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Reliability and radiologists’ concordance of 
artificial intelligence (AI)-calculated Alberta 
Stroke Program Early CT Score (ASPECTS) 

Background: ASPECTS was developed for the semi-quantitative assessment of 
early ischemic changes (EIC) on non-contrast computed tomography (NCCT) 
in acute ischemic stroke (AIS). Artificial intelligence (AI)-based automated tools 
for the ASPECT scoring system were developed to automate the diagnosis and  
improve the agreement with radiologists of AIS. The performance of the automated  
software compared to physicians should be tested before the software is further 
used in clinical practice as a tool for clinicians.
 
Objective: To evaluate the agreement with radiologists of an AI-based automated 
post-processing software for detecting EIC and calculating ASPECTS on NCCT 
images in AIS patients using a radiologist's assessment as a reference.

Materials and Methods: NCCT of AIS patients were retrospectively reviewed 
(Stroke Fast Track Service July 2022 - December 2023). The complete set of clinical  
data and imaging data from both baseline and follow-up were analyzed by a  
radiologist as a reference. Two additional observers provided individual ASPECTS 
from the baseline NCCT only (observer 1 was a radiologist who independently 
reviewed only the baseline NCCT with stroke window setting. Observer 2 was 
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a radiologist on service which was from the pool of 20 radiologists onsite and  
online). Recon&GO Inline ASPECTS software (Somaris X, VA40A, Siemens 
Healthineers AG, Erlangen, Germany)  was applied. Both ASPECT score analysis 
and ASPECTS region analysis were evaluated. Positive percent agreement (PPA) 
and negative percent agreement (NPA) were calculated. Interobserver agreement 
was assessed using the Cohen's kappa coefficient and the intraclass correlation 
coefficient (ICC).

Results: 111 patients with a mean age of 67.8 years (±11.9), 56 (50.5%) females, 
a mean National Institute of Health Stroke Scale (NIHSS) score of 14.2 (±8.8), 
and a mean time to baseline NCCT of 123.9 minutes (±58.7) were included. For 
dichotomized ASPECTS, the automated software showed lower PPA (14.6% vs. 
27.1%) but higher NPA (100.0% vs. 93.7%) than observer 2. For the region-based 
analysis, both the automated software and observer 2 differed in terms of regional  
contribution. The automated software showed low PPA but rather high NPA 
with perfect (100%) NPA in lentiform nucleus and M2. The automated software 
showed higher agreement with the reference and two observers in deep/central 
regions than cortical regions. For total ASPECTS, the automated software showed 
a moderate agreement of total ASPECTS with the reference and observer 1 (ICC = 
0.545 and 0.545). Observer 2 showed a poor agreement of total ASPECTS with the 
reference, observer 1, and the automated software (ICC = 0.349, 0.422, and 0.301, 
respectively).

Conclusion: For total ASPECT score, the agreement of the tested AI software is 
lower compared to observer 1 obtained by a radiologist using the stroke window 
on NCCT, but better compared to a pool of radiologists on service with a time 
limit of 30 minutes to interpret the ASPECT score. When analyzing the ASPECTS 
regions, there are different advantages for the assessment of the deep regions and 
the cortical regions. The tested AI software shows higher agreement in deep/ 
central regions than cortical regions. From the result, the tested AI software  
retains its potential for use in emergency situations, particularly for radiologists 
with limited experience and limited time to report.

Keywords: Acute ischemic stroke, Alberta Stroke Program Early CT Score,  
Artificial intelligence, Computed tomography.
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Ischemic stroke is one of the acute cerebrovascular diseases that is the leading 
cause of death and severe disabilities worldwide and places an enormous burden 
on global and national healthcare systems [1, 2]. An acute ischemic stroke (AIS) 
that is not appropriately interpreted and treated carries a high risk of mortality and 
disability. Management of an ischemic stroke should be prompt so that appropriate  
treatment can be initiated and the patient has the best chance of survival. Time is 
of the essence: the faster the diagnosis is made and the appropriate treatment is 
initiated, the better the outcome for the patient [3]. 

In Thailand, the National Health Security Office (NHSO) has supported the free 
treatment of patients with AIS with thrombolytics since 2008 [4]. Subsequently, 
the above-mentioned treatment services were expanded into a "Stroke Fast Track" 
as a stroke service network in all areas of Thailand. This service network aims 
to ensure that the time from the onset of the patient’s neurological symptoms to 
intravenous thrombolytic treatment is as fast as possible within 270 minutes (4.5 
hours) [4]. Recently, the treatment of AIS has developed rapidly due to a highly  
effective endovascular therapy [5-11]. Endovascular therapy with mechanical 
thrombectomy (MT) is the current standard of care for patients with AIS and large 
vessel occlusions (LVO) [12, 13]. Nowadays, the time window for treatment of AIS 
is generally 6 hours after the onset of the patient’s neurological symptoms.

The diagnosis of AIS is based on clinical examination and neuroimaging techniques.  
Neuroimaging techniques (including CT and MRI) have become an integral approach  
for the detection and characterization of AIS and the prediction of prognosis.  
The severity and extent of an ischemic stroke lesion could be used as one of the  
parameters for the selection of patients for MT [14]. Non-contrast computed 
tomography (NCCT) of the brain is the most widely used method for assessing 
the early signs of ischemic brain change in stroke patients. The Alberta Stroke 
Program Early CT Score (ASPECTS) is a tool for semi-quantitative assessment 
of early ischemic changes (EIC) on NCCT of patients with AIS in the anterior  
circulation [15, 16]. Since 2000, the ASPECTS has been widely used to detect the 
extent of EIC, assess the impact of treatment, and predict the prognosis [17]. The 
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guidelines for early management of AIS recommend the use of the ASPECTS to 
identify patients suitable for MT. A score of ≥ 6 is an important cut-off value and 
one of the criteria that qualify patients for MT [13] and thrombolytic treatment. 
Nevertheless, the early brain imaging changes, including loss of the normal gray-
white matter interface and effacement of the cortical sulci, can be subtle and make 
it particularly difficult for clinicians to recognize them and determine the optimal 
management in an emergency scenario. ASPECT scoring requires a high level of 
expertise to detect subtle changes in the NCCT in the early phase of brain ischemia 
[18]. Expertise is not available in every center where stroke patients are presented.

