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Abstract

Objective: Develop a high-performing algorithm to detect mesial temporal lobe (mTL) 

epileptiform discharges on intracranial electrode recordings.

Methods: An epileptologist annotated 13,959 epileptiform discharges from a dataset of 

intracranial EEG recordings from 46 epilepsy patients. Using this dataset, we trained a 

convolutional neural network (CNN) to recognize mTL epileptiform discharges from a single 

intracranial bipolar channel. The CNN outputs from multiple bipolar channel inputs were averaged 

to generate the final detector output. Algorithm performance was estimated using a nested 5-fold 

cross-validation

Results: On the receiver-operating characteristic curve, our algorithm achieved an area under the 

curve (AUC) of 0.996 and a partial AUC (for specificity > 0.9) of 0.981. AUC on a precision-

recall curve was 0.807. A sensitivity of 84% was attained at a false positive rate of 1 per minute. 

35.9% of the false positive detections corresponded to epileptiform discharges that were missed 

during expert annotation.

Conclusions: Using deep learning, we developed a high-performing, patient non-specific 

algorithm for detection of mTL epileptiform discharges on intracranial electrodes.

Significance: Our algorithm has many potential applications for understanding the impact of 

mTL epileptiform discharges in epilepsy and on cognition, and for developing therapies to 

specifically reduce mTL epileptiform activity.
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1. Introduction

Inter-ictal epileptiform discharge (IEDs, also known as epileptiform discharges or spikes) 

are an EEG biomarker of epilepsy, whose physiologic role remains poorly understood. Much 

research is devoted to understanding the clinical relevance of IEDs and their relation with 

seizure generation (Hufnagel et al. 2000; Karoly et al. 2016), cognition (Kleen et al. 2010), 

and memory (Stein et al. 2016; Ung et al. 2017). This has motivated the development of 

automated algorithms for the detection of and quantification of spikes in both intracranial 

and scalp EEG recordings (Carrie 1972). While many approaches to spike detection have 

been used, including template matching (Kim and McNames 2007; Vijayalakshmi and 

Abhishek 2010; Lodder et al. 2013; Horak et al. 2015), wavelet analysis (Haydari et al. 

2011; Le Douget et al. 2017), mimetic analysis (Boos et al. 2011; Liu et al. 2013), and 

power spectral analysis (Hassanpour et al. 2004; Yang et al. 2017), these detectors often 

suffer from a high number of false detections, which limit their utility in clinical or research 

applications (Halford 2009). These shortcomings highlight the difficulty of explicitly 

formulating the features that trained experts use to visually detect spikes on the EEG.

Deep neural networks have recently revolutionized the field of artificial intelligence, 

achieving unprecedented results and even surpassing human performance in many fields of 

applications including computer vision (Krizhevsky et al. 2012), natural language processing 

(Kim 2014), and bioinformatics (Sønderby et al. 2015). One of the strengths of deep neural 

networks is their ability to automatically learn relevant features from the input domain, 

bypassing the need to design handcrafted features that may or may not be relevant for the 

task. One type of deep neural network, the convolutional neural network (CNN), is 

particularly suitable for learning time-invariant morphological features from input data, and 

has only recently begun to be applied for IED detection, with promising results (Antoniades 

et al. 2016; Johansen et al. 2016; Tjepkema-Cloostermans et al. 2018).

The aim of this study was to develop a high-performing algorithm to detect mesial temporal 

lobe (mTL) epileptiform discharges on intracranial electrode recordings, using CNNs to 

extract the relevant features for detection. As the mTL is the most commonly studied brain 

region in patients with medication-refractory epilepsy undergoing invasive monitoring, the 

ability to accurately detect and quantify mTL epileptiform discharges on intracranial 

electrodes has many potential applications in both the clinical and research domains.

