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Various biological factors have been implicated in convulsive seizures, involving side effects of drugs. For
the preclinical safety assessment of drug development, it is difﬁcult to predict seizure-inducing side
effects. Here, we introduced a machine learning-based in vitro system designed to detect seizureinducing side effects. We recorded local ﬁeld potentials from the CA1 alveus in acute mouse
neocortico-hippocampal slices, while 14 drugs were bath-perfused at 5 different concentrations each. For
each experimental condition, we collected seizure-like neuronal activity and merged their waveforms as
one graphic image, which was further converted into a feature vector using Caffe, an open framework for
deep learning. In the space of the ﬁrst two principal components, the support vector machine completely
separated the vectors (i.e., doses of individual drugs) that induced seizure-like events and identiﬁed
diphenhydramine, enoxacin, strychnine and theophylline as “seizure-inducing” drugs, which indeed
were reported to induce seizures in clinical situations. Thus, this artiﬁcial intelligence-based classiﬁcation may provide a new platform to detect the seizure-inducing side effects of preclinical drugs.
© 2017 The Authors. Production and hosting by Elsevier B.V. on behalf of Japanese Pharmacological
Society. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).
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1. Introduction
Convulsive seizures involve body shakes that occur rapidly and
uncontrollably and are often associated with a loss of consciousness. Seizures generally result from the excessive excitation and
synchronization of neurons. Factors that cause hyperactive and
synchronous states of neuronal networks involve i) remodeling of
synaptic connections (1), ii) changes in extracellular ion concentrations (2), iii) the modiﬁcation of neurotransmitters and their
receptors (3, 4), and iv) medications, i.e., adverse effects (AEs) of
drugs (5, 6). In the central nervous system, seizures are one of most
severe AEs, leading to a decline in development or withdrawal from
the market. In the preclinical safety assessment of drug development, animal experiments are used to screen drugs that potentially
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exhibit such AEs; however, it is difﬁcult to detect drugs that exert
seizure-inducing effects.
Hippocampal slices can be used for in vitro epilepsy models and
pharmacological validation (7). Epileptiform hyperactivity is
induced by proconvulsants (8), electrical stimulation (9), and
extracellular ionic changes (10). In these cases, seizure-like events
(SLE), as sustained synchronous neuronal discharges, are considered hallmarks (2) and are detectable in local ﬁeld potentials (LFPs).
However, human bias-free and clear-cut criteria to predict the
onset of seizure are also required in the analysis of in vitro data. The
new assessment system based on the recording of LFPs from hippocampal slices may provide a method to identify the seizureinducing effects of drugs.
In the present study, we treated brain slices, including the
hippocampus, with a total of 14 drugs that either do or do not
induce seizures in humans. By recording LFPs from the alveus, we
automatically detected SLEs in LFP traces using an image recognition technique. Speciﬁcally, we used the deep learning network
Caffe to extract the features from LFP images and identiﬁed SLEs
using a linear support vector machine (SVM) in the state space
whose dimension was reduced using principal component analysis
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(PCA). The correct rate of prediction obtained using the crossvalidation test was 100%. All drugs used here were perfectly
assigned as either safe or seizure-inducing drugs.

2. Materials and methods
2.1. Animals
The animal experiments were performed with the approval of
the Animal Experiment Ethics Committee at the University of Tokyo
(approval number: P24-8) and according to the University of Tokyo
guidelines for the Care and Use of Laboratory Animals. Male ICR
mice (3- to 4-week-old) were housed under standard laboratory
conditions (12-h light/12-h dark cycle, free access to food and
water). These experimental protocols were conducted in accordance with the Fundamental Guidelines for Proper Conduct of
Animal Experiment and Related Activities in Academic Research
Institutions (Ministry of Education, Culture, Sports, Science and
Technology, Notice No. 71 of 2006), the Standards for Breeding and
Housing of and Pain Alleviation for Experimental Animals (Ministry
of the Environment, Notice No. 88 of 2006), and the Guidelines on
the Method of Animal Disposal (Prime Minister's Ofﬁce, Notice No.
40 of 1995).

