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IMPORTANCE The hippocampus is a highly epileptogenic brain region, yet over 90% of

hippocampal epileptiform activity (HEA) cannot be identified on scalp electroencephalogram

(EEG) by human experts. Currently, detection of HEA requires intracranial electrodes,

which limits our understanding of the role of HEA in brain diseases.

OBJECTIVE To develop and validate a machine learning algorithm that accurately detects HEA

from a standard scalp EEG, without the need for intracranial electrodes.

DESIGN, SETTING, AND PARTICIPANTS In this diagnostic study, conducted from 2008 to 2021,

EEG data were used from patients with temporal lobe epilepsy (TLE) and healthy controls

(HCs) to train and validate a deep neural network, HEAnet, to detect HEA on scalp EEG.

Participants were evaluated at tertiary-level epilepsy centers at 2 academic hospitals:

Massachusetts General Hospital (MGH) or Brigham andWomen’s Hospital (BWH). Included in

the study were patients aged 12 to 78 years with a clinical diagnosis of TLE and HCs without

epilepsy. Patients with TLE and HCs with a history of intracranial surgery were excluded

from the study.

EXPOSURES Simultaneous intracranial EEG and/or scalp EEG.

MAIN OUTCOMES ANDMEASURES Performancewas assessed using cross-validated areas

under the receiver operating characteristic curve (AUC ROC) and precision-recall curve

(AUC PR) and additional clinically relevant metrics.

RESULTS HEAnet was trained and validated using data sets that were derived from a

convenience sample of 141 eligible participants (97 with TLE and 44 HCs without epilepsy)

whose retrospective EEG data were readily available. Data set 1 included the simultaneous

scalp EEG and intracranial electrode recordings of 51 patients with TLE (mean [SD] age,

40.7 [15.9] years; 30men [59%]) at MGH. An automatically generated training data set with

972095 positive HEA examples was created, in addition to a held-out expert-annotated

testing data set with 22 762 positive HEA examples. HEAnet’s performance was validated on

2 independent scalp EEG data sets: (1) data set 2 (at MGH; 24 patients with TLE and 20 HCs;

mean [SD] age, 42.3 [16.2] years; 17 men [39%]) and (2) data set 3 (at BWH; 22 patients with

TLE and 24 HCs; mean [SD] age, 43.0 [14.4] years; 20men [43%]). For single-event detection

of HEA on data set 1, HEAnet achieved amean (SD) AUC ROC of 0.89 (0.01) and amean (SD)

AUC PR of 0.39 (0.03). On external validation with data sets 2 and 3, HEAnet accurately

distinguished TLE fromHC (AUC ROC of 0.88 and 0.95, respectively) and predicted epilepsy

lateralization with 100% and 92% accuracy, respectively. HEAnet tracked dynamic changes in

HEA in response to seizure medication adjustments and performed comparably with human

experts in diagnosing TLE from 1-hour scalp EEG recordings, diagnosing TLE in several

individuals that experts missed. Without reducing specificity, addition of HEAnet to human

expert EEG review increased sensitivity for diagnosing TLE in humans from 50% to 58%

to 63% to 67%.

CONCLUSIONS AND RELEVANCE Results of this diagnostic study suggest that HEAnet

provides a novel, noninvasive, quantitative, and clinically relevant biomarker of hippocampal

hyperexcitability in humans.
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T
herearenoeasilyavailablemethods toevaluate theelec-
trical activity arising fromdeep brain structures. Scalp
electroencephalogram(EEG) is theprimary toolused to

assess the brain’s electrical activity and captures electrical ac-
tivity fromthebrain’s cortical surfacewithhigh temporal reso-
lution.However,whenadjudicatedvisually, scalpEEG is rela-
tively insensitive to electrical activity arising fromdeep brain
regions, including the hippocampus.

The hippocampus is essential for memory formation and
plays an important role in many neurologic disorders,
including temporal lobe epilepsy and Alzheimer disease. In
the diseased state, the hippocampus is highly prone to gen-
erating abnormal spiking activity, or hippocampal epilepti-
form activity (HEA), which can cause memory impairments,
psychiatric disturbances, and can signal impending
seizures.1-5 Up to 95% of HEA cannot be detected using stan-
dard clinical interpretation of scalp EEG.5-10 Currently,
detection of HEA requires surgical placement of intracranial
electrodes, an invasive procedure in which electrodes are
inserted into or adjacent to the hippocampus, where they
can directly record its electrical activity.11,12 As intracranial
recordings are costly, require specialized epilepsy centers
with surgical expertise, and may carry morbidity for the
patient, only a minority of patients with epilepsy will
undergo intracranial electrode recordings. However, there
are many clinical and research applications where the ability
to noninvasively monitor HEA could have an important
impact, not only on clinical care, but also on our fundamen-
tal understanding of the neurophysiology of brain diseases.

Here, we developed and validated a deep learning algo-
rithm, HEAnet, to accurately and noninvasively detect HEA
using only information extracted from a standard scalp
EEG recording.