2. Methods

2.1 Patient Population

This study used data from patients who underwent monitoring with combined foramen ovale 

(FO) electrodes and scalp EEG electrodes at our institution between 2008 and 2017. Data 

was analyzed retrospectively under a protocol approved by our center’s Institutional Review 

Board. We selected patients with mTL epilepsy, based on semiology, neurophysiologic 

findings, and clinical imaging. Exclusion criteria included prior brain instrumentation or 

extra-temporal brain structural abnormalities.
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2.2 Foramen ovale (FO) electrode recordings

Four-contact FO electrodes (Ad-Tech, Racine, WI) were placed bilaterally using 

fluoroscopic guidance, as described previously (Sheth et al., 2014; Wieser et al., 1985). FO 

electrodes are positioned to lie in the ambient cistern, directly adjacent to the mTL. As such, 

FO electrodes provide high-fidelity recordings of electrical activity specifically from the 

mTL. All recordings were acquired using XLTEK hardware (Natus Medical Inc., Pleasanton 

CA) with data sampled at 1024 Hz.

2.3 EEG processing and artifact detection

Preprocessing of the FO electrode data (FO-EEG), including downsampling, filtering, and 

artifact removal, was performed in MATLAB (Mathworks, Natick, MA), using custom and 

freely available scripts, including EEGLab (Delorme and Makeig 2004). Recordings were 

downsampled to 256Hz, then bandpass filtered from 0.5-70Hz with a Butterworth third 

order filter, and notch filtered at 60 Hz with a Butterworth fourth-order filter. We generated a 

bipolar montage for the FO channels, consisting of three channels each for the left (LFO1-

LFO2, LFO2-LFO3, LFO3-LFO4) and right (RFO1-RFO2, RFO2-RFO3, RFO3-RFO4) FO 

electrodes. The first contacts of each electrode (LFO1, RFO1) are the deepest contacts. We 

also generated a common referential montage for the FO channels using a C2 reference 

electrode, resulting in 4 channels each for the left (LFO1-C2, LFO2-C2, LFO3-C2, LFO4-

C2) and right (RFO1-C2, RFO2-C2, RFO3-C2, RFO4-C2) FO electrodes.

We used custom scripts to automate artifact and bad channel detection on the FO-EEG 

channels. Artifact detection was performed on one-second epochs of FO-EEG data, using 

the following features: maximal amplitude, area under the curve, line length, and high-

frequency power. For each non-overlapping, one-second epoch in each FO-EEG channel 

(including bipolar and common referential channels), we calculated the features above, then 

normalized each feature by subtracting the median and dividing by the interquartile range 

(IQR, 75th percentile - 25th percentile) for all epochs within a recording (typically ~ 24 

hours in length). We set thresholds for each feature and defined a channel epoch as 

artifactual if one of its features exceeded the set thresholds. Specifically, thresholds were set 

such that ~ 2% of IEDs would be removed. Additionally, we considered a channel in a one 

second epoch to be “flat” if its standard deviation was less than 2.5 μV.

Detection of “bad” channels (channels that showed anomalous signals for extended portions 

of the record) was performed on 30 second epochs of FO-EEG data. This was done on both 

common referential and bipolar montages. We defined a 30s epoch of a given FO-EEG 

channel to be “bad” if: 1) its average correlation coefficient with all other FO-EEG channels 

was less than 0.15; or 2) its IQR was at least three times greater than the median IQR of the 

other FO-EEG channels.

For an FO-EEG epoch to be used for spike detection, we required that it have at least two 

valid (i.e., not flagged as artifact or bad channels) common referential channels and two 

valid bipolar channels. Using these criteria, ~93% of the original data could be used for 

spike detection.
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2.4 Generating a Gold Standard Dataset

A board-certified epileptologist (ADL) annotated mTL IEDs on the FO-EEG recordings, 

using a custom-made graphical user interface (GUI) that displayed random 15 second 

epochs of FO-EEG data from each patient. The epileptologist could view both the FO-EEG 

and scalp EEG data, switch between different montages (including longitudinal bipolar, 

referential, and average montages), and adjust gain and filter settings as they typically would 

for clinical EEG interpretation. The epileptologist was instructed to mark at least 250 IEDs 

for each patient. The epileptologist indicated the level of confidence in the IED annotations 

by marking “definite” IEDs, including epileptiform spikes, polyspikes, and sharp waves. The 

epileptologist also marked “indeterminate” IEDs, which were defined as sharp transients that 

had location and morphology similar to “definite” IEDs within the same recording, but that 

themselves were not definitively epileptiform (typically due to low amplitude or failure to 

stand out sufficiently from the background activity). Each annotated IED was defined by a 

250ms time window centered around the sample marked by the expert. All epochs that were 

not annotated as “definite” or “indeterminate” IEDs by the expert were defined as non-IEDs, 

which included baseline activity as well as artifacts not captured by our automated artifact 

detection algorithm. Examples of “definite” IEDs, “indeterminate” IEDs, and non-IEDs are 

shown in Fig. 1.