2.2. Drugs
Aspirin, cimetidine, dextran, diazepam, diphenhydramine,
enoxacin, ibuprofen, imipramine, isoniazid, ketamine, methamphetamine, metoclopramide, oseltamivir, picrotoxin, strychnine,
and theophylline were used. Aspirin and theophylline were dissolved at a stock concentration of 50 mM in 33% dimethyl sulfoxide
(DMSO), and the ﬁnal concentrations of these drugs were adjusted
to contain 2% DMSO. Dextran was dissolved at a stock concentration
of 10% w/v immediately prior to use. Diazepam was dissolved at a
stock concentration of 1 mM in a solution comprising 40% propylene glycol and 10% ethanol in double-distilled water. Ibuprofen
was dissolved at a stock concentration of 25 mM in 50% DMSO, and
its ﬁnal concentration contained less than 0.6% DMSO. The other
drugs were dissolved in double-distilled water at various stock
concentrations, stored at 4  C, and diluted 1:100e100,000 (Table 1)
immediately prior to use in artiﬁcial cerebrospinal ﬂuid (aCSF) with
a low extracellular magnesium ion concentration ([Mg2þ]e),
comprising (in mM) 127 NaCl, 3.5 KCl, 1.24 KH2PO4, 0.1 MgSO4, 2.0
CaCl2, 26 NaHCO3 and 10 D-glucose.
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2.3. Slice preparations
Acute slices were prepared from the ventral part of the hippocampal formation in 3- to 4-week-old ICR male mice (SLC, Shizuoka, Japan). The mice were anesthetized with isoﬂurane,
followed by decapitation, and the brain was horizontally sliced at a
thickness of 400 mm in the fronto-occipital direction using a
vibratome in ice-cold oxygenated modiﬁed aCSF comprising (in
mM) 222.1 sucrose, 27 NaHCO3, 1.4 NaH2PO4, 2.5 KCl, 0.5 ascorbic
acid, 1 CaCl2, and 7 MgSO4. Subsequently, the slices were maintained in normal ACSF comprising (in mM) 127 NaCl, 3.5 KCl, 1.24
KH2PO4, 1.2 MgSO4, 2.0 CaCl2, 26 NaHCO3, and 10 D-glucose and
bubbled with 95% O2 and 5% CO2 at 37  C for at least 1 h. One to
three slices per mouse were used in the following experiments.
2.4. Local ﬁeld potential recording
A brain slice, which included the hippocampus and the temporal
neocortex, was placed on an 8  8 planar multi-electrode array
(MED-P515A, Alpha MED Scientiﬁc; electrode size: 50  50 mm;
inter-polar interval: 150 mm) and maintained in the interface condition at 35  C. Low [Mg2þ]e aCSF was bubbled with 95% O2 and 5%
CO2 at room temperature. aCSF was perfusion at a ﬂow rate of 1 ml/
min using a peristaltic pump. As the bath volume of the chamber
was 0.8 ml, aCSF was thought to be replaced with new aCSF within
about 1 min. Based on the total volume of the inlet tube, the onset
time at which the solution reached the chamber was deﬁned as the
time at which the solution was switched. LFPs were simultaneously
acquired from the 64 recording electrodes of the multi-electrode
arrays and digitalized at 10 kHz using an Alpha MED Scientiﬁc
system.
2.5. Data analysis
The data were exported at 1 kHz and processed using custommade routines in Matlab (The MathWorks, Natick, MA, USA). The
raw data were hamming-ﬁltered with a time window of 30 ms (11)
and differentiated at an interval of 50 ms. The peaks were automatically detected when their absolute values exceeded 0.1 mV/ms.
To ensure that the drug concentration in the chamber reached to
objective values during the occurrence of the peaks, for each 10min trace of a certain concentration, the ﬁrst and last 1 min were
cut out from analysis. For each peak, the LFP trace form 200 to
2070 ms relative to the peak was transformed into a 227  227pixel binary picture, and the horizontal and vertical axis showed

Table 1
Concentrations of the drugs tested. Each drug was bath-applied at increasing concentrations as shown in the table. The values in the gray-shaded cells represent the clinical
blood concentrations of the corresponding drugs in healthy persons.

