 3.2% of the non-tPA treated
patients (p=0.374).
Of the current cohort, 15 patients with a mRS
score ≤2 at 3 months were defined as the favorable
outcome group, and 65 patients with a mRS
score ≥3 were defined as the poor outcome group
(Table 2). There were no differences between
age, sex, or the prevalence of previous medical
conditions between these two groups. The poor
outcome group had higher NIHSS scores at the

Table 1: Baseline characteristics of the patients aged > 80 years treated with and without tPA
Treated without tPA

Treated with tPA

Age (years)

85.2 ± 4.0

83.9 ± 3.1

Hypertension, n (%)

23 (74.2)

41 (83.7)

AF, n (%)

20 (64.5)

22 (44.9)

Onset-to-hospital time (min)

68.5 ± 42.1

121.2 ± 40.2

<0.0001*

Initial NIHSS score

20.3 ± 8.1

15.8 ± 6.7

0.012*

mRS at 3 months

4.9 ± 1.4

3.8 ± 1.8

0.007*

Mortality, n (%)

13 (41.9)

10 (20.4)

0.040*

n

Female, n (%)

T2DM, n (%)

Previous stroke, n (%)

Door-to-needle time (min)
Outcome measures
ICH, n (%)

31

22 (70.1)
11 (35.5)
6 (19.4)

1 (3.2)

49

P-value
0.135

30 (61.2)

0.373

12 (24.5)

0.290

25 (51.0)

65.7 ± 23.4

4 (8.2)

0.302
0.087

0.005*

0.374

Continuous variables are presented as means ± SD. One-way analysis of variance was used for continuous variables,
and Fisher’s exact test was used for categorical variables. AF - atrial fibrillation; ICH - intracranial hemorrhage. mRS
- modified Rankin Scale; NIHSS - National Institutes of Health Stroke Scale; T2DM - type-2 diabetes mellitus; tPA tissue plasminogen activator. *p-value<0.05
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Figure 1. Functional outcomes of patients aged > 80 years with and without tPA treatment. The number in the
bar indicates the number of patients. The tPA-treated group had a lower mRS score at 3 months when
compared to the non-tPA group, p=0.007). mRS - modified Rankin Scale; tPA - tissue plasminogen
activator.

ER (p<0.0001) and shorter onset-to-hospital times
(p=0.037). In the entire cohort, the mRS score at
3 months was associated with initial NIHSS score
(p<0.0001) and onset-to-hospital time (P=0.003).
A multivariate logistic regression model was
applied to adjust the baseline variables with p
values <0.1 in Table 2 to determine the following
independent predictors of stroke outcomes: sex,
treatment with tPA, onset-to-hospital time, and

initial NIHSS score. Table 3 presents the crude
and adjusted OR values of the variables in the
logistic regression model. After adjusting for
the associated variables, there was no difference
between treatment with tPA and the outcome at
3 months. In the entire cohort, the outcome at 3
months was associated with initial NIHSS score
(adjusted OR = 0.78; 95% CI: 0.67–0.91).

Table 2: Comparison of clinical variables between patients with favorable and poor outcomes
Favorable outcome
n

Poor outcome

p-value

OR (95% CI)

Age (years), OR: per year
increase

15

65

83.9 ± 4.1

84.5 ± 3.4

0.497

1.05 (0.90-1.26)

Hypertension, n (%)

7 (46.7)

13 (86.7)

45 (69.2)

0.099*

0.39 (0.12-1.22)

AF, n (%)

7 (46.7)

20 (30.8)

0.406

Female, n (%)

T2DM, n (%)

Previous stroke, n (%)

Treated with tPA, n (%)

Onset-to-hospital time
(min), OR: per minute
increase

Initial NIHSS score, OR:
per point increase

3 (20.0)

7 (46.7)

51 (78.5)

35 (53.9)

24 (36.9)

0.474

0.616

0.485

1.78 (0.36-8.85)

0.56 (0.14-2.21)

0.75 (0.24-2.31)

