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A B S T R A C T

Purpose: Without any visible indicator on structure magnetic resonance imaging (MRI), the 
diagnosis of MRI-negative temporal lobe epilepsy (NTLE) gets harder. By considering healthy 
control (HC), a specific functional connectivity (FC) model was constructed in a network topology 
to improve FC computation to a high-level.
Methods: MRI data of 20 NTLE patients and 60 HC were pre-processed. Relative to HC, a network- 
level specific FC model of each network index was built to score the network functions for each 
NTLE patient. The specific brain areas (regarded as ROIs) were extracted for NTLE by sensitivity 
analysis of scores. By considering scores of specific ROIs as feature vectors to input into a SVM 
respectively, a specific NTLE classifier was constructed. Both 10-fold cross validation and hold- 
out method were utilized to validate the classification and to evaluate the effectiveness of our 
specific FC models. Simultaneously, the specific FC model was compared to the conventional FC 
model of Pearson correlation.
Results: By the constructed model for specific FC at a network-level, 11 specific ROIs, such as, 
frontal lobe, temporal lobe, parietal lobe, hippocampus, and occipital lobe, were extracted for 
NTLE. Accuracy of our specific NTLE classifier could reach up nearly 93 %, over 6 % greater than 
conventional FC model of Pearson correlation.
Conclusions: The network-level specific FC model might provide a new methodology for machine- 
aiding detection of functional abnormal lesions of NTLE by resting-state functional MRI.

1. Introduction

Mesial temporal lobe epilepsy (mTLE) is a neurological and psychiatric disease with abnormal neural discharges in deep brain, 
leading to dysfunctions in the functional networks in the central system, even extend to the whole-functional brain networks [1]. 
Nearly 60 % of mTLE is MRI-positive temporal lobe epilepsy (PTLE), the typical indicator of hippocampal sclerosis could be visible on 
structure MRI. About 30 % is NTLE, whose clinical manifestations of mesial temporal lobe seizures [2], lower prevalence of febrile 
convulsions [3], and lower rates of seizure freedom after surgery [4,5]. Histopathology may be normal or show relatively mild hip
pocampal neuronal loss, and the temporal neocortex is either normal or some shows subtle dyslamination [6]. Taken together, 
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symptoms of NTLE seizures appear similar to those of PTLE, and explore functionally abnormal lesions of NTLE seems more difficult 
than that of PTLE, these phenomena have suggested that different brain networks may be affected and related cognition may be 
impaired in NTLE [7], implying that the functional biomarkers could provide potential signs for it.

At present, the advantages of resting-state fMRI are becoming more and more prominent in epilepsy. With its noninvasive, fast, 
high spatial resolution, good adaptability and comfortable experience for a patient, rfMRI has become an advanced technology. More 
and more scholars are applying complex network theory to rfMRI, using brain functional connectivity technology to construct and 
analysis brain functional connectivity networks from multiple perspectives, discovering topological attribute relationships between 
network nodes, and investigating the integration and separation mechanisms of brain functions from the perspective of a system level 
[8,9]. The imaging index is expressed as functional connectivity (FC). In PTLE, it was demonstrated that the abnormal discharges 
would affect the FCs in some brain area, such as hippocampus, contralateral mesial temporal and default mode network et al., which 
provided an important basis for detecting the brain dysfunction [10]. However, the significant abnormality of the FCs hasn’t be clear 
yet in the network of NTLE. The main cause to affect the imaging quality might be the FC computing, e.g., Pearson correlation al
gorithm, which is operating at a low-order level.

Functional network analysis is a high-level FC computation based on graph theory [11,12]. In recent years, the International 
League Against Epilepsy (ILAE) emphasizes the concept of epileptic brain network to formulate the classification criteria of epilepsy 
[13,14]. For example, the classification predicted the response of children with epilepsy to the anti-epileptic drugs at a single network 
index, such as degree centrality [15]. Now, combination of network-level FC computing and machine learning is a popular analysis 
tool, especially, the multiple network indexes fusion technology is being integrated to improve the imaging quality [16]. Additionally, 
the connectome data analysis is helpful, such as, the epilepsy laterality might be localized by the extra-hippocampal radiomics analysis 
on the patients with NTLE [17].