Aspirin
Cimetidine
Dextran
Diazepam
Diphenhydramine
Enoxacin
Ibuprofen
Imipramine
Isoniazid
Ketamine
Methamphetamine
Metoclopramide
Oseltamivir
Picrotoxin
Strychnine
Theophylline

Stock concentration

Bath concentrations

50 mM
10 mM
10 w/v %
1 mM
50 mM
25 mM
25 mM
10 mM
100 mM
50 mM
50 mM
10 mM
10 mM
5 mM
25 mM
50 mM

30
1
0.003
0.1
1
1
3
0.1
10
1
1
0.1
1
1
0.3
30

100
3
0.01
0.3
3
3
10
0.3
30
3
3
0.3
3
3
1
100

300
10
0.03
1
10
10
30
1
100
10
10
1
10
10
3
300

1000
30
0.1
3
30
30
100
3
300
30
30
3
30
30
10
1000

3000
100
0.3
10
100
100
300
10
1000
100
100
10
100
100
30
3000

mM
mM
w/v %
mM
mM
mM
mM
mM
mM
mM
mM
mM
mM
mM
mM
mM
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time at a resolution of 0.01 s/pixel and the mean voltage at resolution of 1 mV/pixel (between 50 mV and 177 mV), respectively;
that is, the mean voltage was calculated every 10 ms. For each
concentration of a drug, the binary image of all the LFP peaks was
superimposed into a single 227  227 binary picture ﬁle.
2.6. Machine learning-based classiﬁcation
The pictures were converted to feature vectors using the BVLC
CaffeNet Model in the Caffe library (Berkeley Vision and Learning
Center, USA). Caffe provides a deep convolutional neural network
pre-trained using datasets in Large Scale Visual Recognition Challenge 2012 (12). The sixth layer of Caffe, called fc6, where each
image was represented in a 4096-dimensional vector, was used as
the input features in PCA-based SVM. First, the vectors were recoordinated using PCA (13), and the feature datasets in the ﬁrst
two principal components (PC1 and PC2) were separated using
linear SVM (14). Leave-one-out cross-validation was used to verify
the data separation, and the F1 score, sensitivity, and speciﬁcity
were calculated to evaluate the accuracy of the prediction (15).
3. Results
3.1. Low [Mg2þ]e conditions induce synchronous LFP activity
Low [Mg2þ]e conditions enhance neuronal network excitability
and increase the incidence of synchronous epileptiform activity in
rodent hippocampal slices (2, 10). We thus reasoned that reducing
[Mg2þ]e enhances the power to detect the SLE-inducing effect of

drugs. When recording LFPs in acute cortico-hippocampal slices
using a 64-channel electrode array (Fig. 1A), the [Mg2þ]e was
reduced from 1.2 to 0.1 mM. In normal [Mg2þ]e aCSF (1.2 mM),
neuronal activity was not evident in LFPs; however, when low
[Mg2þ]e aCSF (0.1 mM) was bath-perfused, spontaneous LFP activity
repetitively emerged (Fig. 1B). The LFP activity was simultaneously
recorded from multiple electrode channels, indicating that these
events were synchronized at the network level (Fig. 1C). The activity
was diverse in spatiotemporal patterns, likely originating from
either the neocortex or the hippocampus based on the time lags of
the event onsets and the LFP amplitudes of the events (data not
shown). Thus, the activity events were reliably detected in LFP traces
recorded from the alveus, the border area (white matter) between
the neocortex and the hippocampus (e.g., the red circle in Fig. 1A). In
the following sections, we employed 0.1 mM [Mg2þ]e and analyzed
LFP traces recorded from an electrode located on the alveus.
3.2. Picrotoxin induces SLEs