Recently, artificial intelligence (AI) technology has greatly impacted the field 
of stroke image analysis by automating diagnosis and improving the diagnostic  
accuracy of AIS [19]. Many tools for stroke image analysis have been developed 
to reduce the time needed to detect abnormalities and to provide more accurate 
results [20]. Several studies reported the use of AI-based automated software  
versus radiologists for the diagnosis of AIS on CT or MR imaging, such as detection 
of subtle changes in attenuation on NCCT [21],  the automatic ASPECTS scoring 
system for the AIS area on CT and MRI [22, 23], detection of the hyperdense sign 
of the middle cerebral artery (MCA) on CT [24] and the automatic quantification 
of cerebral edema on CT [25]. Recon&GO Inline ASPECTS software, the  AI-
based automated post-processing ASPECTS software in this study was developed 
by Siemens. Several studies reported on the use of automated ASPECTS software 
compared to radiologists. Any automated software may lead to different diagnostic  
outcomes. However, no study has investigated this software.

The AI-based automated post-processing ASPECTS software has been used 
in Phayao Hospital since July 2022. However, the performance of the AI-based  
automated post-processing software should be tested with physicians before this 
software is further used in clinical practice as a tool for clinicians. Therefore, this 
study was designed to evaluate the agreement with radiologists of the AI-based  
automated post-processing software for detecting EIC and calculating the  
ASPECTS on the NCCT in AIS patients (including patients in the stroke fast track 
service), using a radiologist's assessment as a reference. Imaging data from the 
baseline and the follow-up were evaluated as a reference.
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Study participants
Data from consecutive patients who were presented to the stroke fast track  
service in Phayao Hospital between July 2022 and December 2023 and underwent  
multimodality brain CT for suspected AIS and met the inclusion criteria were  
retrospectively identified using the Radiologic Information System and the  
Picture Archiving and Communication System. The inclusion criteria were: (1) 
the patient was ≥18 years old, (2) the baseline multimodal NCCT was performed 
within 270 minutes (4.5 hours) of symptom onset or last seen normal, and (3) the 
AIS was located in the middle cerebral artery (MCA) territory. Exclusion criteria 
were: (1) patients with intracranial hemorrhage or other diagnoses explaining the 
symptoms, such as tumor, infection, ischemic stroke within the anterior cerebral  
artery (ACA) or posterior circulation, and (2) patients with a previous brain  
surgery or bilateral old large territorial infarction, and (3) no follow-up CT or 
CTA performed within 7 days of the baseline NCCT. The detailed flowchart of the 
patient selection process is shown in Figure 1.

Imaging data and evaluation by radiologists 
All patients in this study received the same CT scan protocol, including NCCT 
scans of the brain on a 32-row detector/192-slice multidetector CT scanner  
(SOMATOM go.All, Siemens Healthineers AG, Forchheim, Germany). The NCCT 
scans were acquired in the helical mode with the following parameters: 0.7 mm 
slice collimation, spiral pitch factor of 0.55, tube voltage of 120 kV, and image  
matrix 512 x 512. The images were reconstructed in 1 mm overlapping sections. 
Axial images were reconstructed with a slice thickness of 1 mm and 5 mm. Coronal  
and sagittal multiplanar reconstructions were performed with a slice thickness of 
3 mm.

For the manual ASPECTS assessment, a radiologist (with 9 years of experience) 
independently reviewed only the baseline NCCT with stroke window setting 
(window level of 35 Hounsfield units (HU) and width of 30 HU [26]) to create the 
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ASPECT score, hereafter referred to as observer 1. For this assessment, the reader 
was only aware of the sidedness of neurological deficit and did not have access to 
the follow-up NCCT.

In addition, each baseline NCCT was regularly assessed by a pool of twenty  
radiologists on service (two radiologists at Phayao Hospital and eighteen  
teleradiologists) who were prospectively assigned to read NCCT in the stroke fast-
track procedure (hereafter referred to as observer 2). Their results were recorded 
for analysis, which corresponded to the actual situation.

Eight weeks later, the same radiologist (observer 1) independently performed 
an ASPECTS assessment using the completed set of available baselines NCCT,  
follow-up NCCT and/or CTA, and digital subtraction angiography (DSA) as 
the reference. The reader was blinded to the result of the automated software  
evaluation. Meeting criteria 1 + 2 or 2 +3 or 1 + 2 + 3 was defined as EIC on baseline  
NCCT: (1) presence of hypodensity and/or loss of gray-white differentiation, (2) 
ischemic changeable on follow-up NCCT, (3) Any individual region of hypodensity  
occupying ≥20% of that region. Existing hyperdense MCA signs were also  
additionally recorded. The reader was informed of the sidedness of neurological 
deficit and clinical data.

Automated calculation of ASPECTS
For comparison, the Recon&GO Inline ASPECTS software (Somaris X, VA40A, 
Siemens Healthineers AG, Erlangen, Germany), was used to analyze the NCCT 
for EIC in acute stroke in the MCA territory as well as the automatically calculated  
ASPECTS. The data sets of the post-processed axial NCCT reconstruction of the 
brain with a slice thickness of 5 mm, a matrix size of 512 x 512 and a smooth  
kernel reconstruction are prerequisites for the evaluation.

An artificial intelligence (AI) recognizes the patient's landmarks and anatomy. 
A probabilistic atlas was automatically created to outline the ASPECTS regions  
(caudate nucleus (C), internal capsule (IC), insula (INS), lentiform nucleus (LN), 
and 6 regions in the vascular territory of the MCA (M1–M6)). This brain atlas 
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consists of ten volumes of interest for each hemisphere, representing ten ASPECTS 
regions. The regions from the atlas are resized and both rigidly and non-rigidly  
registered to the current dataset. Registration may be incorrect for unusual brain 
anatomies, such as young patients, large ventricles, old infarcts, open skulls,  
midline shifts or tumors.