Taken together, a network-level specific FC model under complex network theory is constructed to find the functional imaging 
indicators for a single NTLE patient, relative to the healthy people, for purpose of improving the FC computing to a high level. To 
validate our model, the classification rate by SVM would be employed. Example of 20 NTLE and 60 HC, the work flowchart is shown in 
Fig. 1.

Fig. 1. Methodology flowchart for this study.
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2. Materials and methods

2.1. Materials

2.1.1. Data acquisition
The rfMRI data of 20 patients with NTLE, and 60 healthy people were collected from Jinling Hospital of Medical College in Nanjing 

University. All subjects were scanned by 3.0T Siemens Trio MRI scanner in the hospital, with same parameters: repetition time (TR) =
2000 ms, echo time (TE) = 30 ms, flip angle (FA) = 90◦, matrix size = 64 × 64, scanning field of vision (FOV) = 240mm × 240 mm, 
layer thickness = 4.00 mm, and layer spacing = 0.40 mm. Our study was approved by the Medical Ethics Committee of the hospital and 
all subjects signed the informed consent, whose information was labeled in Table 1.

All patients meet the following inclusion criteria: i) meet the criteria of the International League for the Diagnosis of Epilepsy and 
are diagnosed with medial temporal lobe epilepsy type; ii) Subjects aged between 19 and 38 years old; iii) No contraindications for MRI 
scans such as intracranial metal implants; iv) Normal mental state, able to cooperate and communicate normally, with normal 
cognitive function; v) All patients with temporal lobe epilepsy showed no significant structural loss on structural MRI scans. Among 
them, those who can observe hippocampal structural lesions on structural MRI are referred to as PTLE, while those who cannot are 
referred to as NTLE.

2.1.2. Data pre-processing
The rfMRI data were pre-processed by the toolkit of FMRIB software library in Harvard Medical College, USA and quality-inspected 

by the Laboratory for the study of the Brain Basis o Individual Differences in Harvard Medical College, USA on Intel Xeon Sliver 4112 ×
16, 64cores CPU, operating system Centos 7.6 processing platform, in Martinos Medical Imaging Center of Harvard Medical College, 
USA [18,19]. The processing algorithm flow and quality detection (with the head motion control of 0.2 mm) were necessary. The 
pre-processing time of each subject was about 15h.

At first, the following steps were conducted: (1) after the first 4 time points was removed, the time-layer correction was done by the 
SPM2 software, and body translation and head movement were corrected by the FSL software; (2) average signal of the whole brain 
was normalized, and data space was standardized to a voxel size of 2 mm as well as registered to the MNI (Montreal Neurological 
Institute) standard space; (3) data were band-pass filtered at a frequency band of 0.01Hz–0.08Hz.

Then, the pre-processed data were projected to the Brainnetome Atlas (BNA), including 246 brain areas [20]. As a consequence, the 
4-D spatiotemporal data of the BOLD signals including 3-D space coordinates of 246 brain areas and 1-D time series were formed. The 
work was performed by Inter Core i9-9900K, 64cores CPU, independent display card NVIDIA RTX 2060, operating system Windows10 
processing platform, the processing time is about 23 min. By the software of DPABI V4.3 [21], a 480s time course of BOLD signals, 
including 246 time-points was prepared for the post-processing, with 246 encephalic regions.

2.2. Functional brain network

2.2.1. Network construction
Under the small-world attributes in graph theory [22,23], the functional network was constructed in a topology made of 4 local 

network indexes for each subject. 

(1) Node

By considering each brain area as a node, and its index value was regarded as the average time series over all voxels in this area, a 
total of 246 nodes were formed. 

(2) Edge

The edge is the connection intensity between nodes for each subject. Here, it was estimated by the static FC such as Pearson 
correlation coefficient, which was [− 1, 1]. Taking the BOLD signals between two areas as an example, when the correlation coefficient 
of two time series is [0, 1], denoted as positive correlation, indicating two BOLD signals showed the functional synergy. In reversal, 
when [− 1, 0], denoted as negative correlation, indicating the functional antagonism. When 1, indicating completely correlated or 
autocorrelated, while, when 0, completely uncorrected. The greater the absolute value is, the stronger the FC, and verse vice. Here, a 
246 × 246 matrix of the FCs were constructed and after the FCs matrix were average over column or row, a total of 246 edges were 

Table 1 
Information of all subjects.

