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Abstract: Objective: To investigate the predictive value 
of clinical variables on the poor prognosis at 90-day fol-
low-up from acute stroke onset, and compare the diag-
nostic performance between  back propagation artificial 
neural networks (BP ANNs) and Logistic regression (LR) 
models in predicting the  prognosis.

Methods: We studied the association between  clinical var-
iables and the functional recovery of 435  acute ischemic 
stroke patients. The patients were divided into 2 groups 
according to modified Rankin Scale scores evaluated on 
the 90th day after stroke onset. Both BP ANNs and LR 
models were established for predicting the poor outcome 
and their diagnostic performance were compared by 
receiver operating curve.

Results: Age, free fatty acid, homocysteine and alkaline 
phosphatase were closely related with the poor outcome 
in acute ischemic stroke patients and finally enrolled in 
models. The accuracy, sensitivity and specificity of BP 
ANNs were 80.15%, 75.64% and 82.07% respectively. For 
the LR model, the accuracy, sensitivity and specificity was 
70.61%, 88.46% and 63.04% respectively. The area under 
the ROC curve of the BP ANNs and LR model was 0.881and 
0.809.

Conclusions: Both BP ANNs and LR model were promis-
ing for the prediction of poor outcome by combining age, 
free fatty acid, homocysteine and alkaline phosphatase. 

However, BP ANNs model showed better performance 
than LR model in predicting the prognosis.

Keywords: Back propagation artificial neural networks; 
Logistic regression model; Acute ischemic stroke; Poor 
outcome; Clinical variables

1  Introduction
Stroke is one of the major causes of disability and mor-
tality worldwide [1]. It places a tremendous burden on 
healthcare resources because of its high prevalence and 
recurrence in China [2]. In acute ischemic stroke (AIS) 
timely assessment of the prognosis is pivotal for opti-
mized therapy and allocation of healthcare resources to 
improve outcome [3]. Consequently, a  reliable model for 
the prognostic evaluation of AIS is a  worthwhile study. 
Ischemic stroke leads to rapid changes in the metabolic 
processes and signaling pathways. Ischemic cascade, acti-
vation of the immune system, brain vascular damage and 
blood-brain barrier dysfunction result in expression of 
biomarkers and the detection of these biomarkers in the 
peripheral blood thereafter. Therefore, biomarkers of the 
pathological processes active in AIS might have a signifi-
cant role on the establishment of the model. 

LR model is a universal linear model, which assumes 
the outcome variable to be a linear combination of input 
variables applied to a non-linear link function. Although 
LR is widely used in biomedical fields with ubiquitous 
availability and simple interpretation, true linear rela-
tionships rarely exist in epidemiology. However, ANNs 
are not limited to linear predictive rules. The model can 
“learn” mathematical relationship  between a series of 
input (independent, predictor) variables and the  match-
ing output (dependent, outcome) variables. This is accom-
plished by “training” the network with the training data 
set, which consists of predictor variables and associated 
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outcomes [4]. BP ANNs “train” with backward error propa-
gation algorithm, and which has functions of high degree 
fault-tolerance, nonlinear mapping, self-learning and 
self-organization [5]. BP ANNs has been used to predict 
mortality risk of liver failure, diagnose cancers and predict 
the plasma concentration of drug [6-8].

Previous studies reported that ANNs are superior to 
LR model for medical outcome prediction [9] while other 
authors suggested ANNs are not superior to LR model [10].  
However, to our knowledge no previous studies have com-
pared these models to predict prognosis of AIS in China. 
So this study was to investigate the relationship between 
clinical variables at admission and short-term prognosis 
in AIS patients, and compare the diagnostic performance 
of BP ANNs and LR models for prediction of prognosis.