After automatically fitting the atlas to an NCCT of the brain, each voxel is  
assigned a probability of belonging to a particular ASPECTS region. The average 
Hounsfield unit (HU) values of the brain tissue voxels of each region are calculated.  
Voxels that are either too dark or too bright are excluded from the calculation. 
Cerebrospinal fluid, old infarcts, bones, and calcifications as well as voxels that 
are either too dark (below 10 HU) or too bright (above 55 HU) are excluded. 
For regions M1 to M6, the average HU value is mainly based on gray matter. The  
relative difference in average HU between the single ASPECTS region in the  
affected hemisphere and the contralateral hemisphere is calculated and presented 
as a percentage HU difference. The affected cerebral hemisphere is automatically  
selected by the software. Based on a predefined threshold for the relative HU  
difference, each ASPECTS region in the affected hemisphere is classified as affected  
(ischemic changes detected by the software) or unaffected. The affected regions 
are marked (X). Any calculation result marked with an X indicates a region with 
lower HU values compared to the other hemisphere. Bold text indicates regions 
that are visible in the layer. In regions M1 to M6, the white matter may be affected 
in regions marked with WM. The number of affected regions is used to calculate  
ASPECTS (without the regions marked with WM). If a region is marked, the  
ASPECT score is reduced. Below the affected hemisphere, the automated  
ASPECTS provides a score from 0 (most severe) to 10 (least severe) (Figure 2).

Statistical analysis
All statistical analyses were performed with SPSS (version 26.0.0; IBM, Armonk, 
NY, USA). Continuous variables are presented as mean ± standard deviation 
(SD), while categorical data were presented as frequencies (percentages). The  
performance of the automated ASPECTS and the individual observers (1 and 2) 
compared to the reference was taken into account: (1) positive percent agreement 
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(PPA) and negative percent agreement (NPA) for each individual ASPECTS region 
on the correct side and dichotomized ASPECTS (≥6 and <6), (2) interobserver 
agreement for each individual ASPECTS region and dichotomized ASPECTS (≥6 
and <6) were assessed using the Cohen's kappa coefficient. For the Cohen's kappa  
coefficient, values < 0 indicate poor agreement, values between 0.00 and 0.20  
indicate slight agreement, values between 0.21 and 0.40 indicate fair agreement, 
values between 0.41 and 0.60 indicate moderate agreement, values between 0.61 
and 0.80 indicate substantial agreement, and values between 0.81 and 1.00 indicate 
almost perfect agreement [27], (3) interobserver agreement for total ASPECTS 
was assessed using the intraclass correlation coefficient (ICC). For the ICC, values 
< 0.5 indicate poor agreement, values between 0.5 and < 0.75 indicate moderate 
agreement, values between 0.75 and < 0.9 indicate good agreement, and values 
between 0.9 and 1.0 indicate excellent agreement [28].
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Figure 1. Flowchart of patients included in the study.
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Figure 2. (A) Example of CT-ASPECT score explanation in the automated software, 
showing the outlines of ten ASPECTS regions as an overlay on the axial NCCT images  
based on a quantitative topographic comparison of the left and right hemispheres. 
(B) Example of axial NCCT images with automatically computed EIC regions  
calculated with automatic software; the affected hemisphere is automatically selected  
by the software on the left side. The three affected regions are marked with X. Bold 
text indicates regions that are visible in the slice image (both hemispheres). Regions 
marked with WM, white matter, may be affected (are not used to calculate the  
ASPECTS). The automatically calculated ASPECTS (below the affected hemisphere) 
was 7. (C and D) Axial NCCT images of the same patient show areas with automatically  
calculated EIC, visualized within an overlaid white line using automated software. 
Bold text indicates regions visible in the different slices (both hemispheres). The  
automatically calculated ASPECTS was 6 in the left cerebral hemisphere. ASPECT 
scores were based on standard NCCT in the Picture Archiving and Communication 
System.

A

C D

B
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To calculate the ASPECTS, 1 point is subtracted from 10 for each detection of an 
EIC for each of the 10 defined middle cerebral artery (MCA) vascular territories. C 
= caudate, IC = internal capsule, INS = insula, L = lentiform nucleus, M1 = frontal  
operculum, M2 = anterior temporal lobe, M3 = posterior temporal lobe, M4 =  
anterior MCA, M5 = lateral MCA, M6 = posterior MCA.

Characteristics N (%) or Mean ± standard deviation

No. of patients 111

Age (years)   67.8 (±11.9)

Gender

Male   55    (49.5)

Female   56    (50.5)
National Institute of Health Stroke Scale (NIHSS) 
score at presentation   14.2 (±8.8)

Time from symptom onset to baseline NCCT 
(minutes) 123.9 (±58.7)

Side of neurological symptoms

Right   62    (55.9)

Left   49    (44.1)

Table 1. Clinical characteristics of the study population.

General information
Finally, 111 patients were identified retrospectively. Their mean age was 67.8 years 
(±11.9 years), and 56 (50.5%) were female. The mean NIHSS (National Institute of 
Health Stroke Scale) score at the presentation was 14.2 (±8.8). Baseline NCCT was 
performed on average 123.9 minutes after the symptom onset or last seen normal. 
The clinical characteristics are summarized in Table 1.

Results
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ASPECTS region analysis
The affected cerebral hemisphere in the automated software, observer 1 and  
observer 2 matched the reference in 53%, 97%, and 57% of the patients, respectively.  
Nine of the 52 misclassifications in the automated software involved a unilateral 
cerebral hemisphere and sixteen involved a bilateral cerebral hemisphere. These 
patients had an unusual brain anatomy; thus, the registration could be incorrect, 
such as asymmetric ventricle sizes, old infarcts, and asymmetric brain atrophy. 
Examples of NCCT scans are shown in Figure 3. The remaining scans (27) were 
classified as normal. Three of the 3 misclassifications in observer1 were classified 
as normal. Two of the 48 misclassifications in observer 2 were clinically reported 
on the wrong side of the neurologic symptom at the time of presentation. The  
remaining scans (46) were classified as normal.

