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Abstract

Predicting the outcome of the ischemic stroke is a complicated task since its
mortality and disability rates depend on multiple factors, including age, sex,
stroke type and severity, various comorbidities. In addition, survival rate also
varies across the countries, reflecting such factors as genetics and differences in
the organization of the national health care systems. This study aims at finding
predictors of a 1-year survival after ischaemic stroke in a sample of 254 patients
from the Perm region of Russia. Each patient was described with 75 parame-
ters, registered following routine clinical examinations and including information
about the stroke subtype and severity, lesion size and location, stroke-associated
deficits, comorbidities, smoking, results of the blood tests and cardiac charac-
teristics, measure using echocardiography. The final prediction model was based
on a logistic regression and included the 6 most informative characteristics: age,
NIHSS score at discharge, hemoglobin level, involvement of the anterior choroidal
artery, recurrent stroke within the following year and the cardioembolic origin.
The proposed model has reached the accuracy level of 84% in a 10-fold cross-
validation. Further multicenter studies are needes to test how well the revealed
predictors could be extrapolated to other clinical settings and samples.
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1 Introduction

Stroke is a severe neurological disorder, characterized by a high-level of mortality
and chronic disabilities among survivals [1]. Taking into account the tremendous
economical and social impact of stroke, finding predictors of stroke outcome is an
important task of clinical decision-making. However, the etiology of stroke is highly
variable, including a significant portion of cryptogenic cases with undetermined causes.
This makes predicting stroke outcome a complicated task. Recent models predicting
unfavourable stroke outcome include a 30-day mortality risk prediction model [2], a
nomogram for predicting death within 6 months of stroke [3], the PLAN score [4], the
IScore [5], the Ischaemic Stroke Survival Score [6], various scores and models for pre-
dicting survival up to 1 year [7–9], including a dynamic prediction model suggested
by Huang et al. [10], and a 10-year mortality model proposed by Szlachetka et al. [11].
Despite the differences in the proposed models, there is a common evidence that cer-
tain factors may be considered as promising predictors of stroke survival, including
age [4, 10, 11], sex [5, 10, 11], stroke severity [2, 5, 10], stroke type [4, 7, 10] and vari-
ous comorbidities [4, 5, 7], such as heart-related diseases, diabetes, renal disfunctions,
etc. However, the exact combination of these factors in the proposed prediction mod-
els varies across the studies (a detailed comparison of these studies is given in Tab. 1).
This fact may reflect not only the differences in the used prediction models but also
the different mortality levels from stroke across the countries [12], which may stem
from multiple factors such as race [13], lifestyle [14], genetics [15, 16] and differences
in the organization of the national health care systems w.r.t. stroke treatment [17].
Taking into consideration these factors and the fact that most of the predicting mod-
els were designed based on Western populations, the goal of the present work was to
identify factors that could be used to predict mortality rate 1 year after stroke in a
Russian population from the Ural region.

2 Materials and methods

2.1 Clinical sample

This study represents analysis of 254 patients (mean age - 65.8±10.2 years, min -
28, max - 90; 140 males / 114 females) with an acute ischemic stroke, who were followed
for at least one year after their initial hospitalization to the Neurological Department
of the Perm City Clinical Hospital №4. The inclusion criteria were the following:

1. An acute ischemic stroke at the time of admission, confirmed by a clinical specialist
based on both CT and MRI scans;

2. a complete clinical, laboratory, and instrumental examination according to the
current health care guidelines and protocols;

3. a given written informed consent.

During the following year 54 patients died, which corresponds to a 21% mortality
rate. Following the routine clinical examinations during the hospitalization, a com-
prehensive dataset of 75 clinical parameters was collected for each individual. All
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clinical examinations were conducted in accordance with national health care guide-
lines and protocols. The recorded parameters included both numerical (Tab. 2) and
binary (Tab. 3) variables, that could be categorized into distinct groups for better
interpretation.