2.5 Training and Testing Data sets

We used a 5-fold cross validation scheme (described below), such that data from each 

patient was used either as training or as testing data, depending on the fold. For each patient, 

the training data and testing data were generated differently.

For training data sets, positive examples were extracted by taking a 1s window centered on 

each “definite” annotated spike. All other epochs, including “indeterminate” spikes, were 

extracted as negative examples. We used data augmentation (Krizhevsky et al. 2012) to 

artificially generate additional training examples. For each “definite” IED (ie, each positive 

training example), we created an additional 24 positive training examples, by shifting the 

original example by a randomly chosen time jitter of s ∈ [−125, 125] ms. This was 

performed for all “definite” IEDs, for all patients in the training dataset. To generate an 

evenly balanced training data set with an equal number of examples of IEDs and non-IEDs, 

we randomly discarded non-IED examples (which vastly exceed the number of IED 

examples) from the training set, to match the number of IED examples (including the 

augmented examples) and non-IED examples.

Testing datasets for each patient were generated by applying a sliding window of 1s with a 

step size of 250ms, across all of the patient’s data that was annotated by the expert. A 1s FO-

EEG testing epoch was considered to contain an IED if at least 50% of the 250ms window in 

the center of that epoch was covered by a spike annotation. In the testing dataset, no data 

augmentation or balancing of IED and non-IED examples was applied, to more closely 

approximate real-world application.

The final model was trained using the entire training dataset from all patients.
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2.6 Spike Detector Architecture

A schematic of our algorithm to detect IEDs from FO-EEG data is shown in Fig. 2 The 

algorithm is agnostic to laterality and can detect IEDs on either the left FO electrode (LFO) 

or the right FO electrode (RFO). The input to the algorithm is a 1 second epoch of FO-EEG 

data. Based on this 1 second input, the algorithm detects whether an IED is present within 

the central 250ms of this epoch. For each 1-second input, the pre-processed signal from each 

valid FO-EEG bipolar channel is independently fed to a CNN (CNN-BP, described below). 

The CNN-BP outputs for each of the valid bipolar channels are then averaged to yield a final 

determination of whether an IED is present in the central 250ms epoch.

The architecture of CNN-BP is shown in Fig. 3. The input provided to CNN-BP is a 1 

second epoch from a single FO-EEG bipolar channel. The output of CNN-BP represents the 

estimated probability that an IED occurred in the central 250msec of the input epoch. CNN-

BP follows a typical CNN architecture, which consists of a sequence of convolutional and 

pooling layers followed by a series of fully connected layers (LeCun et al. 1998; Krizhevsky 

et al. 2012; Simonyan and Zisserman 2014). CNN-BP has three convolutional layers, which 

is in the typical range for applications on EEG signals (Roy et al. 2019). The first 

convolutional layer contains fi filters, each consisting of 32 samples which corresponds to a 

duration of 125ms. Of note, fi represents the number of filters for the first convolutional 

layer, which was a hyperparameter that was tuned during the cross-validation procedure, as 

described below. The second convolutional layer contains 2fi filters consisting of 16 samples 

each, allowing this layer to capture the subtler features of an IED. The third convolutional 

layer consists of 3fi filters with 8 samples each. Each convolutional layer is followed by a 

maxpooling layer of size = 4 and stride = 1, as well as a dropout regularization step with a 

dropout probability of 0.2. Following the three convolutional layers is a single fully-

connected layer with 12fi neurons, followed by a logistic regression unit for final 

classification. We use the rectified linear unit (relu) function (Nair and Hinton 2010) as the 

activation function in the convolutional and fully connected layers, while the sigmoid 

function is used as the activation function for the final single neuron.

Of note, training CNN-BP to recognize IEDs from a single bipolar channel input (rather than 

using a combined input from all bipolar channels) permits a larger training set, as each 

individual IED will generate up to three positive examples (one for each ipsilateral bipolar 

channel) with which to train the CNN. Moreover, this simplifies the training procedure, as 

the CNN does not need to learn the relationship between the three bipolar channels and 

missing/bad channels do not need to be accounted for.