g-Aminobutyric acid (GABA) is a major inhibitory neurotransmitter in the central nervous system, and its reduction causes
epileptiform activity (16). We ﬁrst examined the effects of picrotoxin, a GABAA receptor antagonist. Picrotoxin was bath-perfused at
increasing concentrations of 0, 1, 3, 10, 30, and 100 mM for 10 min
each. At concentrations higher than 10 mM, picrotoxin induced repetitive LFP activity with peak amplitudes larger than 30 mV (Fig. 2).
Each LFP event comprised an initial large burst and a few cycles of
small oscillations (Fig. 2 inset), a typical sign of the early phases of
SLEs (17, 18).

Fig. 1. LFP recordings using a 64-channel MEA. A: Arrangement of the 64 electrodes on an acute mouse hippocampal slice. B: Representative LFP traces recorded from an electrode
on the hippocampal alveus (the C5 channel indicated as a red circle in (A)) were perfused with normal aCSF (left; 1.2 mM [Mg2þ]e) and subsequently perfused with modiﬁed aCSF
(right; 0.1 mM [Mg2þ]e). Note that low [Mg2þ]e conditions induce spontaneous LFP activity. C: All 64 traces of the LFP event, boxed in (B), are expanded in the time axis, indicating
that the event was synchronous across electrodes and might originate in the neocortex. The labels along the rows and the columns correspond to (A).
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Fig. 2. Picrotoxin induces SLEs in a concentration-dependent manner. Representative LFP traces recorded from the alveus in a series of bath concentrations of picrotoxin ranging
from 0 to 100 mM (indicated in the top bar). Picrotoxin was applied for 10 min at each concentration under 0.1 mM [Mg2þ]e conditions. An SLE, enlarged in the bottom inset,
comprising an initial burst and subsequent repetitive bursts.

3.3. Drugs reported with seizure-inducing effects induce SLEs

3.4. Machine learning classiﬁcations of SLEs

We examined whether SLEs are commonly induced using drugs
clinically reported to induce seizures in humans. We selected a total
of 13 pharmacologically different drugs, including aspirin (cyclooxygenase inhibitor), cimetidine (histamine H2 antagonist),
dextran (polysaccharide), diphenhydramine (histamine H1 antagonist), diazepam (GABAA receptor enhancer), enoxacin (DNA gyrase
inhibitor), ibuprofen (cyclooxygenase2 inhibitor), imipramine
(putatively noradrenaline/serotonin uptake inhibitor), ketamine
(N-methyl-D-aspartic acid receptor inhibitor), methamphetamine
(putatively catecholamine releaser and monoamine oxidase inhibitor), oseltamivir (virus neuraminidase inhibitor), strychnine
(glycine receptor antagonist), and theophylline (possible adenosine
receptor antagonist). The levels of these drugs in the blood in
clinical use are approximately 100 mM (19), 3 mM (20), 0.01 mM (21),
0.3 mM (22), 3 mM (23), 3 mM (24), 10 mM (25), 0.3 mM (26), 3 mM
(27), 3 mM (28), 3 mM (29), 1 mM (30) and 100 mM (31), respectively.
For each drug, we tested 5 different concentrations. Speciﬁcally, the
drugs were serially bath-applied at concentrations of 0.3, 1, 3,
10, and 30 relative to the clinical blood level for 10 min each
(Table 1). Among these drugs, diphenhydramine, enoxacin,
strychnine, and theophylline have been reported to frequently
induce seizures in humans (32e35).
According to the representative raw LFP trace for each drug
shown in Fig. 3, diphenhydramine, enoxacin, strychnine, and
theophylline elicited SLEs at high concentrations, whereas the
other drugs did not. Notably, psychiatric drugs, such as ketamine
and methamphetamine, did not show SLEs. For each drug, we
tested ﬁve brain slices, obtaining similar results, except for the
two slices treated with oseltamivir or methamphetamine, in
which spontaneous activity with single large potentials occurred,
but it did not involve oscillatory discharges and thus was not SLEs
(one case of oseltamivir is shown in Fig. 3). Therefore, we
concluded that, at least in the drugs tested, this experimental
system could speciﬁcally determine drugs that induce seizures in
humans.