The binary variables were used to describe: 1) stroke etiology - atherothrombotic,
cardioemdolic, embolic stroke of undetermined source (ESUS) or other; 2) location
of stroke lesion(s) within particular brain regions or partical artery basins; 3) various
comorbidities (ex. ischemic heart disease, cancer, etc.); 4) stroke-associated deficits
(ex. hemiparesis, aphasia, etc.) and 5) smoking.

The numerical variables include age, weight, height and the related to them Body
Mass Index (BMI) and Body Surface Area (BSA), hours before admission to hospital,
different characteristics of stroke severity (ex.The National Institutes of Health Stroke
Scale score (NIHSS) and The Modified Rankin Scale score(mRS)), lesion size, results
of the clinical blood tests (ex. red blood cells, lymphocytes, thromobocytes, etc.) and
cardiac characteristics (ex. ejection fraction, end systolic volume, end diastolic volume,
etc.), measured using echocardiography (EchoCG).

2.2 Methods

All data analysis was conducted using WEKA v.3.6.13 Software [18]. The feature selec-
tion procedure was performed on the whole dataset with the CfsSubsetEval function.
This function implements the approach proposed by Hall and Smith [19], which evalu-
ates the value of a subset of attributes by considering the individual predictive values
of each feature along with the degree of redundancy between them. As the result, this
approach yields a subset of parameters that are highly correlated with the outcome
but have little or no correlation with each other.

The suggested prediction model for a 1-year stroke survival was a linear binary
classification model based on a logistic regression. In this model, a linear combination
of features is taken as an argument of the logistic function:

logit(x) =
1

1 + e−x
(1)

The coefficients in the model were estimated by the maximum likelihood method. The
accuracy of the prediction model was tested using a 10-fold cross-validation procedure.

3 Results

The results of the feature selection procedure on the whole dataset yielded 10 potential
predictors of the stroke survival: age, stroke type, NIHSS scores at admission and at
discharge, mRS score at discharge and after 90 days, hemoglobin level, recurrent stroke
during the follow-up period, involvement of the anterior choroidal artery, and ejection
fraction, measured with EchoCG. Out of these parameters 6 were retained in the final
prediction model, which was built using logistic regression with 10-fold validation:

Survival = logit(1.01−0.02·Age−0.06·NIHSS−0.32·Cardioembolic−0.02·Stroke2

4



+ 0, 74 ·AntChArt+ 0.01 ·Hg), (2)

where NIHSS refers to NIHSS score at discharge, Cardioembolic is equal to 1 when-
ever the stroke was confirmed to be of a cardioembolic origin, Stroke2 is set to 1
if a recurrent stroke happened during 1 year after the first event, AntChArt indi-
cates involvement of the anterior choroidal artery, Hg reflects blood hemoglobin level.
The accuracy of the suggested model reached 84.6%. More details on the model
performance are provided in Tab. 4.
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4 Discussion

In this work we presented an attempt to create a prediction model for a 1-year survival
after acute ischemic stroke among patients residing in the Perm region of Russia. Since
existing studies report multiple different factors as potential predictors of survival
after stroke, we have considered all available clinical data to select the best param-
eters that could be correlated with the 1-year outcome. These parameters included
data on stroke type and location, stroke-associated deficits and their severity, existing
comorbidities, as well as data from routine blood and heart investigations. Out of 75
available characteristics, only 6 were retained in the final prediction model, namely:
age, NIHSS score at discharge, hemoglobin level, recurrent stroke withing the follow-
ing year, involvement of the anterior choidal artery and the cardioembolic ethiology
of stroke. While increasing age has been negatively associated with stroke survival in
almost every existing prediction model, other factors deserve more discussion.