2.7 Deep Learning Methods

The neural network library Keras (Chollet François 2015) running on top of Tensorflow 

(Martín et al. 2016) was used to build and configure the CNN model, which was trained on 

two CUDA-enabled NVIDIA GPUs, running on CentOS 7. The CNN model was trained 

using the Adaptive Moment Estimation (Adam) optimization algorithm (Kingma and Ba 

2015) with a batch-size of 128, and parameters β1, β2 and ε set to 0.9, 0.999, and 10−8, 

respectively. We used the log (cross-entropy) loss function. To prevent overfitting, we used 
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dropout regularization (Srivastava et al. 2014) after each maxpool layer, with a dropout 

probability of 0.2.

We trained each CNN model for 5 epochs, where an epoch is defined as a complete pass 

over all the training data. To make the learning process more efficient, we used batch 

normalization (Ioffe and Szegedy 2015) and learning rate decay. The optimal learning rate α 
and the number of filters fi were determined by searching over the values [0.01, 0.001, 

0.0001] and [16, 32] respectively, using a 5-fold cross validation scheme across patients.

For 5-fold cross-validation, patients were first partitioned into 5 folds. For a given 

hyperparameter pairset [αi, fi], the CNN was trained on data from 4 folds, and tested on the 

data from the left-out fold (testing fold). This was repeated 5 times, with each fold being 

used once as the testing fold. The test fold results from each iteration were aggregated across 

all folds to determine the performance for the [αi, fi] pair. This procedure was then repeated 

for each pair [αi, fi] in the grid, to find the pair with the best performance (highest AUCPR).

An unbiased estimate of the performance of this model selection process was also evaluated 

using a nested 5-fold cross validation. In this scheme, the patients are first partitioned into 5 

outer folds. The data from 4 outer folds are further partitioned into 5 inner folds. A simple 

cross-validation, as described above, is carried out on these inner folds to determine the 

optimal pair [αi, fi]. The resulting CNN with the optimal hyperparameters is then trained on 

the inner folds and tested on the held-out outer fold. This is repeated 5 times, with each outer 

fold being used once as the testing fold. This result provides an unbiased estimate of the 

expected performance of the algorithm in detecting IEDs on unseen FO-EEG data from new 

patients.

2.8 Evaluation Metrics

A positive IED detection was defined as any detection made within 375ms of the expert 

annotated spike. We determined the performance of our classifier using the area under the 

curve (AUC) for the receiver operating characteristic (ROC) curve, as well as a standardized 

partial AUC (pAUC) (McClish 1989), which considers only the region of the ROC curve 

that corresponds to a specificity greater than 0.9. We also report the area under the curve 

under the Precision-Recall curve (AUCPR). To prioritize detection of “definite” IEDs, 

without penalizing the detection of “indeterminate” IED, we defined the sensitivity of 

detection as the number of correctly detected “definite” IED, divided by the total number of 

“definite” IED in the dataset. We defined precision, also known as positive predictive value 

(PPV), as the number of correctly detected “definite” and “indeterminate” IED, divided by 

the total number of detections made. Specificity was defined as the number of correctly 

identified background waveforms (non-IEDs) over the total number of these waveforms. We 

also report the false positive rate, as the number of false positive detections per minute of 

recording.

2.9 Statistical Analysis

Group results are reported as mean ± standard deviation unless stated otherwise. Intra- and 

inter-rater reliability for expert labeling of IEDs were assessed using Gwet’s AC coefficient 

(Gwet 2008). This measure provides adjustment for chance agreement and misclassification 
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errors and has previously been used in studies assessing inter-rater agreement for IED 

detection (Halford et al. 2013, 2017). Agreement based on Gwet’s AC coefficient can be 

interpreted as follows: 0.8–1.0: ‘Very Good’; 0.6–0.8: ‘Good’; 0.4–0.6: ‘Moderate’; 0.2–0.4: 

‘Fair’; <0.2: ‘Poor’ (Bagheri et al. 2017). Comparison of spike detection during seizures vs 

baseline was done using paired t-tests.