For all ASPECTS regions, observer 1 (radiologist with stroke window setting) 
showed higher positive percent agreement (PPA) than observer 2 (radiologists on 
service) and the automated software. However, the performance was slightly lower  
in the internal capsule, M3, and M6 regions. In the lentiform nucleus and M3, 
the automated software showed a tendency towards higher PPA and NPA than  
observer 2. In the caudate, the automated software showed a tendency towards 
higher PPA, but lower NPA than observer 2. In the internal capsule, M2, M4, and 
M5, the automated software showed a tendency towards lower PPA, but higher 
NPA than observer 2. In the insula and M6, the automated software showed a 
tendency towards lower PPA and NPA than observer 2. In M1, the automated 
software showed a tendency towards lower PPA but similar NPA compared to 
observer 2. In the internal capsule, M3 and M6, the automated software and two 
observers showed a tendency towards low PPA but high NPA. The regions with the 
lowest PPA of observer 1, observer 2, and the automated software were the internal 
capsule (61%), M3 (11.8%), and the internal capsule (10.2%), respectively. The full 
results are shown in Table 2.

For the agreement per region, observer 1 showed the highest agreement with the 
reference at M1 (0.94; almost perfect agreement) and the lowest agreement at M3 
(0.07; slight agreement). The automated software showed the highest agreement  
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with the reference at caudate (0.50; moderate agreement) and the lowest  
agreement at M1 (0.05; slight agreement). Observer 2 showed the highest  
agreement with the reference at M1 (0.35; fair agreement) and the lowest  
agreement at M3 (0.09; slight agreement). The highest agreement between the  
automated software and observer 1 was at caudate (0.59; moderate agreement) and 
the lowest agreement was at M4 (0.06; slight agreement). The highest agreement 
between the automated software and observer 2 was at lentiform nucleus (0.28; 
fair agreement) and the lowest agreement was at M6 (-0.02; poor agreement). 
The highest agreement between observer 1 and observer 2 was at M2 (0.40; fair  
agreement) and the lowest agreement was at M3 (0.11; slight agreement). The  
automated software showed a tendency towards higher agreement with the  
reference and two observers in deep/central regions than cortical regions (slight 
agreement to moderate agreement in deep/central regions and poor agreement to 
fair agreement in cortical regions). The regions showed the highest level of overall  
interobserver agreement were caudate and lentiform nucleus (fair agreement  
to almost perfect agreement). The region showed the lowest level of overall  
interobserver agreement was M3 (slight agreement to fair agreement). The  
complete results are shown in Table 3.
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Regions Positive percent agreement (PPA)
% (95% CI)

Negative percent agreement (NPA)
% (95% CI)

Deep/Central regions

Caudate (C)

observer 1 81.1 (68.6-89.4%) 100.0 (93.8-100.0%)

observer 2 26.4 (16.4-39.6%)   96.6 (88.3-99.1%)

automated software 69.8 (56.5-80.4%)   79.3 (67.2-87.8%)

Internal Capsule (IC)

observer 1 61.0 (48.3-72.4%)   96.2 (87.0-98.9%)

observer 2 16.9 (9.5-28.5%)  96.2 (87.0-98.9%)

automated software 10.2 (4.7-20.5%)  98.1 (89.9-99.7%)

Insula (INS)

observer 1 94.4 (86.4-97.8%)  82.5 (68.1-91.3%)

observer 2 40.8 (30.2-52.5%)   97.5 (87.1-99.6%)

automated software 36.6 (26.4-48.2%)   92.5 (80.1-97.4%)

Lentiform nucleus (L)

observer 1 89.7 (80.2-94.9%)   95.3 (84.5-98.7%)

observer 2 32.4 (22.4-44.2%)   95.3 (84.5-98.7%)

automated software 42.6 (31.6-54.5%) 100.0 (91.8-100.0%)

Table 2. Diagnostic performance of the two observers and automated software for 
each individual ASPECTS region; the positive percent agreement (PPA) and negative 
percent agreement (NPA).
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Cortical regions

M1

observer 1 95.5 (84.9-98.7%)   98.5 (92.0-99.7%)

observer 2 40.9 (27.7-55.6%)   91.0 (81.8-95.8%)

automated software 13.6 (6.4-23.8%)   91.0 (81.8-95.8%)

M2

observer 1 84.9 (73.0-92.2%)   93.1 (83.6-97.3%)

observer 2 39.6 (27.6-53.1%)   91.4 (81.4-96.3%)

automated software 13.2 (6.5-24.8%) 100.0 (93.8-100.0%)

M3

observer 1 70.6 (46.9-86.7%)   96.8 (91.0-98.9%)

observer 2 11.8 (3.3-34.3%)   94.7 (88.2-97.7%)

automated software 29.4 (13.3-53.1%)   96.8 (91.0-98.9%)

M4

observer 1 89.5 (78.9-95.1%)   87.0 (75.6-93.6%)

observer 2 35.1 (24.0-48.1%)   85.2 (73.4-92.3%)

automated software 19.3 (11.1-31.3%)   90.7 (80.1-96.0%)

M5

observer 1 89.2 (79.4-94.7%)   91.3 (79.7-96.6%)

observer 2 33.8 (23.5-46.0%)   87.0 (74.3-93.9%)

automated software 20.0 (12.1-31.3%)   97.8 (88.7-99.6%)

M6

observer 1 63.0 (44.2-78.5%)   95.2 (88.4-98.1%)

observer 2 22.2 (10.6-40.8%)   92.9 (85.3-96.7%)

automated software 14.8 (5.92-32.5%)   91.7 (83.8-96.0%)
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Regions
Cohen's kappa (95% CI)