2  Materials and methods

2.1  Study population

From June 2015 to June 2017, all consecutive patients with 
first-ever AIS admission to the inpatient department of 
neurology of the Sixth Affiliated Hospital of Guangzhou 
Medical University were recruited to participate in the 
study. All patients were admitted into the hospital from 
2.5 to 24 hours after stroke onset and experienced a new 
global or focal neurological event. All patients were diag-
nosed with AIS according to the World Health Organiza-
tion criteria. Brain MRI was performed routinely within 24 
hours after admission. Patients were excluded in accord-
ance with the following criteria: more than 24 hours 
from symptom recognition to admission, MRI could not 
be performed, cerebral arteriosclerosis (severe cerebral 
artery sclerosis, cerebral hemorrhage, epileptic seizure 
activity or coma, malignancy, acute or chronic inflam-
matory disease). The treatments included general care, 
blood pressure regulation, anticoagulation (antiplate-
lets intravenous thrombolysis), plasma lipid regulation, 
et al. Patients with diabetes were treated with diabetic 
diet, oral  hypoglycemic drugs and intravenous injection 
insulin. 

2.2  Ethical considerations

The Institutional Ethics Committee on Human Research of 
the Sixth Affiliated Hospital of Guangzhou Medical Uni-
versity approved the study protocol. All subjects received 
oral and written information concerning the background 

and procedures of the study, and the subjects or their rela-
tives gave written informed consent prior to participating 
in the study.

2.3  Data collection

After admission, demographic data (age, sex and blood 
pressure), and history of risk factors (smoking habit, 
alcohol abuse, hypertension, hyperlipoidemia, diabetes 
mellitus, atrial fibrillation and coronary artery disease) 
were collected. At admission, the neurological deficit of 
all subjects was quantified according to the National Insti-
tutes of Health Stroke Scale (NIHSS) [11]. 

Brain MRI with diffusion-weighted imaging (DWI) 
was available in all AIS patients. We considered the end-
point was as follows: (a) functional outcome on the 90th 
day after AIS onset. Outcome was evaluated by modified 
Rankin Scale (mRS, the good prognosis was defined as a 
mRS of 0-2 points, and the poor prognosis was defined as a 
mRS of 3-6 points) [12].The functional outcome evaluation 
was performed by one trained clinician who was blinded 
to the study, if discharged, with telephone interview. (b) 
all causes of mortality within 90 days.

Blood samples were collected in the second morning 
after fasting for at least 8 hours after admission. Plasma 
or serum aliquots were collected and centrifuged at 3000 
g for 10 min at ambient room temperature and were 
then frozen at -80℃ until assayed. The concentration 
of plasma markers (prothrombin time, activated partial 
thromboplastin time, thrombin time and fibrinogen) was 
measured with a particle-enhanced, immunoturbidimet-
ric assay in a calibrated Sysmex 1500 analyzer (Sysmex 
Corporation, Hyogo, Japan). The concentration of serum 
markers (free fatty acid, homocysteine, alkaline phos-
phatase, angiotensin converting enzyme, haptoglobin, 
blood urea nitrogen, high sensitive C reactive protein, et 
al.) was measured with the continuous monitoring assay 
in a calibrated Hitachi 7180 automatic analyzer (Hitachi 
High-Tech Science Systems Corporation, Hitachinaka-shi, 
Japan). 

2.4  Statistical analysis

Continuous variables were shown as mean ± standard 
deviation or median (interquartile range, IQR). Categor-
ical variables were expressed as percentages. Independ-
ent samples t-test or Mann-Whitney U test was used to 
compare continuous variables, and Chi-Square test was 
defined to compare categorical variables. Associations 
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between the prognosis of AIS and clinical variables were 
respectively assessed using BP ANNs and multivariate 
logistic regression models. Furthermore, their diagnostic 
performance was compared by receiver operating curve. 
P <.05 showed statistical significance, P <.001 showed 
extremely statistical significance. As only 435 participants 
were recruited in the current study, training set and test 
set was used to build the final model. Statistical analysis 
was performed using SPSS software, version 20.0(IBM 
SPSS Statistics) and R Project nnet packages glm function, 
version R 3.3.2.