1.49 (0.48-4.64)

12 (80.0)

37 (56.9)

0.09*

3.03 (0.78-11.76)

123.9 ± 44.2

95.4 ± 47.8

0.037*

1.01 (1.00-1.03)

10.1 ± 4.0

19.2 ± 7.1

<0.0001*

0.78 (0.68-0.90)

Continuous variables are presented as means ± SD. p-value = between-group comparison. One-way analysis of variance
was used for continuous variables, and Fisher’s exact test was used for categorical variables. Favorable outcome was
defined as mRS score ≤ 2 at 3 months. Poor outcome was defined as mRS score ≥ 3 at 3 months. AF - atrial fibrillation;
CI, confidence intervals; ICH, intracranial hemorrhage; mRS, modified Rankin Scale; NIHSS, National Institutes of
Health Stroke Scale; OR, odds ratio; tPA, tissue plasminogen activator; T2DM, type-2 diabetes mellitus; *p-value<0.1
and the variable was included into the regression model.
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Table 3: Crude and adjusted OR for the 3-month favorable and poor outcomes for aged>80 years
after tPA on a logistic regression model
Variables

Crude OR (95% CI)

Adjusted OR (95% CI)

tPA (with vs. without)

3.03 (0.78-11.76)

1.61 (0.25-10.52)

Sex (Female vs. Male)
Onset-to-hospital time, per minute increase
Initial NIHSS score, per point increase

0.39 (0.12-1.22)

1.01 (1.00-1.03)
0.78 (0.68-0.90)

0.71 (0.17-2.92)

1.01 (0.99-1.03)

0.78 (0.67-0.91)

Favorable outcome was defined as mRS score ≤ 2 at 3 months. Poor outcome was defined as mRS score ≥ 3 at 3 months.
CI, confidence intervals. mRS - modified Rankin Scale; NIHSS - National Institutes of Health Stroke Scale; OR, odds
ratio; tPA - tissue plasminogen activator.

ANN Model 1
For Model 1, the ANN was trained to predict if
patients would have a favorable or poor outcome
at 3 months following AIS. After adequate
training, the ANN model that contained 23
hidden perceptrons (MLP 15-23-2) had the most
accurate performance, with training performance
of 0.875 and testing performance of 0.938. The
precision of the testing set was 100%, sensitivity
was 66.67%, and the specificity was 87.5%. The

AUC was 0.958 for the training set (Figure 2A)
and 0.974 for the testing set (Figure 2B).
ANN Model 2
For Model 2, the ANN was trained to predict the
mRS score at 3 months. After adequate training,
the most accurate prediction model created with
MLP was 15-4-1. The training performance was
0.812 (Figure 2C), and testing performance was
0.877 (Figure 2D). The MSE of the training set