We next sought to develop simple statistics that automatically
identify seizure-inducing drugs. To this end, we used the following
two-step strategy: 1) the rough estimation of SLE candidate activity
in LFP traces and 2) machine learning-based selection of true SLEs
from these candidates.
We ﬁrst detected large potentials whose mean slopes within a
window of 1 ms were larger than 0.1 mV/ms and selected these
conditions as SLE candidates. The data obtained using this simple
thresholding is typically subject to false-positive detection. Basically, human eyes can easily discriminate true SLEs from erroneously detected LFP events, suggesting that deep learning, a form of
the recently advanced machine learning techniques widely used to
classify visual images, can precisely identify SLEs because it was
originally designed as a model of the primary visual cortex (36, 37).
We ﬁrst converted LFP traces into digital images in terms of time
and voltage. Speciﬁcally, the LFP trace was segmented
between 200 and 2070 ms relative to the initial peak of a SLE
candidate and was transformed into a 227  227 pixel picture for
which the vertical axis showed the voltage amplitude ranging
from 50 to þ177 mV. Thus, one pixel in the image corresponded to
a square of 10 ms  1 mV.
For the concentration of each drug, all the detected events were
transformed into two-dimensional pictures that were subsequently
superimposed as a single 227  227 picture ﬁle (Fig. 4). Consequently, we obtained 70 (¼5  14) image ﬁles from ﬁve concentrations of 14 drugs, including picrotoxin. In these experiments, ﬁve
drugs, diphenhydramine, enoxacin, picrotoxin, strychnine, and
theophylline, induced SLEs, and we obtained 12 images containing
SLEs with red-colored edges in Fig. 4. Again, we observed that
spontaneous LFP events were also induced by other drugs, such as
methamphetamine and oseltamivir, but these events were not SLEs
because they contained no recurrent discharges.
We next examined whether deep learning can identify genuine
SLEs (true positive detection) and reject SLE-like fake activity (true
negative detection). To process the pictures, we used Caffe, the
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Fig. 3. Example traces of alveus LFPs recorded in the presence of 13 different
drugs. The actual drug concentrations, as shown in Table 1, were normalized relative to
the mean plasma concentrations reported in clinical tests in healthy persons. LFPs
were recorded for 10 min at each concentration. The drugs reported to exhibit seizureinducing AEs, including diphenhydramine, enoxacin, strychnine, and theophylline,
indeed induced SLEs.

most widely adopted open source framework for deep learning
(12). Caffe extracts the semantic features of arbitrary images and
expresses these features as a 4096-dimensional space in the sixth
layer. Using Caffe, we converted all 70 LFP image ﬁles into 4096dimensional vectors (Fig. 5). We subsequently applied PCA, a
dimension reduction technique, to these vectors and plotted their
concentrationeresponse curves in the space of the ﬁrst and second
PCs, so that each data point represents a single LFP picture (i.e.,
dose; Fig. 6A). In the PC space, the data points containing SLEs,
indicated as red circles, are perfectly separated from points without
SLEs by a single straight boundary deﬁned by SVM, a supervised
classiﬁer in machine learning. Thus, all SLE-inducing drugs had at
least one data point (or dose) located on the right area of the SVMdeﬁned oblique line, whereas all data points of the other drugs
were located in the left area. These results indicate that this deep
learning algorithm succeeded in identifying the SLE-inducing effects of drugs.

Fig. 4. LFP images. Large activity events detected from the LFP trace at each drug
concentration were aligned to their onsets and superimposed onto a 227  227 pixel
picture (n ¼ 5 slices for each drug). Pictures containing at least one SLE are outlined in
red.