3. Results

3.1 Patient demographics and IED characteristics

This study used data sets generated from intracranial FO-EEG recordings from 46 patients 

with temporal lobe epilepsy who previously underwent evaluation in our center’s Epilepsy 

Monitoring Unit.Supplementary Table 1 shows the patient demographics, clinical 

characteristics, and details of their annotated FO-EEG data. The patient population was 

comprised of 19 females and 27 males, with a mean age of 40 ± 15 years. Variable IED rates 

across patients resulted in variability in the amount of data that the expert had to review in 

order to label a similar number of spikes per patient.

Altogether, the expert-annotated gold standard dataset comprised 102 hours of recording 

(median = 1h per patient, range = [0.1, 17.8]) and consisted of 13,959 “definite” IEDs and 

8,541 “indeterminate” IEDs, with an average of 303 ± 110 “definite” IEDs and 186 ± 171 

“indeterminate” IEDs per patient. This amounted to 40,942 IEDs on individual channels, 

after removing examples on channels that were flagged as bad or containing artifacts.

To assess the robustness and reliability of the expert-annotated gold standard dataset, the 

same expert (ADL) re-annotated a subset of this dataset, blinded to the previously annotated 

labels. This subset included data from all patients, consisted of ~ 4 hours of recording, and 

contained 1,061 “definite” spikes and 708 “indeterminate” spikes that were previously 

annotated by that expert. Gwet’s AC coefficient for intra-rater agreement based on this 

subset of re-annotated data was 0.586, indicating moderate agreement. In addition, a second 

expert (CSJ, a board-certified epileptologist) annotated the same subset of data, blinded to 

all previously annotated labels. Gwet’s AC coefficient for inter-rater agreement was 0.724, 

indicating good agreement. Among epochs labeled as non-IEDs, there was over 99% 

agreement between experts.

3.2 Performance of the automated IED detector

Using cross-validation, we determined that the best performing CNN-BP model used a 

learning rate (αi) of 0.01 and filter base number (fi) of 32. Fig. 4 shows 9 representative 

filters from the first convolutional layer from the best-performing model. The filters capture 

important morphological features of IEDs, including spikes (Fig 4A), slow-waves (Fig 4B), 

and polyspikes (Fig 4C), indicating that the neural network has learned salient features 

relevant to the spike detection task.

Based on nested cross-validation, which provides an unbiased estimate of the expected 

performance of our algorithm in detecting IEDs on data from new patients, our algorithm 

achieved an AUC of 0.996 ± 0.002 and a pAUC of 0.981 ± 0.006. The precision-recall curve 

had an AUCPR of 0.807 ± 0.066. Augmentation of the training dataset (described in Section 
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2.5) was highly effective at improving performance of the algorithm, as the same neural 

network trained on the non-augmented dataset achieved a pAUC of only 0.877 ± 0.016 and 

an AUCPR of 0.568 ± 0.102. The algorithm’s sensitivity as a function of the false positive 

rate per minute is displayed in Fig. 5A. At a false positive rate less than 6/min (considered 

by some to be the maximum false positive rate for a spike detector to be useful (Wilson and 

Emerson 2002)), the algorithm achieved a sensitivity of 97.0 ± 1.0%. For a false positive rate 

of less than 1/min, the detector had a sensitivity of 84.0 ± 4.0%. For a PPV of 0.80, the spike 

detector achieved a sensitivity of 67.7 ± 11.0%. Examples of the algorithm’s true positive 

and true negative classifications are shown in Fig. 6, and false positive and false negative 

classifications in Fig. 7.

As an additional test of our algorithm’s performance, we assessed its output on 47 mTL 

seizures from 16 patients, with the reasoning that most seizures consist of repetitive spiking 

activity that should be detectable by our algorithm. None of these seizures were included in 

the training or testing datasets used in the cross-validation procedures above. We analyzed 

the first 60 seconds of each seizure. Not surprisingly, 37% of all seizure epochs were 

removed by the automated artifact detector. Using a detection threshold of 0.9, which 

corresponds to a PPV of 75% and sensitivity of 72%, our algorithm detected IEDs in 29% of 

the remaining seizure epochs. In comparison, the algorithm detected IEDs in only 3% of 

epochs from a 60-second pre-seizure baseline segment that spanned from 90 seconds to 30 

seconds prior to each seizure’s start time. FO spike detection rates during seizures were 

significantly greater than during the pre-seizure baseline (p < 0.001).