Software vs.
Reference

Software vs.
Observer 1

Software vs.
Observer 2

Observer 1 vs.
Reference

Observer 2 vs.
Reference

Observer 1 vs. 
Observer 2

Deep/Central regions

Caudate (C) 0.50 
(0.33-0.65)

0.59
(0.44-0.74)

0.23
(0.09-0.38)

0.82 
(0.71-0.92)

0.24
(0.10-0.37)

0.34
(0.18-0.49)

Internal 
Capsule (IC)

0.08
(0.00-0.16)

0.18
(0.04-0.32)

0.14
(-0.11-0.40)

0.56
(0.42-0.70)

0.12
(0.02-0.23)

0.33
(0.16-0.50)

Insula (INS) 0.24
(0.11-0.36)

0.18
(0.06-0.30)

0.15
(-0.05-0.34)

0.78
(0.66-0.90)

0.31
(0.19-0.44)

0.25
(0.13-0.37)

Lentiform 
nucleus (L)

0.34
(0.24-0.49)

0.43
(0.30-0.56)

0.28
(0.08-0.48)

0.83
(0.73-0.94)

0.23
(0.11-0.35)

0.21
(0.08-0.35)

Cortical regions

M1 0.05
(-.0.08-0.19)

0.10
(-0.04-0.25)

0.09
(-0.10-0.29)

0.94
(0.88-1.00)

0.35
(0.18-0.52)

0.36
(0.19-0.53)

M2 0.14
(0.04-0.23)

0.16
(0.05-0.27)

0.16
(-0.02-0.35)

0.78
(0.67-0.90)

0.32
(0.16-0.47)

0.40
(0.25-0.56)

M3 0.34
(0.08-0.59)

0.38
(0.11-0.64)

0.07
(-0.17-0.32)

0.07
(-0.07-0.09)

0.09
(-0.12-0.29)

0.11
(-0.11-0.33)

M4 0.10
(-0.02-0.23)

0.06
(-0.07-0.18)

0.22
(0.02-0.42)

0.77
(0.65-0.89)

0.20
(0.04-0.36)

0.26
(0.11-0.41)

M5 0.15
(0.06-0.25)

0.21
(0.10-0.31)

0.08
(-0.10-0,27)

0.80
(0.68-0.91)

0.19
(0.05-0.33)

0.22
(0.07-0.36)

M6 0.08
(-0.10-0.26)

0.07
(-0.13-0.26)

-0.02
(-0.19-0.16)

0.63
(0.45-0.80)

0.19
(-0.01-0.38)

0.12
(-0.09-0.33)

Table 3. Agreement comparison of each individual ASPECTS region between ob-
server 1, observer 2, automated software and reference.
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ASPECT score analysis
In the score analysis, the mean (±SD) and range of ASPECTS scores of the reference,  
observer 1, observer 2, and automated software were 5.37 (±3.0) and 0-10, 5.79 
(±2.7) and 0-10, 8.14 (±2.8) and 0-10, and 8.36 (±1.7) and 2-10, respectively.

For dichotomized ASPECTS (≥6 and <6), the misclassifications (false high  
ASPECTS; underestimation) for observer 1, observer 2, and the automated  
software were eight out of 70, thirty-five out of 94, and forty-one out of 104,  
respectively. The misclassifications (false low ASPECTS; overestimation) for  
observer 1, observer 2, and the automated software were one out of 41, four out of 
17, and 0 out of 7, respectively. 

The PPA and NPA of the observer 1 were 83.3% and 98.4%, respectively. The 
PPA and NPA of the observer 2 were 27.1% and 93.7% respectively. The PPA and 
NPA of the automated software were 14.6% and 100.0% respectively. Observer  
1 showed higher PPA than observer 2 and the automated software. However,  
observer 1 showed a tendency towards lower NPA than the automated software. 
The automated software also showed a tendency towards lower PPA but higher 
NPA than observer 2. The complete results are shown in Table 4.

For dichotomized ASPECTS (≥6 and <6), the agreement between the reference  
and observer 1 was 0.83, indicating almost perfect agreement. Levels of  
agreement between the reference and the automated software as well as observer 
1 and the automated software were both 0.16, indicating slight agreement. Levels  
of the agreement between observer 2 and the reference, observer 1 and the  
automated software were 0.23, 0.21, and 0.27, indicating fair agreement. The  
complete results are shown in Table 5.

The agreement of the overall ASPECTS between the reference and observer 1 was 
greater than 0.90, indicating excellent agreement. The agreement of the overall 
ASPECTS between the reference and the automated software as well as observer 
1 and the automated software were between 0.5 and 0.75 (ICC 0.545), indicating 
moderate agreement. The agreements of the overall ASPECTS between observer 
2 and the reference, observer 1 and the automated software were all below 0.5,  
indicating poor agreement. The complete results are shown in Table 6.
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Dichotomized ASPECTS 
≥6 and <6

Positive percent agreement 
(PPA)

% (95% CI)

Negative percent  agreement 
(NPA)

% (95% CI)

observer 1 83.3 (69.8-92.5%)   98.4 (91.5-99.9%)

observer 2 27.1 (15.3-41.9%)   93.7 (84.5-98.2%)

automated software 14.6 (6.1-27.8%) 100.0 (94.3-100.0%)

Table 4. Diagnostic performance of the two observers and automated software for 
dichotomized ASPECTS; the positive percent agreement (PPA) and negative percent 
agreement (NPA).

Cohen's kappa (95% CI)

Software vs.
Reference

Software vs.
Observer 1

Software vs.
Observer 2

Observer 1 vs.
Reference

Observer 2 vs.
Reference

Observer 1 vs. 
Observer 2

Dichotomized 
ASPECTS 
≥6 and <6

0.16
(0.05-0.27)

0.16
(0.03-0.29)

0.27
(0.02-0.52)

0.83
(0.73-0.94)

0.23
(0.07-0.37)

0.21
(0.04-0.38)

Table 5. Agreement comparison of dichotomized ASPECTS between observer 1,  
observer 2, automated software and reference.