3  Results

3.1  Clinical variables predicted poor 
prognosis in AIS patients in univariate 
analysis

Patients were divided into good and poor prognosis groups 
based on mRS scores evaluated on the 90th day after AIS 
onset. As shown in Table 1, in comparison to good progno-
sis group, patients from poor prognosis group accounted 

to 54.48% (n = 435) and were older (69.10 ± 12.32 versus 
60.69± 13.40, P <.001), had higher systolic blood pressure 
(SBP) (152.35±22.82 versus 144.47±21.88, P<.001), higher 
percentage of male patients(75.53% versus 64.14%, P<.05), 
more current smoker(42.61% versus 30.81%, P <.05), more 
hypertension (86.92% versus 75.25%, P <.05); more dia-
betes mellitus (35.02% versus 22.22%, P <.05) and more 
serious stroke conditions on admission [11(7-16) versus 
4(3-7), P <.05)]. 

Creatinine (CREA), uric acid (UA), blood urea nitrogen 
(BUN) and activated partial thromboplastin time (APTT) 
levels were higher in the poor prognosis group than the 
good prognosis group (P <.05). However, high density 
lipoprotein (HDL) levels were lower in the poor prognosis 
group than the good prognosis group (P <.05). Further-
more, free fatty acid (FFA), haptoglobin (HP), homocyst-
eine (Hcy), alkaline phosphatase (ALP), prothrombin time 
(PT), fibrinogen (Fbg) and high sensitive C reactive protein 
(Hs-CRP) levels were prominently higher in the poor prog-
nosis group than the good prognosis group (P <.001). 
However albumin (ALB) levels were prominently lower in 
the poor prognosis group than the good prognosis group 
(P <.001) (Table 2). 

Table 1: Clinical characteristic of patients with acute ischemic stroke

Characteristics Total Prognosis P-value

Good Poor

Number of patients, n 435 198 237

Age(years), mean±SD 64.18±13.20 60.69±13.40 69.10±12.32 <0.001**a

Male, n(%) 306 (70.34%) 127 (64.14%) 179 (75.53%) <0.05*c

SBP(mm Hg), mean±SD 148.77±22.72 144.47±21.88 152.35±22.82 <0.001**a

DBP (mm Hg), mean±SD 85.01±13.96 84.16±12.68 85.72±14.93 0.255a

Alcohol abuse, n (%) 94 (21.61%) 41 (20.71%) 53(22.36%) 0.516c

Current smoker, n (%) 162 (37.24%) 61 (30.81%) 101(42.61%) <0.05*c <0.05*c

Hypertension, n(%)          355 (81.61%) 149 (75.25%) 206 (86.92%)

Hyperlipoidemia, n (%) 67 (15.40%) 28 (14.14%) 39 (16.46%) 0.505c

Diabetes mellitus, n (%) 127 (29.20%) 44 (22.22%) 83 (35.02%) <0.05*c

Atrial fibrillation, n (%) 91 (20.92%) 39 (19.70%) 52(21.94%) 0.531c

Coronary heart disease, n (%) 120 (27.59%) 52 (26.26%) 68 (28.69%) 0.572c

Intravenous thrombolysis, n (%) 40 (9.20%) 16( 8.08%) 24(10.13%) 0.511c

Stroke severity, median 
NIHSS score(IQR)

9 (6-12) 4 (3-7) 11 (7-16) <0.05*b

Abbreviations: SD, standard deviation; NIHSS, National Institutes of Health Stroke Scale; IQR, interquartile range. 
*: p<.05; **: p<.001; a: Independent samples t test; b: Mann-Whitney U test; c: Chi-Square test. 
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3.2  Clinical variables predicted poor 
prognosis in AIS patients in multivariate 
Logistics regression model and BP ANNs 
model respectively

By gradually variable screening, age (Z=3.45; P<.01), FFA 
(Z=2.59; P<.01), Hcy (Z=2.98; P<.01) and ALP (Z=3.33; 
P<.01) were retained in the final model (Table 3). 