Figure 2. Performance of the ANN models.
The receiver operating characteristic (ROC) curves of Model 1 for predicting the patient outcomes. The
blue line represents the training group (A) and the red line represents the testing group (B). AUC- area
under the curve of ROC.
The performance of Model 2 for predicting the mRS score at 3 months. The X axis represents the real
mRS score at 3 months and the Y axis represents the prediction. The blue circles indicate the training
group (C) and the red triangles indicate the testing group (D). Best fit - red dashed lines. mRS - modified
Rankin Scale.
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was 0.26, and the MSE for the testing set was
0.24. The testing error was low, suggesting that
the models both achieved reasonable predictive
performance.
In the next step, we applied our ANN model
to the non-tPA patients (n = 31) to determine
their outcomes if they had been treated with tPA.
We input the clinical information of the non-tPA
group into Model 2 and obtained estimated posttPA 3-month mRS scores, which reflected the
patients’ functional outcomes after stroke as if
they had been treated with tPA at the acute stage.
The results revealed that their estimated mean
3-month mRS score was 4.18±1.56, which was
significantly lower than their actual mean 3-month
mRS score of 4.84±1.39 (one-tailed matched pairs
test, P=0.025, Figure 3). This indicated the benefit
of tPA use among old adults with AIS aged >80
years.
DISCUSSION
This study established high-accuracy, ANN-based
models to predict outcomes in older adults (age>80
years) with AIS. After training the ANN models,
our Model 1 for predicting AIS outcomes achieved
an accuracy with an AUC of 0.974 for the testing
set. Model 2 for predicting the mRS score at 3
months also obtained a high accuracy with a low
error (MSE=0.24) for the testing set. Through
conventional analysis, our study initially found
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the functional outcomes of AIS to be associated
only with the severity of stroke (Table 3). After
applying the ANN prediction model to those in
the non-tPA group, we demonstrated potentially
beneficial outcomes in those patients if they had
undergone tPA therapy.
Age is a crucial factor for the outcome of AIS.17
People aged >80 years usually present with more
severe AIS than their younger counterparts.18
However, the application of tPA was originally
prohibited among people of this age, which was
mirrored in the inclusion criteria of the first large
scale clinical trials of tPA in AIS.19 The longer
life expectancies and better healthy statuses of
older adults challenged this artificial boundary.
Subsequently, several studies claimed that the
safety of tPA among older adults was no worse than
that among younger populations.20-23 However, a
lack of age-matched controls in these studies was
a major drawback of such comparison.13,18,21,24,25
Moreover, comparisons between tPA and nontPA groups with AIS in such studies were biased
by nonidentical stroke management criteria,
especially the time between stroke onset to first
medical intervention. By contrast, the present
study used age-matched controls with AIS who
presented to the ER without the application of
intravenous tPA. Our findings revealed no increase
in symptomatic ICH events for any patient aged
>80 years with AIS treated with tPA. In our

Figure 3. Comparison between the actual and estimated mRS scores of the non-tPA group.
The estimated score represented the predictive 3-month mRS score by ANN Model 2 for the nontPA group as if they had been treated with tPA. The error bars represent the standard deviation of the
mRS scores. ANN – artificial neural network. mRS - modified Rankin Scale; tPA - tissue plasminogen
activator.Table 1. Baseline characteristics of the patients aged > 80 years treated with and without tPA.
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cohort, the tPA-treated group had lower mRS
scores than did the non-tPA group after followup for 3 months; however, significant differences
arose from their baseline stroke severity. This is
corroborated by findings indicating that age and
initial NIHSS scores are critical predictors of
stroke outcomes.16,26 In the current cohort, our
patients received a lower dose of tPA (0.6 mg/kg).
While current AHA/ASA guidelines recommend
an tPA dose of 0.9 mg/kg5, during our study period
between 2013 and 2016, thrombolysis for patients
aged >80 years was still considered to be “offlabel use”; experts have not achieved consensus
regarding the standard dose in this age group.10
Evidence from previous studies have proven the
safety and efficacy of intravenous tPA of 0.6 mg/kg
within 3 h of stroke onset, even for older patients
aged >80 years; however, a recent open-label,
randomized trial did not reveal a lower dose of tPA
be equivalent to the standard dose with respect to
death and disability at 90 days in AIS.16,27-29 Thus,
the “aging” and “tPA dose” effects may partially
explain the fact that in our cohort, the regression
model failed to demonstrate a beneficial response
to tPA treatment in the older population.
To provide an early prognosis and identify
patients with a high likelihood of poor outcomes
from AIS despite intravenous tPA, a reliable
tool for prediction of long-term AIS outcome
is crucial. Accurate prediction can influence
the decision-making process and lead to rapid,
appropriate arrangements for invasive addon treatment strategies such as endovascular
intervention.30 Several efforts have been made
to create a clinical scoring system that can
predict a patient’s functional outcome of AIS,
such as the Acute Stroke Registry and Analysis
of Lausanne (ASTRAL)31, the DRAGON30 and
the Totaled Health Risks in Vascular Events
(THRIVE)32 scores. Studies that have attempted
to predict outcomes after intravenous thrombolysis
based on clinical scoring items demonstrated
acceptable predictive performance, with AUCs of
approximately 0.7–0.9.30,31,33,34 However, further
improvement of predictive precision is warranted
for clinical application. To date, no predictive tool
has specifically focused on older adults aged>80
years.
Artificial intelligence techniques have rapidly
gained prominence in health-related fields. Such
techniques can enable investigation of nonlinear
data relationships, enhance data interpretation,
and lead to more efficient diagnostic and
predictive methods. With the rapid development
in modern computational technology and the