3.3 Patient-specific performance of the automated IED detector

We next sought to evaluate how well the detector performed for individual patients. For each 

nested cross-validation fold, we set the threshold on the detector’s output to attain a PPV of 

0.8 for the outer fold. We then determined the corresponding performance metrics for each 

patient in the outer fold (Supplementary Table 2). For a fixed PPV of 0.78 ± 0.02, patient-

specific sensitivities ranged between 22.4% and 99.5%. This interpatient variability in the 

IED detector’s performance was likely related to differences in IED morphology and EEG 

background for each patient. Some patients have high amplitude IEDs with robust 

morphology and a relatively low-amplitude background, which makes it easier for the 

algorithm to detect the IEDs. Other patients have a highly active background, with abundant 

IED activity, or have IEDs with low amplitudes, making the IEDs more difficult to detect.

3.4 Evaluation of False Positive Detections

To better understand our algorithm’s performance with regards to false positive detections, 

we examined a random subset of 881 false positive detections, sampled uniformly across all 

patients, at a detector threshold corresponding to a PPV of 0.8. (See Figs. 6 and 7 for 

examples of true positive and false positive detections, respectively). These examples were 

closely examined by an expert epileptologist (ADL), who found that 35.9% of the 

algorithm’s false positive detections could be attributed to IEDs that were missed on initial 

expert annotation and that thus represent “false false positives”. As such, the actual false 

positive rate of our detector is even lower than what we have reported above. The remaining 

false positives were classified as follows: 10.9% were due to sharp transients that were not 
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definitively epileptiform; 10.1% were due to artifacts that were not captured by the 

automated artifact detector; 23.1% were due to high-frequency, low-amplitude background 

activity; 3.7% were due to high-amplitude background activity; and 3.2% were due to large 

slow waves. An obvious cause for a positive detection was not found for 13.1% of false 

positives, where the expert observed only normal background activity.

4. Discussion

We have developed a high-performing algorithm for detection of mTL IEDs on intracranial 

electrodes, using a deep learning approach. Most machine learning algorithms require the 

user to pre-select specific input features that are thought to provide important information 

for the classification task. Using deep learning, however, we were able to input essentially 

raw FO-EEG signals directly to a CNN, which automatically learned the relevant features 

from the data, in order to detect IEDs with high sensitivity and specificity.

Few other groups have used deep learning for intracranial spike detection (Antoniades et al. 

2016, 2017). One of the notable advantages of a deep learning approach to intracranial IED 

detection is the potential for continued improvement in performance with additional data. 

Unlike other classifier architectures, the performance of deep neural networks can often be 

continuously enhanced with larger training data sets (Sun et al. 2017). Our expert-annotated 

dataset of IEDs was larger than most IED datasets that have previously been used to train an 

intracranial IED detector. We additionally used data augmentation techniques to further 

expand this dataset by 24-fold, which allowed us to train a solidly performing CNN. Further 

modifications to the network architecture, as well as further tuning of the inputs (e.g., epoch 

length, different channel types) and hyper-parameters (e.g., filter size, batch size, dropout 

rate, number of layers) could potentially improve detector performance in the future. 

Additionally, the sensitivity of the detector might be improved by combining the outputs of 

each channel differently, particularly for IEDs that are relatively equipotential across FO 

electrode contacts and that may thus be poorly visible on the bipolar channels (see, for 

example, the false negative detections in Fig. 7). We experimented with using referential 

montage channels as additional inputs to our IED detector but found that they did not 

significantly improve performance of the detector (data not shown). We also experimented 

with a number of different hyper-parameters, including batch size, dropout rate, the number 

of convolutional and fully connected layers, but did not find these to make a meaningful 

difference in performance (data not shown).

Our intracranial IED detection algorithm is unique in that it specifically detects mTL IEDs 

from FO electrode recordings, whereas most other intracranial IED detectors have been 

applied to recordings from stereotactic depth and/or subdural grid electrodes and probe 

activity from wider and more varied regions of the brain. Given the differences between 

recording methods and datasets, a direct comparison of our algorithm’s performance with 

prior studies cannot easily be made. Noting this important caveat, however, we have 

nonetheless tried to summarize the results of previously published intracranial IED 

detectors, to give a sense of how our algorithm’s performance fits into the current landscape 

of intracranial IED detection. Gaspard et al utilized a dataset of 10 patients and 5,966 IEDs 