Based on the ROC curve, the cutoff value of Logis-
tic regression model for predicting of poor outcome was 
0.787, more than 0.787 considered as poor outcome, and 
less than 0.787 considered as good outcome. The area 
under the ROC curve was 0.809, and the accuracy, sen-

Table 2: Laboratory parameters of patients with acute ischemic stroke

Laboratory parameters Total Prognosis P-value

Good  Poor 

GLU(mmol L-1) 6.04±2.50 5.97±2.25 6.10±2.70 0.602a

CREA(umol L-1) 85.37±28.97 82.78±22.94 89.38±31.03 <0.05*a

UA(umol L-1) 337.37±103.86 324.05±99.16 348.49±106.56 <0.05*a

FRUC(mmol L-1) 281.62±102.29 280.15±105.58 282.85±99.67 0.784a

FFA(µmol L-1) 575.04±264.63 508.83±243.17 630.35±269.57 <0.001**a

ACE(U L-1) 23.77±12.44 23.97±11.25 23.60±13.38 0.754a

HP(g L-1) 1.60±0.80 1.39±0.69 1.78±0.85 <0.001**a

TC(mmol L-1) 4.67±2.27 4.58±1.23 4.74±2.87 0.447a

HDL(mmol L-1) 1.04±0.28 1.07±0.28 1.01±0.28 <0.05*a

LDL(mmol L-1) 3.03±1.05 2.97±1.02 3.07±1.07 0.302a

BUN(mmol L-1) 5.97±2.78 5.66±1.55 6.28±3.38 <0.05*a

Hcy(umol L-1) 14.63±7.80 10.29±3.49 18.25±8.53 <0.001**a

ALP(U L-1) 81.19±24.50 74.11±22.81 89.28±24.75 <0.001**a

TP(g L-1) 66.77±6.55 66.97±5.77 66.61±7.14 0.563a

ALB(g L-1) 37.77±4.55 38.80±3.62 36.92±5.05 <0.001**a

PT(s) 12.08±1.44 11.80±0.82 12.31±1.77 <0.001**a

APTT(s) 27.16±4.22 26.67±4.15 27.56±4.25 <0.05*a

TT(s) 17.68±1.83 17.72±1.43 17.65±2.11 0.702a

Fbg(g L-1) 3.44±1.16 3.16±0.83 3.67±1.33 <0.001**a

HS-CRP(mg L-1) 2.68(0.96-8.63) 1.42(0.59-3.57) 4.56(1.90-14.09) <0.001**b

Lpa(mg L-1) 278.00(179.00-446.00) 256.00(164.50-431.00) 291.00(194.50-458.50) 0.197b

 Abbreviations: GLU, glucose; CREA, creatinine; UA, uric acid; FRUC, fructosamine; FFA, free fatty acid; ACE, angiotensin converting 
enzyme; HP, haptoglobin; TC, total cholesterol; HDL, high density lipoprotein; LDL, low density lipoprotein; BUN, blood urea nitrogen; Hcy, 
homocysteine; ALP, alkaline phosphatase; TP, total protein; ALB, albumin; PT, prothrombin time; APTT, activated partial thromboplastin 
time; TT, thrombin time; Fbg, fibrinogen; Hs-CRP, high sensitive C reactive protein; Lpa, lipoprotein a.
Data are mean ± standard deviation values or the median (interquartile range) 
*: p<.05; **: p<.001; a: Independent samples t test; b: Mann-Whitney U test.

Table 3: Multivariate Logistics Regression of Prognosis among 
Training Set

Parameters Estimate Standard Error z-value p-value

Age .04 .01 3.45 <.01**

FFA .59 .21 2.59 <.01**

Hcy .04 .02 2.98 <.01**

ALP .03 .01 3.33 <.01**

**: p<.01
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sitivity and specificity were 70.61%, 88.46% and 63.04% 
respectively (Table 4, Figure1).