With reference 
ICC (95% CI)

With observer 1
ICC (95% CI)

With observer 2
ICC (95% CI)

With automated 
software

ICC (95% CI)

Observer 1 0.932 (0.902-0.953) 0.422 (0.256-0.564) 0.545 (0.399-0.664)

Observer 2 0.349 (0.174-0.503) 0.422 (0.256-0.564) 0.301 (0.121-0.462)

Automated 
software 0.545 (0.399-0.664) 0.545 (0.399-0.664) 0.301 (0.121-0.462)

Table 6. Agreement of total ASPECTS between observer 1, observer 2, automated 
software and reference.

ICC, Intraclass correlation coefficient
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A

C D

B

Figure 3. Example of NCCT scans with unusual brain anatomy leading to  
misclassification of the affected hemisphere. 
(A) Asymmetric size of bilateral lateral ventricles - the right lateral ventricle was 
slightly larger than the left lateral ventricle, leading to a false positive result in the 
right caudate. The final reference for EIC was the left insula (ASPECTS = 9).
(B) Asymmetric gyral atrophy - prominent right frontoparietal sulci, leading  
to a false positive result at the right M5. The final reference for EIC was at the left 
insula, left lentiform nucleus, left M4 and left M5 (ASPECTS = 6).                                                                                             
(C and D) Old infarcts in the same patient - chronological change of late subacute 
infarcts in the right parieto-occipital lobe, leading to false positive findings in M2, 
M3, M5 and M6 of the right cerebral hemisphere. Prominent sulci of the right insula, 
leading to a false positive result in the right insula. The final reference for EIC was the 
left internal capsule (ASPECTS = 9).
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This study evaluated the performance of the automated ASPECTS software for the 
detection of EIC on the NCCT of the brain. This study showed moderate agreement  
between the automated software and the reference for total ASPECTS and slight 
agreement between the automated software and the reference for dichotomized 
ASPECTS (≥6 and <6). The agreement was similar to the agreement between the 
automated software and an individual reader (the observer 1).

The automated ASPECTS software has several advantages. The software can  
exclude voxels that are either too dark or too bright from the calculation before 
evaluating the mean density of the ASPECTS regions. Excluding these voxels, 
such as bone, calcifications, CSF or old brain infarcts, improves the accuracy of 
brain parenchymal density measurements. Automated software can automatically  
create the lines that divide the MCA territory into ten regions of interest based 
on quantitative topography as an overlay on each axial image of the NCCT. These 
lines for the boundary of each ASPECTS region appear when scrolling the NCCT, 
even if the window settings are changed. Originally, the ASPECTS was calculat-
ed within two predefined slices through the level of the basal ganglia and level of 
the supra-ganglionic structures [15], while several automated software programs 
now integrate the whole brain scan. These highlighted lines as an overlay on the 
NCCT could help in the visual evaluation of the NCCT to detect and quantify EIC. 
The drawback is the discrepancy in the assessment of the affected hemisphere in  
patients with an unusual brain anatomy is too large to affect the calculation of the 
average HU in each ASPECTS region, or the HU is not dark enough to be excluded  
before calculating the average HU. Two studies using other automated software  
have shown that brain atrophy and atypical brains affect the segmentation  
accuracy of each ASPECTS region [29, 30]. In this study, the latter cannot be  
corrected manually, which leads to an incorrect assessment of the ASPECTS.
 
Of note, the underestimation of dichotomized ASPECTS by the automated  
software totaled forty-one of 104, thirty-five of 94 by observer 2 (radiologists on 
service), and eight of 70 by observer 1 (radiologist with stroke window setting). 

Discussion
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The underestimation of ASPECTS was probably caused by the limited calculation 
of the average HU in each ASPECTS region. Probable causes included changes 
so subtle or areas so small that they could not affect the calculation of the average 
HU, and the assessment of cortical regions based mainly on gray matter. On the 
other hand, the automated software found no overestimation compared to the two 
observers (one out of 41 by observer 1 and four out of 17 by observer 2). Therefore, 
if the automated ASPECTS are less than 6, an NCCT should be reviewed. If the 
NCCT shows no unusual brain anatomy, the findings could be true positives.

The relatively poor positive percent agreement (PPA) for dichotomized ASPECTS 
and poor agreement for total ASPECTS of observer 2 in this study could be partly  
explained by a pool of multiple radiologists, as almost all radiologists were  
teleradiologists. The teleradiologists received the clinical information from  
clinicians. The interpretation of NCCT by individual radiologists in the diagnosis  
of AIS might be affected by various practical conditions and limitations. The  
possible causes included: 1) analyzing the imaging information took time (the  
report production time for the stroke fast-track at Phayao Hospital was within 
30 minutes of examination of the NCCT), 2) not all radiologists were trained 
to analyze and interpret the ASPECTS, resulting in varying levels of imaging  
expertise, 3) quantitative measurements of acute infarction on the NCCT were  
difficult in a routine clinical practice because the signs of infarction were more 
subtle and human judgment was highly variable. 4) there were some cases where 
teleradiologists were told the wrong side of the neurological symptoms on  
presentation, leading to incorrect classifications. The correct NCCT interpretation 
of a patient with an AIS prior to thrombolysis or MT therefore requires training 
and experience. Nevertheless, their results were recorded for analysis, which cor-
responded to the actual situation.