progress in bioinformatics methodology, artificial
intelligence-assisted diagnosis and medical
supporting systems have changed and will
continue to change medical practice. Stroke is a
multi-factorial condition that causes damage to
the central nervous systems. Developing a novel
method with the assistance of artificial intelligence
techniques can facilitate diagnosis and predict the
outcome of acute stroke to enable early detection
and treatment of this disease.
ANNs are a form of machine learning that
can be used to create artificial intelligence. Such
networks resemble the brain in two respects:
1) knowledge is acquired by the network from
its environment through a learning process and
2) interneuron connection strengths, known as
synaptic weights, are used to store the acquired
knowledge 35. Neural networks have many
advantages, including requiring less input from
the user and less formal statistical training, the
ability to implicitly detect complex nonlinear
relationships between dependent and independent
variables, and the ability to detect all possible
interactions between predictor variables.7,35
A supervised-learning ANN can emulate
human expert diagnostic performance and identify
relevant predictive markers in a diagnostic task.9
One study that used ANN techniques found
that an ANN could successfully differentiate
between people with stroke and healthy controls
by recognition of symptoms.7 Recent studies
have also shown the power of ANN to predict
AIS after carotid artery stenting and to predict
intracerebral hemorrhage and outcomes following
thrombolytic therapy for acute AIS.36-38 To our
knowledge, this is the first study to use ANN
for stroke outcome prediction among older
adults. Our results revealed precise predictions,
showing that ANNs can be effective tools for
predicting the outcomes of tPA treatment with
high accuracy. Through inputting simple variables,
we could immediately predict the outcomes and
estimate 3-month mRS scores with or without tPA
therapy among elderly patients at admission. This
information can have crucial clinical applications
in the decision-making process for elderly patients
with AIS.
The strength of our study is the use of a machine
learning-assisted method focusing for older
adults with AIS. Adequate and reliable outcome
predictions can support the clinical decisionmaking process and direct future therapeutic
plans. Our study demonstrated that, in older
adults with AIS, an ANN can accurately predict
prognosis through training with simple variables.
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The resulting AUC can range up to 0.974, and the
mRS score prediction demonstrated a low testing
error. These findings have clinical significance as
they prove that ANN-based predictive methods
can be potential applied to the treatment of AIS.
One limitation of the present study was potential
selection bias as well as lack of randomization
between the tPA and non-tPA groups. Because the
use of tPA to treat older adults is not reimbursed
by Taiwan’s National Health Insurance system,
such a prescription is only possible if patients
or their families are willing to pay themselves.
Consequently, their baseline socioeconomic status,
other health-related conditions, and severity of
stroke can affect their decision to pursue treatment.
Another selection bias is our study excluded the
patients who received surgical or intra-arterial
intervention followed by tPA. This might
exclude the patients who had a poor outcome
with intravenous tPA. Our study also had a small
sample size as well as monocentric information;
thus, additional multicenter studies with larger
sample sizes are warranted to verify the results and
develop models for those who undergo different
treatment strategies for AIS. The other limitation
was that from a traditional statistics viewpoint,
the neural network is a non-identifiable model,
and this might restrict the clinical interpretation
of such models.
In conclusion, our study demonstrated that
ANN techniques can be effectively used to
accurately predict functional outcome in older
adults with AIS. Furthermore, we demonstrated
the novel machine learning-based models can be
used to derive new knowledge and improve health
care management. These results indicate that
such models can be applied in clinical emergent
settings with cases of AIS to help with therapeutic
decision making.
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