Stroke severity, measure either by NIHSS [2], mRS [11] or CNS (Canadian Neuro-
logical Scale) [8] scores, are commonly considered as indicators of poor prognosis and
are widely used in various prediction models. However, it remains an open question
which scale may better describe the outcome, since in most of the studies only one
scale is used and it is not possible to compare their prediction abilities on the same
sample. In the present study we considered both NIHSS and mRS scales. Although
both of them were selected during the feature selection procedure, only NIHSS score at
discharge was retained in the final model. When NIHSS score was replaced in the final
prediction model with the mRS score at discharge, the prediction accuracy remained
high (83%) but was slightly smaller than for the NIHSS score. Adding both scores
to the model did not lead to any significant improvement in the model performance,
since NIHSS and mRS scores were highly correlated with each other. Thus, we con-
clude that both of these scales could be used interchangeably, however NIHSS score
should be preferred at least on our sample.

Stroke type is another important factor that may influence survival rate. In most
of the studies only 2 types of stroke (ischemic or hemorrhagic) are considered, with the
hemorrhagic type being a significant predictor for a poor prognosis. Indeed, a 30-day
mortality rate from hemorrhagic stroke is twice as large as of the ischemic stroke [20].
However, unlike such studies, in this work we have focused only on the ischemic stroke,
which itself presents a heterogeneous disease [21]. Subtypes of ischemic stroke differ
in their management strategies, severity of the associated deficits, recurrence rates
and possibly, mortality rates. In line with the previous study of Stead et al. [22],
the only subtype, included in the final prediction model, was cardioembolic, which
has been previously reported to show the worst prognosis amongst ischemic stroke
subtypes [23, 24]. Similar to Stead et al. [22], cardioembolic subtype in our model
was considered as a separate predictor, independent of age, gender, and NIHSS score.
Of interest, cryptogenic stroke, which was not included in the prediction model, was
associated with a less severe outcome than cardioembolic stroke. Taking into account
the diversity of the pathological mechanisms, underlying different stroke subtypes, it is
possible that building prediction models separately for each stroke subtype will result
in better predictions and bring under attention more clinical factors that would be
significant for a particular type of stroke [25]. However, this kind of investigation was

6



left beyond the scope of the present work because the sample size was not sufficiently
large to consider each stroke subtype separately.

Recurrent strokes have been previously associated with long-term mortality rates
in patients with ischemic stroke [26–28]. In our prediction model a recurrent stroke
within a 1-year period was also considered as a separate predictor of a poor outcome,
highlighting the importance of prevention of recurrent vascular events. The prevention
of recurrent stroke should be managed in accordance to its pathogenetic subtype [29].
However, up to 30% of all ischemic stroke cases are crytogenic [30], i.e. of an unknown
origin. That is why developing new algorithms for identifying stroke subtypes presents
an important direction for future research, aimed at improving a long-term outcome
after ischemic stroke.

Higher hemoglobin level in our model was considered as a favourable predictor,
contributing to survival after stroke. Considering it impact on oxygen delivery and
blood viscosity, it is not surprising that higher level of hemoglobin has a positive
influence on the stroke outcome. Indeed, recent review and meta-analysis suggest that
anemia in ischemic stroke could be linked to increased mortality and disability [31, 32].
However, it is possible that the association between the levels of hemoglobin and
stroke mortality is not linear [33], and both too low or too high values would increase
mortality and lead poorer functional outcome.

Finaly, the involvement of the anterior choroidal artery, which was considered by
our model as a favourable factor, may reflect the fact that such type of stoke is likely to
be related to microangiopathy rather than to atherosclerosis or other ”more serious”
causes. And indeed, previous studies point to the fact that infarcts in the anterior
choroidal artery basins have more favourable outcome compared to other cases of
supratentorial ischaemic stroke [34].