recorded on subdural strip, grid, or depth electrodes, to develop a spike detector based on the 
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quantification of time–frequency properties of spikes. Their detector achieved a sensitivity 

of 75.6% with a false positive rate of 6 false detections per minute. Janca et al. used a dataset 

of 30 patients and 6,518 IEDs recorded on subdural or depth electrodes to develop a spike 

detector based on the modeling of the statistical distribution of the signal envelope. They 

reported a sensitivity of 88.9% with a false positive rate of 5.2 false detections per minute. In 

comparison, our IED detector achieved sensitivities of 94.05% ± 2.61% and 97.37% 

± 1.18%, at false positive rates of 3 and 6 false detections per minute, respectively. 

Barkmeier et al. used a dataset of 10 patients and 78,743 IEDs recorded on subdural grid 

electrodes, and an algorithm consisting of frequency filtering and amplitude scaling and 

reported a mean sensitivity of 50.2% with a precision of 0.31. LeDouget et al. used a dataset 

of 17 patients and 3,444 IEDs recorded on subdural grid, strip, or depth electrodes, and 

random forest classifier with discrete wavelet transform features, and reported a sensitivity 

of 63% with a precision of 0.53. In comparison, our detector achieves a sensitivity of 

95.74% ± 3% with a precision of 0.3 and a sensitivity of 79.76% ± 6.17% with a precision 

of 0.5.

In assessing our algorithm’s performance on mTL seizures that were independent from the 

training and testing data sets, we found that 37% of all seizure epochs were removed by the 

artifact detector. It is not surprising that the repetitive and high amplitude spiking activity 

typically seen with seizures would trigger detection of artifacts based on amplitude, line 

length, and other features. Notably, our algorithm (operating at a sensitivity of ~ 72%) 

detected 29% of the remaining seizure epochs as spikes. While it may be surprising that only 

29% of the remaining seizure epochs were detected as spikes, this could be explained by the 

fact that our algorithm was mostly trained on individual spikes occurring on a background of 

relatively normal activity. As such, the algorithm is likely not optimized to detect the highly 

repetitive spiking without intervening normal baseline activity, as may be seen during a 

seizure.

The performance limiting aspect of most spike detection algorithms, including the one we 

have developed here, is the relatively high number of false positive detections. In trying to 

understand the source of false positive detections from our algorithm, we found that a 

substantial proportion of these false positives (35.9%) were IEDs that were missed on initial 

expert annotation. This is not surprising, given previous reports indicating that a high 

proportion of spikes are often missed on expert annotation (Barkmeier et al. 2012; Janca et 

al. 2014; Le Douget et al. 2017). Similarly, 10.9% of our algorithm’s false positive 

detections were sharp transients that were not definitively epileptiform, possibly 

corresponding to missed “indeterminate” IEDs. Artifacts comprised a low proportion 

(10.1%) of our false positive detections, which is likely due to our use of an automated 

artifact rejection algorithm prior to implementing the spike detection algorithm. A 

significant proportion of our false positive detections was comprised of high-frequency, low-

amplitude background activity (23.1%), which might indicate some reliance of the spike 

detector on high frequency features.

A major limitation of our study is that the labels that were used for training and evaluating 

our spike detection algorithm were generated by a single expert epileptologist. Other spike 

detection algorithms have been designed based on datasets labeled by 2-3 experts, though 
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often with poor to fair inter-rater agreement (Barkmeier et al. 2012; Gaspard et al. 2014; 

Janca et al. 2014) . While our dataset was labeled by only one expert, we found that both the 

intra- and inter-rater reliability of these labels (based on analysis of a random subset of this 

data) were moderate to good, indicating the robustness of the gold standard dataset for this 

study.

