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Ischemic stroke has become a severe disease endangering human life.

However, few studies have analyzed the radiomics features that are of great

clinical significance for the diagnosis, treatment, and prognosis of patients

with ischemic stroke. Due to su�cient cerebral blood flow information

in dynamic susceptibility contrast perfusion-weighted imaging (DSC-PWI)

images, this study aims to find the critical features hidden in DSC-PWI

images to characterize hypoperfusion areas (HA) and normal areas (NA). This

study retrospectively analyzed 80 DSC-PWI data of 56 patients with ischemic

stroke from 2013 to 2016. For exploring features in HA and NA,13 feature

sets (Fmethod) were obtained from di�erent feature selection algorithms.

Furthermore, these 13 Fmethod were validated in identifying HA and NA and

distinguishing the proportion of ischemic lesions in brain tissue. In identifying

HA and NA, the composite score (CS) of the 13 Fmethod ranged from 0.624 to

0.925. FLasso in the 13 Fmethod achieved the best performance with mAcc of

0.958, mPre of 0.96, mAuc of 0.982, mF1 of 0.959, and mRecall of 0.96. As to

classifying the proportion of the ischemic region, the best CS was 0.786, with

Acc of 0.888 and Pre of 0.863. The classification ability was relatively stable

when the reference threshold (RT) was <0.25. Otherwise, when RT was >0.25,

the performance will gradually decrease as its increases. These results showed

that radiomics features extracted from the Lasso algorithms could accurately

reflect cerebral blood flow changes and classify HA and NA. Besides, In the

event of ischemic stroke, the ability of radiomics features to distinguish the

proportion of ischemic areas needs to be improved. Further research should

be conducted on feature engineering, model optimization, and the universality

of the algorithms in the future.
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FIGURE 6

The five indexes of F
′

RT_S with S = 3 on the ten models, wherein the dark purple lines represent the mean indexes (mAcc, mPre, mAuc, mF1,

mRecall), and the other colors represent the performance of the ten models.

FIGURE 7

The five indexes of F
′

RT_S with S = 4 on the ten models, wherein the dark purple lines represent the mean indexes (mAcc, mPre, mAuc, mF1,

mRecall), and the other colors represent the performance of the ten models.

found, thus obtaining accurate classification results. Besides,

DA, RF, NB, LR, and NN also achieved satisfactory results.

Regarding identifying the proportion of ischemic stroke, DA

and SVM also performed better than the other models in

all three situations, RT_2, RT_3, and RT_3. Although the

performance of different models on the same feature set and
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FIGURE 8

The five indexes of F
′

RT_S with S = 5 on the ten models, wherein the dark purple lines represent the mean indexes (mAcc, mPre, mAuc, mF1,

mRecall), and the other colors represent the performance of the ten models.

FIGURE 9

The box plots of the five index under the three situation (S = 3–5). (A–E) The box plots of mACC, mPre, mAuc, mF1, and mRecall in the three

situations, respectively. (F) The relationship between CS and RT at varying S.
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FIGURE 10

The di�erence of HA and NA in the DSC-PWI image. (A) The ROIs of HA and NA in the DSC-PWI image, the HA is shown in red and the NA is

shown in green. (B) The mean time-intensity curve I(t) of HA and NA, the black represents the mean I(t) of HA, and the orange is that of NA.

the same situation had good consistency, SVM was a better

choice in both evaluation tasks, classifying HA and NA and

identifying the proportion of ischemic stroke. Besides, we used

CS computed by the mean indexes (mAcc, mPre, mAuc, mF1,

and mRecall) of the ten models as the benchmark for the

evaluation to reasonably analyze their performance. Depending

on the diversity features, the 13 Fmethod acquired different

CS ranging from 0.624 to 0.925, F
′

RT_3, F
′

RT_4, and F
′

RT_5
got CS in [0.34,0.76], [0.40, 0.78] and [0.28,0.78], respectively.

On the one hand, the strong robustness and applicability of

the Lasso algorithm can be proved by the fact that, although

the features extracted by the algorithm were slightly different

under different RT values, the extracted features generally

achieved stable performance. On the other hand, the selected

radiomics features at different slices have little influence

on the classification results, but the proportion of ischemic

tissue does.

There are some limitations to this study. First, the size

of the datasets is relatively small, and all data come from a

single hospital, which may lead to biased results and a lack

of generalizability. To address the limitation, we segmented

hypoperfusion areas (HA) from DSC-PWI images and defined

normal tissue in the symmetrical areas of HA as NA in making

ROIs. This way, one group of HA and NA can be generated

from one DSC-PWI image. This way, the double samples (160)

can be obtained from 80 DSC-PWI images, and the positive

and negative sample sizes are equal. The expanded balanced

samples can help extract accurate features, and the sample

imbalance can be reduced when classifying NA and HA. Besides,

when evaluating the performance of the selected features in

section Performance evaluation of the selected features, the

tenfold cross-validation was performed to reduce the influence

of sample size. The composite scores (CS) were computed to

obtain reliable results. Second, the feature selection methods,

optimal features, and learning models can be further optimized.

This paper uses various existing learning models to verify the

classification performance. Although the results have shown

some features such as FLasso and FAlpha had achieved excellent

performance, the further optimization of the models, such as

deep learning and transferred learning, can be regarded as one

of the future works. The ischemia area ratio classification needs

to be further improved. The results in this study do not mean

that the models can be used alone for stroke treatment decision-

making. Instead, it should be considered a support tool for stroke

treatment guidance. We will validate our improved method’s

performance with more data before applying it to clinical trials

in future work.

Conclusions

This study used prominent radiomics features extracted

from 3D images in the DSC-PWI time series to explore their

ability to classify HA and NA and recognize the proportion

of ischemic lesions in brain tissue. The 13 Fmethod achieved

the CS ranging from 0.624 to 0.925 in distinguishing HA

from NA. The FLasso in the 13 Fmethod performed best

with mAcc of 0.958, mPre of 0.96, mAuc of 0.982, mF1 of

0.959, and mRecall of 0.96. Besides, the 120 F
′

RT_S reached

the best CS of 0.786 in identifying the proportion of the
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ischemic region, and the best Acc and Pre reached 0.888

and 0.863, respectively. In general, the combination of various

radiomics features accurately reflected the varying degrees of

changes in cerebral blood flow in the initial state, the contrast

agent response stage, and the recovery stage. For classifying

the proportion of ischemic areas, the classification effect is

relatively stable when RT is <0.25. Otherwise, when RT was

>0.25, the accuracy will gradually decrease as its increases.

Further future research should be conducted on excellent

feature extraction, feature combination, model optimization,

and comprehensive verification.
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