The relative contribution of the above mentioned factors to stroke survival, as well
as their subset, may potentially vary across different clinical centers, regions and with
the change of the prediction period. Thus, the presented results should be extrapolated
with reasonable caution and future multi-center studies are needed to confirm the
generalizability of the proposed model.
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Table 2 Summary of the numerical variables across the sample

Parameters Mean Sd

Age 65.83 10.23
Weight (kg) 78.80 15.73
Height (cm) 167.21 9.66
BSA 1.88 0.20
BMI 27.95 5.05
Hours before admission 25.23 41.93
Stroke severity

NIHSS at admission 6.78 5.28
NIHSS at discharge 3.56 4.50
mRS at discharge 1.91 1.37
mRS after 90 days 1.61 1.37
Lesion size (max diameter), mm 34.17 25.68

Blood Tests
Red Blood Cells, x1012/L 4.66 0.57
Hematocrit, % 40.87 5.01
Hemoglobin, g/L 138.78 18.03
Lymphocytes, % 25.03 9.74
Thrombocytes, x109/L 220.95 71.34
LDL (Low-Density Lipoprotein) 3.11 1.07
HDL (High-Density Lipoprotein) 1.24 0.33
TC (Total Cholesterol) 5.06 1.26
TG (Triglycerides) 1.59 0.89
GFR (Glomerular Filtration Rate) 73.87 19.42

Cardiac parameters
Ejection fraction (EF), % 57.69 7.41
End-Diastolic Diameter (EDD) 47.17 5.34
Ventricular Septum size 12.78 1.80
Posterior wall size 11.71 1.44
End-Diastolic Volume (EDV) 101.83 26.06
End-Systolic Volume (ESV) 43.96 18.02
Heart stroke volume (SV) 57.87 13.41
SV index 30.81 6.99
LA (Left Atrial) train 20.66 5.42
LA volume 71.21 29.48
LA volume index 38.27 16.24
LA diameter 3.86 0.54
LA 2nd size 3.93 0.51
LA 3rd size 5.19 0.70
LADi (Left Atrial Diameter index) 2.08 0.39
Post-Stroke SBP (Systolic Blood Pressure) 148.98 19.59
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Table 3 Summary of the binary parameters across the sample

Parameters Male (N) Female (N) Total (N)

Stroke type
Embolic stroke of undetermined source (ESUS) 70 59 129
Atherothrombotic 36 14 50
Cardioembolic 19 31 50
Other non-ESUS 15 10 25

Stroke localization
Cortical 63 56 119
Cortico-subcortical 44 40 84
Lacunar 11 2 13
Deep lesion 32 18 50
Insula lesion 17 25 42
Corpus callosum lesion 2 6 8
Brainstem 8 4 12
Anterior cerebral artery 6 6 12
Middle cerebral artery 91 83 174
Posterior cerebral artery 18 9 27
Anterior choroidal artery 12 14 26
Posterior inferior cerebellar artery 22 12 34
Multiple lesions within the same basin 43 24 67
Multiple lesions in different basins 21 9 30

Comorbidities
Cancer 12 11 23
Obesity 31 47 78
Arterial hypertension 136 110 246
Diabetes mellitus 15 36 51
Acute myocardial infarction 3 3 6
Myocardial infarction (>1 month ago) 21 9 30
Atrial fibrillation 7 7 14
Ischemic heart disease 40 25 65
Previous stroke 38 27 65

Neurological deficits (after the event)
Dysphagia 2 2 4
Hemianopsia 14 8 22
Hemihypersthesia 52 34 86
Hemiparesis 98 77 175
Ataxia 14 14 28
Oculomotor disturbances 10 4 14
Neglect 12 20 32
Motor aphasia 18 17 35
Sensory-motor aphasia 22 29 51
Acute vestibular syndrome 12 8 20

Smoking 65 9 74
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Table 4 Detailed model performance by class

Class TP rate FP rate Precision Recall F-measure ROC area

Died 0.426 0.04 0.742 0.426 0.541 0.817
Survived 0.96 0.574 0.86 0.96 0.907 0.802

Weighted Avg. 0.846 0.46 0.836 0.846 0.829 0.805
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