Here, we focused on detecting IEDs specifically from the mTL, as the mTL is not only one 

of the most epileptogenic regions of the brain, but also plays an important role in memory 

and cognition. Moreover, the mTL is one of the most frequently studied brain structures in 

intracranial investigations for epilepsy pre-surgical evaluation. Our algorithm offers an 

accurate and objective method for quantifying mTL IEDs on long-term intracranial electrode 

recordings, and therefore has many potential clinical and research applications. Examples 

include: quantification of the left-right distribution of mTL IEDs in patients with suspected 

bi-temporal epilepsy; evaluating the effect of mTL IEDs in disrupting memory encoding 

and/or consolidation; and assessing effects of specific medications in reducing mTL IEDs, as 

a potential therapeutic measure to improve cognition in patients with epilepsy. Notably, 

while we specifically trained our algorithm to detect mTL IEDs from FO electrode 

recordings, our approach, using a relatively simple CNN that takes a single FO-EEG channel 

as input, could easily be applied to handle data from other types of intracranial recordings 

(e.g., stereotactic depth electrodes) through the use of transfer learning methods (Qiang 

Yang and Pan 2010; Nejedly et al. 2019).

Notably, training our algorithm specifically on recordings from FO electrodes offers an 

additional unique benefit. FO electrodes are the least invasive modality for performing 

intracranial recordings in patients with epilepsy (Karakis et al. 2011; Sheth et al. 2014). 

Unlike other intracranial electrodes, placement of FO electrodes does not require drilling 

burr holes in the skull or performing a craniotomy. Rather, FO electrodes are guided into the 

cranium through the foramen ovale, a naturally occurring hole at the base of the skull. As 

such, FO electrodes offer the rare ability to concurrently record mTL activity along with 

scalp EEG, without concern that the scalp EEG signals will be distorted by breach artifact. 

This has motivated the recent use of FO electrode recordings in studies that attempt to 

correlate scalp EEG with mTL activity (Clemens et al. 2003; Lam et al. 2016, 2017; Spyrou 

et al. 2016). The algorithm developed here will provide a valuable tool to further this 

important line of research.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

• We developed a deep learning algorithm to detect mesial temporal lobe 

epileptiform discharges on intracranial EEG.

• Convolutional neural networks with simple architectures deliver excellent 

performance in detecting epileptiform discharges.

• Quantification of intracranial epileptiform activity has many research and 

clinical applications.
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Figure 1: 
Representative examples of “definite” and “indeterminate” IEDs for 5 patients, including 

(A) Patient #4; (B) Patient #9; (C) Patient #25; (D) Patient #26; and (E) Patient #28. The left 

and middle columns show “definite” IEDs, while the right column shows “indeterminate” 

IEDs. Amplitude and time scales for all examples are shown in the bottom right corner. 

Patient numbers correspond to those shown in Supplementary Table 1.
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Figure 2: 
Outline of the IED detection scheme. Each FO bipolar channel is fed to a convolutional 

neural network (CNN-BP), which outputs the probability that the signal contains an IED. 

The 3 outputs are averaged to provide a final decision of whether an IED is present.
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Figure 3: 
Architecture of the convolutional neural network used to detect an IED on an individual FO 

bipolar channel. The input is a 1s bipolar FO signal. The output Ybp is the probability that 

the central 250ms of this epoch contains an IED. Further details regarding the architecture 

are provided in the text. The blue boxes under Conv1D represent the filters in the 

convolutional layer. BN = Batch Normalization; FC = Fully Connected layer
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Figure 4: 
Representative filter weights for the first convolutional layer. Each box represents a different 

filter, with the x-axis representing sample number and the y-axis representing the weights of 

the filter. The learned filters show a resemblance to salient features for IED detection, 

including (A) spikes, (B) slow waves, and (C) polyspikes.
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Figure 5: 
Performance characteristics of the IED detection algorithm. (A) Sensitivity vs False Positive 

Rate; and (B) Sensitivity and PPV vs detection threshold. The line and error bars/shaded 

regions respectively correspond to the mean and standard deviation of each curve, across the 

nested cross-validation outer folds.
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Figure 6: 
Representative examples of correctly classified segments on nested cross validation. (A) 

Three examples of true positive classifications. Examples from left to right were taken from 

Patients 2, 6, and 23, respectively. (B) Three examples of true negative classifications. 

Examples from left to right were taken from Patients 31, 40, and 41, respectively. Patient 

numbers correspond to those shown in Supplementary Table 1.
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Figure 7: 
Representative examples of incorrectly classified segments on nested cross validation. (A) 

Three examples of false positive classifications. Examples from left to right were taken from 

Patients 25, 27, and 34, respectively. (B) Three examples of false negative classifications. 

Examples from left to right were taken from Patients 22, 29, and 36, respectively. Patient 

numbers correspond to those shown in Supplementary Table 1.
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