Group Number of subjects Sex Age/years

Male Female

NTLE 20 9 11 26.70 ± 4.41
HC 60 27 33 26.62 ± 5.51
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formed at all nodes. 

(3) Sparsity and network construction

In the constructing a network, the FCs matrix were divided by the threshold to generate a binary adjacency matrix. If a matrix 
element was greater than the threshold, it was set to be 1, otherwise 0. Therefore, the threshold setting would directly determine the 
generation of edges in the network, which has an important impact on the network scale and topological structure. As the threshold 
was increased, the number of edges would also increase monotonously, but not necessarily linearly. The sparsity is generally used to set 
the threshold, that is, the ratio of the actual number of edges in the network to the maximum number of edges that may exist in the 
network. Because the small world property in functional brain network would tend to be randomized, the default sparsity is generally 
less than 0.5 [24]. In general, the sparsity is 0.05–0.5 with a 0.05 step to threshold the FCs matrix in a network construction. However, 
there might be invalid values of network parameters in the first 3 sparsity levels e.g., 0.05, 0.10 and 0.15, thus, a total of 7 sparsity 
levels were employed among 0.2 to 0.5 by the open software GRETNA (http://www.nitrc.org/projects/gretna/).

2.2.2. Topological properties of functional network
There were two kinds of topological properties in the functional network: local properties and global properties [25]. Network 

features of nerve and mental diseases were represented by the local attributes. These local attributes were depicted by the network 
indexes, such as betweenness centrality (BC), degree centrality (DC), clustering coefficient (CC) and node efficiency (NE) [26]. For 
each subject, the 7 × 246 matrix of sparsity sequence were formed and averaged over the sparsity levels.

2.3. A network-level specific FC model

2.3.1. Specific FC model of network index
A specific FC model of each network index (specific index, denoted as SI) was constructed to score a FC in a brain network of a single 

NTLE patient, relative to HC people, for purpose for improving the FC computation of Pearson correlation to a higher level. The SI 
model was in formula (1): 

SIs,i =
1

N-1
∑N

p=1,p∕=s

(
1-corr

(
rs,i, rp,i

))
(1) 

In formula (1), ri is the FCs vector of a network index in the i-th brain area estimated by Pearson correlation, rs,i is that of the s-th NTLE 
patient, while, rp,i is that of the p-th HC people, N is the HC number, therefore, SIs,i is the specific index of the functional brain network 
node between the s-th patient and the i-th brain area of all HC people. In the HC people, SIs,i is the specific index of the functional brain 
network node between the s-th HC person and the i-th brain area of all HC people excluding the s-th HC.

To compare the differences in SI between NTLE patients and HC people, the SI standardization was conducted by measuring relative 
position of the SI value of a network index of a NTLE patient in the HC distribution [27]. The specific FC model was defined by the 
standardized SI (denoted as SSI) in formula (2): 

SSIs,i =
1

stdSIs,i

(
SIs,i-meanSIs,i

)
(2) 

In formula (2), mean_SIi denotes the mean value of SI in the i-th brain region for 60 HC, and std_SIi denotes the standard deviation of SI 
in the i-th brain region for 60 HC.

As a consequence, the 20 × 246 and 60 × 246 standardized SSI matrices of a network index were formed for the NTLE group and HC 
group, respectively.

2.3.2. Specific features extracted by our model for NTLE (specific ROIs)
By the specific FC model of each network index, the features of 246 brain regions can be extracted for NTLE group or HC group 

respectively. In order to get rid of the redundant information caused by the extraction algorithm, reduce the feature dimension and 
avoid the randomness caused by a single feature selection method, here, three algorithms, such as receiver operating curve (ROC), 
Kendall tau rank correlation coefficient (KCC) [28] and t-test for independent samples between groups were employed to extract the 
functional imaging bio-markers specific for NTLE. Only the specific brain area to fit simultaneously three algorithms of a network index 
can be regarded as a functional imaging bio-marker, denoted as a specific ROI, that would be visualized by the software BrainNet
Viewer (https://www.nitrc.org/projects/bnv/). 