The underestimation of dichotomized ASPECTS by observer 2 with a total of thirty- 
five out of 94 was compared to eight out of 70 by observer 1. Eight patients  
received the wrong side of neurological symptoms at the time of presentation. 
Two out of eight were classified the wrong affected cerebral hemisphere on the 
NCCT and the remaining six were classified as normal. Four of these eight patients 
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were underestimated. One of the two patients with underestimation missed the  
hyperdense clot in the proximal middle cerebral artery (MCA). In addition,  
observer 2 missed the hyperdense MCA sign on the NCCT in a total of twenty-five 
out of 58 patients. The hyperdense MCA signs were also recorded in the reference. 
The automated software in this study cannot evaluate this sign. The hyperdense 
vessel sign (HDVS) on the NCCT is an early marker for AIS caused by occlu-
sion of the intracranial artery. HDVS is most commonly reported in the MCA  
region, as the MCA territory is usually the brain region most affected by an ischemic 
stroke [31]. Several studies concluded that HDVS has a high specificity and a high  
sensitivity for detecting LVO on the NCCT in AIS patients [32-35] with an NIHSS 
of more than 10 and suspected MCA occlusion (M1 segment) [33]. The density 
of the pathologic MCA should be more than 43 HU and 1.2 times higher than 
the contralateral MCA [35]. Due to its early visibility and before the appearance 
of pathological ischemic changes of the parenchyma, it represents a diagnostic 
aid in time-critical acute strokes. Automating the process of detecting MCA or 
intracranial HDVS signs in emergency imaging could speed up the identification 
of positive cases, especially in centers without regular access to CTA or MRI. This 
could shorten the time to execute acute treatment such as systemic thrombolysis 
or MT. Takahashi et al. published a study in 2013 on automated software to detect  
the HDVS sign on CT [24]. Considering the ongoing improvement of this  
automated software in the future, the detection of hyperdense MCA signs  
using HU is needed to improve diagnostic accuracy. However, the correct side of  
neurological symptoms at the time of presentation from the physician is very 
important for diagnostic imaging in patients with acute stroke, especially in AIS 
which shows rather subtle changes in density on the initial NCCT. 

In this study, the performance was analyzed for each ASPECTS region. When 
analyzing the ASPECTS regions, the automated software and observer 2 showed 
greater differences in PPA than in negative percent agreement (NPA) for the  
detection of EIC in both cortical and deep regions. The automated software and 
the observer 2 showed low PPA but high NPA for the detection of EIC in all  
ASPECTS regions. However, the automated software and the observer 2 did not 
perform higher PPA than the observer 1 in detecting EIC in all ASPECTS regions.  
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For the internal capsule (IC), M3, and M6, two observers and the automated  
software showed lower PPA than the other regions, especially for IC. The remaining  
regions evaluated by observer 1 showed high PPA and NPA. The automated  
software showed a tendency towards higher agreement with the reference and the 
two observers in deep/central regions than cortical regions. The regions showed the 
highest level of overall interobserver agreement was caudate and lentiform nucleus 
(gray matter). The regions showed the lowest level of overall interobserver agreement  
was M3 and M6 (white matter). IC is a white matter and has a small volume  
and an indistinct boundary, which makes it difficult for humans to recognize  
the hypodensity and makes the outline of the ASPECTS region inappropriate 
for the automated software. M3 and M6, as well as the other cortical regions, are  
limited for EIC detection in the NCCT due to their subtle hypodensity [36]. It is 
difficult for automated software to precisely outline cortical regions. Furthermore, 
the average HU value in automated software is mainly based on gray matter. In  
regions M1 to M6, white matter may be affected in the regions labeled WM, but 
this is not taken into account in the automated ASPECTS calculation, resulting 
in an underestimation. In caudate, the automated software showed significantly 
higher PPA but lower NPA compared to observer 2. From these results, it appeared 
that the automated software had the highest PPA in caudate, while the overall NPA 
was good. The fluctuations in the results of the automated software and of observer  
2 could be due to an inconsistent definition of the region boundaries [37, 38]. 
The automated software applied a standardized atlas method to outline ASPECTS  
regions based on a quantitative topographic comparison of the left and right  
cerebral hemisphere. Brain atrophy and an unusual brain anatomy also affected  
segmentation accuracy [29, 30], not only the ASPECTS calculation. Previous studies  
with other automated ASPECTS software showed variability in the characteristics 
of the regions scored [36-38]. Even if the automated segmentation of the ASPECTS 
region was not very precise, the high performance of observer 1 could improve 
the diagnostic accuracy in this situation. A combination of automated overlay of 
ASPECTS regions on NCCT images and stroke window settings is recommended 
for EIC detection. They show that the automated software overlays the boundaries 
of the regions in real time to detect subtle hypodensity in the same axial NCCT. 
However, future studies are needed to investigate the ASPECTS segmentation  
accuracy of the automated software.
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Another problem in the evaluation of automated software is the choice of  
reference standard. The reference standard has a direct impact on the accuracy of 
the ASPECTS assessment. The reference standard used to assess the accuracy and 
reliability of automated ASPECTS software has varied in previous studies [38-49]. 
Conclusions may vary based on the reference standard used. Due to the subtle 
changes in the AIS, using the expert consensus score from the baseline NCCT as the 
reference standard may lead to an overestimation of the ASPECTS score [45-47]. 
Due to the time delay between the baseline NCCT examination and reperfusion,  
the ASPECTS, which was determined using follow-up images as a reference  
standard, may be underestimated [37, 48, 49]. To define the most accurate reference  
standard for the ASPECTS, it is advisable to use the baseline of the NCCT and 
the follow-up images [38, 39, 41-45]. This is consistent with this study, in which 
all available NCCT baseline examinations, NCCT follow-up examinations and/
or CTA and digital subtraction angiography (DSA) were used for assessment.  
However, both the reference and the blinded ASPECTS assessment analysis 
(the observer 1) were performed by the same reader at different time points. To  
minimize a possible mutual influence of the two analysis runs, a long interval 
(eight weeks) was chosen between the blinded ASPECTS assessment analysis  
(observer 1) and the reference so that the reader could no longer remember the 
original measurement. In addition, sensitivity and specificity implied that the new 
test was compared to the truth or gold standard. Even though the concisely available  
reference was established, the reference in this study was not definitely proven the 
gold standard. Instead, the term of PPA, NPA and agreement were used.