Similarly, according to the ROC curve, the cutoff 
value of BP ANNs model for predictive of poor outcome 
was 0.607, more than 0.607 considered as poor outcome, 
and less than 0.607 considered as good outcome. The area 
under the ROC curve was 0.881, and the accuracy, sen-
sitivity and specificity was 80.15%, 75.64% and 82.07% 
respectively.  (Table 5, Figure 1)

4  Discussion
AIS is a type of ischemic stroke arising from a block-
ade of the blood vessels supplying blood to the brain. It 
places a huge burden on health resources in China. Thus, 
a  better model for the prognostic evaluation is a  worth-

while pursuit. The model would make for better resource 
allocation and guide preventive strategies. Our study had 
compared different models – BP ANNs and LR– in accom-
plishing this goal.

In 1996, the US Food and Drug Administration 
approved the intravenous application of recombinant 
tissue-type plasminogen activator (r-tPA) for patients 
with acute ischemic stroke. In our study, the intravenous 
thrombolysis rate did not significantly differ between 
good prognosis and poor prognosis patients. There are 
many factors associated with the result, including the 
clinician’s lack of understanding of the importance of 
intravenous thrombolysis and patients’ refusal of throm-
bolysis based on the risk for hemorrhage. However, the 
most important reason may be that intravenous thrombol-
ysis has rigorous indications and contraindications, and 
most patients do not meet these criteria. We found that the 
increase of age, FFA, Hcy and ALP were correlated with 
the poor functional outcome at 90 days from AIS onset. It 
is well known that the prognosis of AIS would be worse, 
with the increase of age.

FFA is the energy source that acts as the signaling 
molecule in different cellular processes [13]. The plasma 
FFA concentration is closely related to lip id metabolism 
and insulin resistance [14, 15]. Guo et al [16] reported that 
inflammation and oxidative stress are more obvious in 
acute stoke patients with insulin resistance which may 
cause worse stroke severity. Our study showed that high 
FFA levels were associate d with poor functional outcome 
in AIS patients even after cor recting for possible con-
founding factors. Therefore, we speculated that elevated 
FFA levels may be related to inflammation and oxidative 
stress in AIS patients. 

Table 4: Discriminatory Outcomes of Multiple Logistics Regression 
Model

Predict Result of
Logistic Regression

Training Set Testing Set

Good Poor Good Poor

Good 69  68 39 61

Poor  9 116 12 61

Total 78 184 51 122

According to training set, the area under the ROC curve was 0.809, 
the cutoff value was 0.787, more than 0.787 considered as poor 
outcome, and less than 0.787 considered as good outcome. Retro-
spective evaluation model by the training set, the accuracy, sensitiv-
ity and specificity were 70.61%, 88.46% and 63.04% respectively. 
Evaluation model by the testing set, the accuracy, sensitivity and 
specificity were 57.80%, 76.47% and 50.00% respectively.

Figure 1: ROC curve of BP ANNs model and logistic  regression model 
(p<.05)

Table 5: Discriminatory Outcomes of BP ANNs

Predict Result 
of BP ANNs

Training Set Testing Set

Good Poor Good Poor

Good 59  33 25 38

Poor 19 151 26 84

Total 78 184 51 122

According to training set, the area under the ROC curve was 0.881, 
the cutoff value was 0.607, more than 0.607 considered as poor 
outcome, and less than 0.607 considered as good outcome. Retro-
spective evaluation model by the training set, the accuracy, sensitiv-
ity and specificity were 80.15%, 75.64% and 82.07% respectively. 
Evaluation model by the testing set, the accuracy, sensitivity and 
specificity were 63.01%, 49.02% and 68.85% respectively.
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Hcy is a thiol-containing amino acid formed during 
methionine metabolism. Previous studies have suggested 
that high Hcy is considered as a risk factor for acute car-
dio-cerebrovascular disease [16]. Our results showed that 
elevated plasma Hcy was correlated with the poor func-
tional outcome of AIS. Hcy was accepted as a risk factor 
for stroke, the possible mechanisms include: endothelial 
toxicity, coagulation promotion, inhibition of membrane 
metabolism in neuronal cells, induction of neuronal exci-
to-toxicity, and Hcy may affect genes which are involved 
in the regulation of neuronal responses to ischemia stroke 
[17]. 