(1) ROC

A sensitivity analysis of SSIs was conducted by the ROC curve and the area under ROC curve (AUC value) to extract the features 
between NTLE group and HC group. The larger AUC, the stronger the significant sensitivity would be, and vice verse. 

(2) KCC
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KCC is suitable for a large-scale feature selection, such as whole brain analysis. KCC can extract the features by measuring the 
relevance of each feature represented by SSI in a distribution free test of independence between two variables. Assuming that a two- 
observation dataset {xij, yj}and {xik, yk} represents for samples in the HC group and in the NTLE group respectively. xij is the i-th SSI 
feature of the j-th sample in the HC group and yj is the class label for HC (+1). Similarily, xik is the i-th SSI feature of the k-th sample in 
the NTLE group and yk was the class label for NTLE (− 1). For a pair of two-observation dataset, the concordance between the feature 
pair is determined by the following formula (3) and (4): 

sgn
(
xij-xik

)
= ±sgn

(
yj-yk

)
(3) 

where, ‘+’ indicates concordant feature pair, ‘− ’ indicates discordant feature pair.
Given m samples in the HC group and n samples in the NTLE group, the KCC of the i-th SSI feature can be defined as the below: 

KCCi =
nc-nd

m × n
(4) 

Obtained from formulas (3) and (4), nc and nd are the number of concordant and discordant pairs respectively, and a total number of 
sample pairs is m × n. The value of KCC is [− 1,1], and the discriminative power was defined as the absolute value of KCC. The larger 
the absolute value, the greater the categorical discrimination between NTLE patient group and HC group. 

(3) T-test

The t-test corrected by false discovery rate (FDR) for independent samples between groups (pFDR< 0.05)shows the significance.

2.3.3. Specific network features fusion
The serial SSIs fusion of four network indexes in the specific ROIs, were considered as the feature vectors [29], denoted as SSIfusion 

in formula (5): 

SSIfusion = [SSI1, SSI2, SSI3, SSI4] (5) 

where, SSIi is the specific score estimated by a network index.

2.4. Conventional FC model

In order to emphasize the advantages of the network-level specific FC model, the conventional FC model of Pearson correlation is 
used for experimental verification. The conventional FC model construction method was performed as following: Calculate Pearson 
correlation matrix (FC matrix) of the subjects after matching BNA atlas; The FC matrix of each subject is averaged. Then, NTLE and HC 
groups respectively get a set of 20 × 246 feature matrices and a set of 60 × 246 feature matrices, which are used for feature selection.

2.5. Specific features tested by machine learning

Support vector machines (SVM) [30] was employed to classify the patients from the healthy people in case of the small sample size. 
According to linear inseparability, SVM uses kernel function to map the input variables into a high-dimensional feature space, where 
the optimal classification hyperplane is constructed. Here, NTLE classifier based on SVM was constructed, denoted as a specific NTLE 
classifier, and the SSI values of network indexes respectively in specific ROIs was considered as feature vectors input into NTLE 
classifier. In addition, in order to avoid over-fitting and randomness in the process of classification verification, the 10-fold cross 
validation were employed in the validation for the classification accuracy by SVM. Average classification rate could validate the 
precision of a FC computation, e.g., our network-level specific FC model and conventional FC model of Pearson correlation 
respectively.

Compared to other cross-validation methods, the hold-out method has no influence of random factors in the experimental process. 
The validation split the dataset into two mutually exclusive sets, one as the training set and the other as the test set. The experiment was 
repeated by using a number of random divisions and the average value was taken as the evaluation of the hold-out method. Moreover, 
random cross validation can avoid overfitting of experimental results. In the 10-fold cross validation, 42 subjects were randomly 
selected as the training set, and the rest of 18 subjects were used as the test set (the proportion of training set and test set was fixed at 
7:3).