We examined whether deep learning can ‘predict’ the SLEinducing effect of a given drug based on the effects of the other
drugs. We used leave-one-out cross-validation with SVM. For all 14
individual drugs, we accurately determined whether the drug was
SLE-inducing based on the Caffe/PCA-determined values of the 13
remaining drugs; that is, the correct rate of the prediction was 100%
(Fig. 6B).
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Fig. 5. Caffe-converted feature functions for LFP images. The pictures shown in Fig. 4 were processed using Caffe, and 4096 dimensional feature vectors, represented in the sixth layer
of Caffe, were extracted. Each vector is shown as a histogram, with the horizontal axis showing the number of dimension (from left to right, the ﬁrst to the 4096th dimension), and the
vertical axis showing values at each dimension, ranging from 0 to 3. Although the horizontal axes are extremely compressed due to the graphical limitation, this ﬁgure indicates that
different datasets exhibited different values in the vectors, reﬂecting the features in the corresponding datasets. Datasets containing SLEs are outlined in red (as in Fig. 4).
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Finally, we further conﬁrmed the validity of our prediction
method, by additionally examining the effects of two completely
novel, pharmacologically unrelated drugs, isoniazid (mycolic acid
synthesis inhibitor) and metoclopramide (dopamine D2 antagonist), both of which have been reported to induce seizures in
humans (38). The levels of isoniazid and metoclopramide in blood
for clinical use are 30 mM (39) and 0.3 mM (40), respectively. We
conducted the LFP recordings for isoniazid and metoclopramide
and applied Caffe and PCA. Then, the feature data were superimposed onto the PC plot determined by the 14 previously tested
drugs. Both drugs contained data points that were located in the
right area of the boundary (Fig. 6C). Thus, we successfully predicted
that isoniazid and metoclopramide are seizure-inducing.
4. Discussion
We developed a new in vitro system to predict the seizureinducing effects of drugs, using LFP recordings and machine
learning. We successfully used machine learning to identify the
seizure-inducing drugs, diphenhydramine, enoxacin, picrotoxin,
strychnine and theophylline, among a total of 14 drugs tested.
Compared with manufacture data handling, this algorithm shows
advantages in the speed of data processing, the long-term consistency in classiﬁcation, and the detection of the potential AEs of
unknown compounds.
Machine learning has recently been used to detect the onset and
termination of seizure activities in EEG (41) and evaluate the
seizure liability of drugs based on prediction models (42). These
studies used machine learning as a simple classiﬁer of the focused
entity; thus, the present study is the ﬁrst to detect epileptiform
activity using machine learning through the analysis of the image
data of LFP traces. In general, the dimensions of an image are
substantially high and frequently mathematically intractable;
notably, even the small images generated in the present study are
functions with 51,229 dimensions (¼227  227 pixels). Moreover,
these images contain different levels of visual information and are
not easily processed using conventional statistics or dimension
reduction. To overcome this problem, we used Caffe (12). Caffe is a
deep network model pre-trained to 1.2 million training images, i.e.,
approximately 1200 images in each of 1000 categories in ImageNet
(http://image-net.org/) and is thereby specialized to process visual
pictures. In addition, Caffe is computationally efﬁcient and can
process one picture within 3 ms using a single commercially
available graphics processing unit. Using Caffe, we extracted the
visual features in LFP pictures and archived the accuracy of prediction (~100%), which is much higher than that of previously reported detectors (41, 42).
In the present study, we recorded LFPs while treating hippocampal slices with drugs in a series of concentrations under low
[Mg2þ]e conditions. The bath application of ﬁve drugs known to
have seizure-inducing effects indeed induced recurrent SLEs in this