There are only a few studies in which the automated software from Siemens  
Healthineers has been tested. The first study was published by Goebel J et al.  
comparing the performance of syngo.via Frontier ASPECTS Prototype V1.2.0 with 
the e-ASPECTS software [50]. The authors found high agreement in ASPECTS 
grading between two board-certified radiologists, i.e. consensus reading of NCCT 
images by experts, and e-ASPECTS. However, it showed only low to moderate  
agreement to Frontier- ASPECTS by Siemens. The second study was published 
by Hoelter P et al. evaluating three fully automated software applications for  
ASPECTS (Syngo.via Frontier ASPECT Score Prototype V2, Brainomix  
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e-ASPECTS® and RAPID ASPECTS) in AIS patients [51]. The authors found a 
high correlation between the expert and three software programs. The highest  
correlation was between the expert and Brainomix (r = 0.871 (0.818, 0.909),  
p < 0.001), followed by the correlation between the expert and Frontier V2  
(r = 0.801 (0.719, 0.859), p < 0.001) and between the expert and RAPID (r = 0.777 
(0.568, 0.871), p < 0.001). There was a high correlation between the software tools  
(Frontier V2 and Brainomix: r = 0.830 (0.760, 0.880), p < 0.001; Frontier V2 and 
RAPID: r = 0.847 (0.693, 0.913), p < 0.001; Brainomix and RAPID: r = 0.835 
(0.512, 0.923), p < 0.001). The third study was published by Wolff L et al. who  
evaluated the syngo.via Frontier ASPECTS Prototype V2.0.1 [42]. The authors 
found that the performance of the automated ASPECTS was comparable to 
that of experts and could assist readers in the detection of EIC. The automated  
ASPECTS post-processing software in this study was developed based on Syngo via  
Frontier ASPECTS Prototype for commercial use. Despite the fact that there are 
many studies on the use of the automated ASPECTS software, each automated 
software may lead to different diagnostic results, but no study investigated the 
Recon&GO Inline ASPECTS software. Further studies are needed to compare the 
performance of this commercial version of the software with that of other software.

Some studies that used automated software to analyze the ASPECTS score level  
showed similar results. Temmen SE, et al. found that the performance of the  
automated software as Canon medical system base version 1.3 for LVO detection 
was lower than that of the radiologist in 100 patients [44]. Sawicki M, et al. found that 
the performance of e-CTA (a part of e-STROKE, version 10.1p3, Brainomix Ltd.)  
was acceptable for the detection of proximal LVOs in 108 patients, while 
it did not seem to be accurate enough for distal LVOs compared to the  
neuroradiologist [41].

Studies have used other automated software for ASPECTS analysis at the regional  
level that come to similar results. Austein F, et al. found moderate agreement  
between two automated software packages and expert consensus for overall  
ASPECTS in 52 patients and no significant difference in the overall performance. 
However, the software packages differed in terms of regional contribution. Package 
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A was more sensitive in cortical areas than the other methods but at the expense 
of specificity. Expert consensus and software package B had higher sensitivity but 
lower specificity for deep brain structures. The variability of results at the region 
level may be due to inconsistent definitions of region boundaries, especially for IC 
and M4-6 [37]. Chen Z, et al, evaluated two automated ASPECTS software (The 
RAPID (iSchemaView, software version 5.0) and NBC (NeuBrainCARE software 
version 1.0)) compared to radiologists in 276 patients. The authors found greater  
differences in sensitivity than in specificity and accuracy. NBC showed higher 
specificity and lower sensitivity, while RAPID showed lower specificity and higher 
sensitivity for detecting EIC in deep regions. NBC showed lower specificity and 
higher sensitivity, while RAPID showed higher specificity and lower sensitivity 
for the detection of EIC in cortical regions. NBC and RAPID did not perform 
better than experienced radiologists in detecting EIC in cortical regions [38].  
Future studies are needed to investigate the ASPECTS segmentation accuracy of 
the automated software. In addition, further studies are needed to evaluate the 
time dependence of the ASPECTS analysis at the regional level.

There are several limitations to this study. First, it was a retrospective study  
collected from the Radiologic Information System and the Picture Archiving and 
Communication System. Second, the study group was rather small. Third, this 
study used imaging data from a single center to test only one vendor-specific AI 
software. Fourth, this study used the assessment of a single reader as a reference 
and individual observer. Fifth, the time interval between the baseline NCCT and 
the follow-up images varied within a week. Sixth, there were different times for 
interpreting the ASPECTS between the two observers in which observer 2 limited 
the time to 30 minutes, while the observer 1 did not limit the time for interpreting 
the NCCT.

Kiththiworaphongkich W., et al.
ASEAN J Radiol 2024; 25(3) : 256-289



THE ASEAN JOURNAL OF RADIOLOGY

Volume XXV Number III September-December 2024282

ISSN 2672-9393

This study aimed to evaluate the agreement with radiologists of an AI-based  
automated post-processing software for the detection of EIC and the calculation  
of ASPECTS on NCCT images in AIS patients. The study results showed that 
the tested AI software had lower agreement for the total ASPECTS than the  
radiologist-determined observer 1 when using the stroke window on the NCCT, 
but better than a pool of radiologists on service. For dichotomized ASPECTS (≥6 
and <6), the tested AI software showed perfect (100%) NPA. When analyzing the 
ASPECTS regions, there were different advantages for scoring the deep regions 
and the cortical regions. The tested AI software showed low PPA but rather high 
NPA with perfect (100%) NPA in lentiforn nucleus and M2. The tested AI software  
also showed higher agreement with the reference and two observers in deep/ 
central regions than cortical regions. From the results, the tested AI software  
retained its potential for use in emergency situations, particularly for radiologists 
with limited experience and limited time to report. The high NPA of automated  
software on dichotomized ASPECTS can help provide immediate results. The  
future utility of the automated ASPECTS software can be used in conjunction 
with an experienced reader or radiologist on service to validate the final score and 
identify artifacts or technical issues that may lead to an over- or underestimation 
of the actual ASPECT score. Due to the high performance of the observer 1, an 
experienced reader or radiologist could use the automatically highlighted marker 
as an overlay on NCCT images from the automated software along with the stroke 
window setting during the interpretation of fast-track NCCT scans to improve the 
accuracy of EIC detection and ASPECTS calculation.
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