3. Results

3.1. Specific bio-marker areas for NTLE

After three feature extraction algorithms were performed by multiple network indexes fusion (SSIfusion) between NTLE and HC, the 
functional bio-marker areas were extracted shown in Fig. 2, and the significance values were labeled in Table 2. In Fig. 2A and D, a total 
of 11 specific areas were respectively extracted by feature extraction methods of ROC sensitivity analysis and KCC based on our 
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network-level specific FC model. In Fig. 2B, the specific areas extracted by specific FC model were visualized by the software 
BrainNetViewer. The statistical distribution histogram of KCC values of all network indexes were shown in Fig. 2C. The KCC values of 
the features basically follows, a normal statistical distribution, and the features would be extracted by its middle interval where the 
KCC values are the greatest. It is obvious that a total of 11 features would be extracted. In Table 2, p values showed the significance 
(pFDR<0.05). Taken together, a total of 11 bio-marker areas were convergent in three feature extraction algorithms. Under the specific 
index of BC, there were significant differences in 6 brain areas between NTLE and HC (pFDR<0.05), and under the specific index of DC, 
there were 2 significant brain areas (pFDR<0.05), and under the specific index of CC, there were 2 significant brain areas (pFDR<0.05), 
as well as under the specific index of NE, there were 2 significant brain areas (pFDR<0.05). There is a common significant brain area 
between the specific index of BC and CC. In summary, a total of 11 significant brain areas could be extracted by our network-level 
specific FC model, including superior frontal gyrus, middle frontal gyrus, middle temporal gyrus, posterior superior temporal sul
cus, inferior parietal lobule, hippocampus, parahippocampal gyrus, and lateral occipital cortex, where middle frontal gyrus, inferior 
parietal lobule, and lateral occipital cortex showed significant differences in several node-specific metrics. The mean value of the AUC 
of the ROC for these features is 0.750 and the mean value of the KCC is 0.308, as shown in Fig. 2D.

In Fig. 3 and Table 3, three feature extraction algorithms were performed by the conventional FC model of Pearson correlation 
between NTLE and HC. In Fig. 3A and D, a total of 9 significant brain areas could be extracted by the FC model of Pearson correlation 
(pFDR<0.05), including frontal lobe (2 brain regions), temporal lobe (4brain regions), parietal lobe (2 brain regions) and insular gyrus. 
In Fig. 3A and C, the mean value of the AUC of the ROC for these features is 0.584 and the mean value of the KCC is 0.286. In Fig. 3B, 
the specific areas extracted by conventional FC model were visualized by the software BrainNetViewer. Compared to the features of 
our network-level specific FC model, the conventional FC model of Pearson correlation had poor discriminatory power.

In Fig. 4, the SSI values of 11 specific ROIs estimated by a total of 4 network indexes for all NTLE patients and all HC people were 
clustered. The SSI values estimated by the network indexes denoted as BC, DC, CC and NE were respectively indicated in Fig. 4A-F, 
Fig. 4G-H, Fig. 4I-J and Fig. 4K-L. An obvious cluster by a total of 4 network indexes, such as BC, DC, CC and NE could be found 
between NTLE patients and HC people. In reversal, the FC values estimated by the conventional model of Pearson correlation in all 9 
significant brain areas for NTLE patients and HC people were clustered in Fig. 5A-I. It was found that the conventional FC model of 
Pearson correlation had lower ability of clustering than our network-level specific FC model.

3.2. Classification and validation

In order to evaluate the effectiveness of our specific FC method at network level and the conventional model of Pearson correlation, 
the machine learning of SVM was employed to verify the performance of our specific FC score model and the conventional model 
respectively. By constructing a specific NTLE classifier, a classification was done for NTLE from HC and then was validated, thus, 
classification accuracy evaluated the effectiveness. The stability of the classifier was respectively verified by hold-out method and 10 
times random cross validation as labeled in Tables 4 and 5.

4. Discussion

4.1. The network-level specific FC model

Considering the FCs of healthy people as a control, a network-level specific FC model was proposed under multiple functional 
network indexes fusion, by which the specific and unique biomarker areas for the abnormal functional activities could be extracted 
effectively for NTLE. The performance could be verified by machine-aided classifying the NTLE from HC, as labeled in Tables 4 and 5. 
Compared to the conventional FC model of Pearson correlation, the network-level specific FC model shows significantly better and 
more stable classification performance, in particular, in the unique features extraction.