Fig. 6. Detection and prediction of SLEs using PCA and SVM. A: Concentrationresponse curves in the PC space. The 4096-dimensional feature vectors were
reduced in dimension using PCA and plotted in the space of the ﬁrst two PCs, in which
each concentration of each drug is indicated in a single point, and different concentrations of the same drug are connected with a line. Red circles indicate doses that
induced SLEs (the same as Figs. 4 and 5). A boundary (black line) was deﬁned using
SVM. All data points containing SLEs were located in the right area, indicating a perfect
separation of SLEs in the PC space. B: For every drug tested, the SLE-inducing effects
were predicted using the leave-one-out cross-validation procedure based on SVM. The
predictions were all consistent with the actual effects (i.e., F1 score ¼ 1.0;
Sensitivity ¼ 1.0; Speciﬁcity ¼ 1.0). C: The boundary determined in Fig. 6A correctly
predicted the SLE-inducing effects of two new drugs, isoniazid and metoclopramide. In
both drugs, parts of data of contained points that were located in the right area of the
boundary, indicating their SLE-inducing effects.
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in vitro system. Diphenhydramine, a histamine H1 receptor antagonist, which causes seizures reﬂecting a Naþ channel blockade (43),
actually induced SLEs. In contrast, the histamine H2 receptor
blocker cimetidine did not induce SLEs, consistent with previous
reports indicating that histamine H2 receptor antagonists do not
lower the threshold for seizures (44). Enoxacin, picrotoxin, and
theophylline also caused SLEs, consistent with human studies
showing reliable seizure-inducing effects. One exception may be
imipramine, as this drug is reported to occasionally induce seizures
at a rate of 0.3e0.6% at clinical doses (45). However, we did not
observe SLEs during the imipramine treatment. This discrepancy
may reﬂect two factors: i) the number of slices tested was not
sufﬁcient, or ii) imipramine might induce SLEs at a higher concentration in vitro. Additional studies are necessary to increase the
number of slices and concentrations. For oseltamivir, one of the ﬁve
slices showed spontaneous activity events but not SLEs, likely
indicating the neuropsychiatric inﬂuences of this drug, as previously reported in humans (46). To strictly investigate this neuropsychiatric effect, the use of oseltamivir carboxylate, its active
metabolite, may be required.
We detected activity events from the LFP traces and superimposed these results onto a picture at each concentration for each
drug. The picture was converted into a feature vector using Caffe
and treated with PCA. We subsequently used SVM and successfully
separated the data points representing pictures with SLEs from the
other points. The PCA-based dimension reduction was likely an
indispensable procedure (47) because in preliminary trials, Caffegenerated raw vectors that were not perfectly separated by SVM.
This fact indicates that adopting the ﬁrst two PCs reduces noise
information that was not directly associated with SLEs.
The distribution of the data points of diphenhydramine in the PC
space exhibited a different pattern from those of the other four
seizure-inducing drugs. This fact indicates that Caffe successfully
detected the differences in the original LFP images. Indeed,
diphenhydramine-induced SLEs consisted of a combination of
downward sinks and upward sources in LFPs, in contrast to those
induced by the other four drugs, which mainly elicited upward LFP
sources during SLEs. The differences in the SLE waveforms may
reﬂect different pharmacological actions. If this is the case, our PC
plot may also be applicable to analytically identify the pharmacological mechanisms underlying SLE-inducing actions.
In the detection system developed in the present study, the
drugs are classiﬁed as SE-inducing or not; however, we do not
currently know whether this all-or-none classiﬁcation is the best
strategy to predict potential AEs. Because the risks for AEs differ in
degrees between drugs, further studies are needed to examine how
analog ranking captures the AE risk better than all-or-none separations. Nonetheless, we propose that the approach developed
herein opens an avenue for the development of a novel method for
screening seizure-inducing AEs at the preclinical stage of drug
development and identiﬁcation of an alternative method for in vivo
animal testing. Moreover, although we only analyzed LFP traces, the
idea of deep learning-based image analysis will be applicable for
electroencephalogram and calcium imaging for AE prediction.
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