ALP is a routine marker for evaluating hepatic and 
bony disease. Recently, several studies have reported 
that higher levels of ALP were related to increased risk of 
future small cerebral vascular disease and stroke events 
[18, 19]. In this study, we found that the serum level of 
ALP was significantly higher in patients with poor prog-
nosis than in those with better prognosis. The result is in 
accordance with findings from a previous study [20]. The 
findings suggested that elevated ALP levels were related 
to poor functional outcome and showed that higher level 
ALP may play an important part in the pathogenesis of 
AIS. Elevated ALP levels may form a risk for poor func-
tional outcome and mortality after AIS because of progres-
sive atherosclerosis. 

The above three biomarkers are the useful tools to 
predict poor outcome 90-day after AIS in Chinese popula-
tion and have the potential to assist clinicians in identify-
ing high-risk patients. Moreover, in the clinical research, 
defined biomarkers might also serve as the substitutable 
outcome measurement to facilitate clinical trials. There-
fore, blood FFA, Hcy and ALP levels, due to their strong 
correlation with the poor prognosis of AIS. Their easy and 
early availability, show to be good prognosis biomarkers 
for AIS.

ANNs have the advantage of using information from 
incomplete data records over traditional LR model. Con-
sidering the fact that incomplete data are common in clin-
ical practice, ANNs could more accurately represent the 
clinical scenario under investigation [21]. Thus, another 
part of this study was to compare the diagnostic perfor-
mance between BP ANNs and LR models in predicting the 
prognosis. 

The area under the Receiver Operating Characteris-
tic (ROC) used to compare ANNs with LR curve to evalu-
ate the predictive performance of two models in medical 
applications. The higher ROC area indicated a better per-

formance of the model. In our study, based on the ROC 
curve, we found that the area under the ROC curve of BP 
ANNs was greater than Logistic regression models (0.881 
vs 0.809, P<.05), moreover, the accuracy and specificity 
was higher than Logistic regression models (80.15% vs 
70.61%, and 82.07% vs 63.04% respectively, P<.05). There-
fore, we considered that BP ANNs model showed better 
performance than Logistic regression model in predicting 
the poor prognosis in AIS patients. Similar results have 
also been reported in the previous study, where ANNs 
have been used for the diagnosis and the prognosis of pre-
diction in some diseases. Previous research reported that 
ANNs model to diagnose acute myocardial infarction and 
dyslipidemia showed better performance than logistic 
regression models [22, 23]. Wise et al also described that 
improved performance of ANNs over logistic regression 
in predicting the outcome of ruptured abdominal aortic 
aneurysm repair [24]. 

Several limitations of our study must be considered. 
First, the patients included in the present study were from 
one center only. Second, the relatively small sample size 
may restrict the generalization of the study results. Before 
the widespread implementation, further studies are 
needed for external validation. Third, Modified Rankin 
Scale is not a sensitive outcome measure, which means 
that some subtle differences in outcome may have been 
missed. Finally, none of the three biomarkers are specific 
in AIS and they may be elevated in the setting of medical 
comorbidities. Therefore, biomarkers would likely serve 
as an auxiliary rather than a substitute for initial radio-
graphic tests. For example, head computed tomography 
(CT), which is rapid, must be performed in order to rule 
out space-occupying lesion, hemorrhage, cerebral infarc-
tion volume and so on.

5  Conclusion
In conclusion, BP ANNs model showed better perfor-
mance than LR model by combining age, FFA, Hcy and 
ALP in predicting the poor prognosis of AIS patients.
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