In addition, the dimension reduction by 3 algorithms of feature extraction can effectively remove redundant features at a network 
level, therefore, avoid the dependence of extraction features on a certain algorithm. This may be the main cause why the NTLE 
classifier could sustain a high classification stability in multiple network indexes fusion. The classification accuracy of its specific 
features in random cross validation and hold-out method was less than 6 % the network-level specific FC model, which reflected the 
limitations of the conventional FC model in the study of NTLE, and also emphasized the advantages of high-level operation of the 
network-level specific FC model proposed by us.

4.2. Specific bio-markers for NTLE

By our network-level specific FC model, the specific ROIs for NTLE could be extracted. We found that the specific ROIs selected 
using three feature selection methods (ROC, KCC and T-test) focused on the hippocampus, occipital lobe, frontal lobe, temporal lobe 
and parietal lobe, which were converge to the biomarkers of epilepsy study in previous years. Hippocampus [31], one of the important 
brain regions in the potential network in epileptic seizures, which is related to advanced cognitive functions such as learning, situ
ational memory and consciousness. Hwang et al. [32], found that the cognitive impairment of epilepsy was associated predominantly 
with decreased local gyrification in regions including occipital lobe. The temporal lobe is a very complex lobe of the brain, with very 
high-level cognitive functions of memory. The central anterior gyrus of the frontal lobe serves as the motor center, and its lesions 
usually manifest as convulsions or paralysis of the contralateral limb [33]. The abnormal limb movements in patients with epilepsy are 
closely related to the function of the parietal lobe. The tonic-clonic spasms of limbs are usually associated with abnormal discharges 
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from the lower region of the parietal lobe [34]. Temporal lobe epilepsy is a complex network disease. At the structural level, the results 
of this study are consistent with it. Functional disruption of temporal lobe epilepsy at the brain region level was revealed, which may 
provide novel insights for any potential diagnostic and therapeutic approaches.

Fig. 2. Functional bio-marker areas are extracted by the specific FC model of multiple nodes indexes fusion between NTLE and HC. (A) 11 specific 
ROIs are extracted by the ROC curve; (B) Specific ROIs are displayed by BrainNet Viewer; (C) Histogram of KCC for all features in the network 
indexes; (D) Absolute value of KCC.

Table 2 
Between-group significance of network indexes in 11 bio-marker areas between NTLE and HC under the specific FC model.

Bio-marker area (Network index) BNA atlas label Between-group mean of SSI AUC of ROC Absolute value of KCC pFDR

NTLE group ( × 10− 16) HC group ( × 10− 16)

MTG_R_4_1(BC) 82 1.29 0.25 0.802 0.3718 0.0006
MFG_L_7_6(BC) 25 1.00 0.21 0.773 0.3369 0.0002
PhG_L_6_4(BC) 115 0.97 0.24 0.771 0.3338 0.0004
IPL_R_6_6(BC) 146 0.94 − 0.23 0.766 0.3276 0.0013
PCun_L_4_2(BC) 149 0.98 − 0.56 0.761 0.3215 0.0012
LOcC_R_2_2(BC) 210 0.68 0.13 0.761 0.3215 0.0121
pSTS_R_2_2(DC) 124 − 0.85 − 0.55 0.752 0.3102 0.0011
Hipp_R_2_2(DC) 218 0.70 0.16 0.717 0.2681 0.0066
LOcC_R_2_2(CC) 210 0.87 − 0.18 0.728 0.2804 0.0013
MFG_L_7_7(CC) 27 0.75 0.63 0.722 0.2732 0.0038
SFG_R_7_1(NE) 2 0.80 − 0.35 0.728 0.2804 0.0021
IPL_R_6_1(NE) 136 0.71 0.46 0.721 0.2722 0.0073

Fig. 3. Functional bio-marker areas are extracted by the conventional FC model between NTLE and HC. (A) 9 specific ROIs are extracted by the ROC 
curve; (B) Specific ROIs are displayed by BrainNetViewer; (C) Histogram of KCC for all features in the network indexes; (D) Absolute value of KCC.
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Table 3 
Between-group significance of network indexes in 9 bio-marker areas between NTLE and HC under the conventional FC model.

Bio-marker area (Network index) BNA atlas label Between-group mean of SSI AUC of ROC Absolute value of KCC pFDR

NTLE group ( × 10− 2) HC group ( × 10− 2)

IFG_R_6_2 32 3.84 1.19 0.774 0.3379 0.0001
IPL_R_6_4 142 1.85 − 0.88 0.774 0.3379 0.0004
INS_L_6_3 167 5.09 2.96 0.753 0.3122 0.0013
STG_R_6_4 76 4.95 2.88 0.710 0.2588 0.0038
STG_R_6_6 80 2.95 1.21 0.707 0.2547 0.0022
MFG_R_7_4 22 1.77 − 0.16 0.705 0.2527 0.0110
IPL_L_6_1 135 − 2.64 − 0.49 0.269 0.2845 0.0005
FuG_R_3_1 104 1.95 3.49 0.282 0.2691 0.0203
ITG_L_7_1 89 1.00 2.81 0.284 0.2660 0.0058

Fig. 4. Cluster of SSI values at the specific ROIs for NTLE and HC under the specific FC model, the first 20 subjects are NTLE,and the last 60 subjects 
are HC; (A–F) SSI of specific ROIs under BC index; (G–H) SSI of specific ROIs under DC index; (I–J) SSI of specific ROIs under CC index; (K–L) SSI of 
specific ROIs under NE index.
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4.3. Limitations and prospects

The cause to employ three methods of feature extraction and a SVM with 2 validations including Hold-out method and 10 times 
random cross validation, mainly considered the small sample in this study. If there are a large number of samples, more advanced 
machine learning methods even deep learning methods should be considered carefully, because the Hold-out method is highly ran
domized and requires multiple random divisions and repeated experiments to take the average value. High-field MRI increases the 
resolution and, in several publications, was shown to improve the detection of focal cortical dysplasias and mild cortical malforma
tions. For those cases without any tissue abnormality in neuroimaging, even at 7 T, scalp EEG alone is insufficient to delimitate the 
epileptogenic zone [35]. The detection of NTLE by MRI is incomplete. We use MRI technology to detect functional abnormalities in 
NTLE through a specific FC model, verifying that the specific FC model is superior to conventional models. The functional lesions in 
patients with temporal lobe epilepsy are not limited to the temporal lobe. Due to the limitations of current research on experimental 
subjects, we will conduct more studies on other types of epilepsy patients in the future. Meanwhile, we will collect data from PTLE 

Fig. 5. Cluster of SSI values at the specific ROIs for NTLE and HC under the conventional FC model, the first 20 subjects are NTLE,and the last 60 
subjects are HC. (A–I) SSI of specific ROIs under the conventional FC model.

Table 4 
Classification accuracy and validation by 10 times random validation method.

Classification model Accuracy/% Sensitivity/% Specificity/% Area Under Curve/%

Network-level specific FC model 93.80 98.30 80.00 94.00
Conventional FC model 87.50 88.30 85.00 89.00

Table 5 
Classification accuracy and validation by Hold-out.

Classification model Accuracy/% Area Under Curve/% Training time/s Precision/%

Network-level specific FC model 93.46 94.50 35.93 95.18
Conventional FC model 86.88 93.20 32.85 90.92
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patients to further investigate the impact of structural damage in future experiments.

5. Conclusions

Considering the healthy people as a control, we constructed a network-level specific FC model, which can effectively screen the 
specific and unique functional imaging markers for NTLE. The specific regions including frontal lobe, temporal lobe, parietal lobe, 
hippocampus, and occipital lobe, Additionally, they could construct a good classifier for NTLE with great classification accuracy and 
stability, thus a specific NTLE classifier was constructed whose classification accuracy of 10 times random cross validation is 93.80 %, 
respectively, and the classification accuracy of hold-out method is 93.5 %,all significantly better than the performances of the con
ventional FC model of Pearson correlation. This study may provide a new method for accurate detection of functional biomarkers of 
NTLE by rfMRI, and may be helpful to clinical machine-assisted diagnosis.
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