Methods

Clinical Data Sets

In this diagnostic study, clinical datawere analyzed retrospec-
tively under a research protocol approved by MassGeneral
Brigham, the single institutional review board shared by
Massachusetts General Hospital (MGH) and Brigham and
Women’s Hospital (BWH). As the research involved second-
aryanalysis of existing clinical data and incurrednomore than
minimal risk, the requirement for informed consent was
waived.Data set 1 consistedof 8395hours of simultaneous fo-
ramen ovale (FO) electrode and scalp EEG recordings in pa-
tients with temporal lobe epilepsy (TLE) who were moni-
tored in theMGH epilepsymonitoring unit (EMU) from 2008
to 2019. Data set 2 consisted of 4433 hours of scalp EEG re-
cordings from patients with TLE, unique from data set 1, and
healthycontrols (HCs)withoutepilepsymonitored in theMGH
EMUbetween2014and2020.Dataset3consistedof2137hours
of scalpEEGrecordings frompatientswithTLEandHCsmoni-
tored in the Brigham and Women’s Hospital (BWH) EMU be-
tween2016 and2021. Informationonpatient race andethnic-
itywasnot readilyavailable for theseretrospectiveconvenience
data sets and, therefore, was not used in this investigation.

This study followed the Standards for Reporting of Diagnos-
tic Accuracy (STARD) reporting guidelines.

Clinical diagnosis of TLE was based on seizure semiol-
ogy, neurophysiologic findings, and neuroimaging. Lateral-
izationof epilepsy (ie, seizure-onset zone)wasdeterminedby
board-certified epileptologists (A.D.L., R.A.S.), taking into ac-
count seizure onsets captured in the EMU, imaging findings,
and other relevant clinical details. Patients and HCs with a
history of intracranial surgery ormultifocal epilepsywere ex-
cluded. HCs underwent EMU evaluation and were deter-
minednot to have epilepsy, based on the absence of interictal
epileptiform abnormalities, capture of typical spells with ab-
sence of ictal EEG correlate, and lack of clinical suspicion for
epilepsy on follow-up assessment by a board-certified epilep-
tologist (eTables 1, 2, and 3 in the Supplement).

General Approach for Developing HEAnet

HEAnet was developed using data set 1 (simultaneous scalp
EEG andFOelectrode recordings). FO electrodes are intracra-
nial electrodes that are inserted through the cheek and fluo-
roscopically guided into the cranium through the FO.13,14

The FO electrode contacts are positioned adjacent to theme-
sial temporal lobe and record hippocampal activitywith high
fidelity. Although most HEA cannot be seen on scalp EEG, it
is easily identified on FO recordings. We used FO recordings
to obtain ground-truth timing information for when HEA oc-
curred and trained convolutional neural networks (CNNs) to
learn the corresponding HEA signature on the simultane-
ously recorded scalp EEG.

Design Considerations for HEAnet

Prior studiesusingscalpEEGaveragingdemonstrated thatHEA
generates a scalp EEG correlate butwith a low signal-to-noise
ratio thatprecludesvisualdetectionat thesingle-event level.6,7

Wemade several design choices to optimize our ability to de-
tect HEA at the single-event level.

First, tomaximize thesignal-to-noise ratioofHEAonscalp
EEG, we designed HEAnet to detect HEA occurring during
sleep. Large-amplitude artifacts from movement, myogenic
activity, andeyeblinksareminimizedduringsleep,and inmost
patients with TLE, HEA occurs with highest frequency dur-
ing sleep.15-18

Key Points

Question Cana computer algorithmbe trained todetect

hippocampalepileptiformactivity(HEA)onscalpelectroencephalogram

(EEG)whenhumanexperts cannot identify this activity?

Findings In this diagnostic studyof 141 eligible participants, a deep

learningalgorithmwastrainedtodetectHEAonscalpEEG,usingadata

set of combined scalpEEGand intracranial recordings. The algorithm

accurately detectedHEAat the single-event level and performedwell

onclinically relevantmetrics, includingquantificationandlateralization

ofHEAanddiagnosis of temporal lobeepilepsy.

Meaning Results of this diagnostic study suggest that a

computational algorithm can noninvasively detect HEA from scalp

EEG andmay improve diagnosis and treatment of epilepsy and

other brain diseases.
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Second, we created a massive, automatically generated
training data set of labeled HEA and non-HEA examples. De-
velopmentofmost spikedetectionalgorithmsdependsonhu-
man experts tomanually annotate spike examples to create a
training data set. This sets a practical limitation on the num-
ber of training examples that can be annotated and limits the
complexity of machine learning algorithms that can be ap-
plied.Here,weusedpreviouslydevelopedalgorithmstoscreen
the entirety of data set 1, automatically extracting all sleeppe-
riodsbasedonthescalpEEG,19andautomatically labelingHEA
(positive) andnon-HEA (negative) training examplesbasedon
theFOrecordingsusingFOnet,20adeep learningalgorithmthat
detects HEA on FO recordings (eMethods in the Supple-
ment). This generateda trainingdata setwithmore than2mil-
lion labeled scalp EEG examples of HEA during sleep, allow-
ing us to leverage deep learning algorithms to extract salient
features of HEA from raw scalp EEG.

Third, although we trained HEAnet using an automati-
cally generated training data set, we assessed its performance
onaheld-out, criterion-standard,expert-annotatedtestingdata
set. The testing data set consisted of 51 hours of recordings (1
hourperpatient) thatwere independentlyannotatedby2board-
certified epileptologists (A.D.L., C.S.J.) and contained over
20000 positive HEA examples, based on expert consensus
(eMethods in the Supplement). The training data set for HEA-
netwasabalanceddataset (equalnumberofHEAandnon-HEA
examples), whereas the testing data set consisted of continu-
ous EEG recordings (imbalanced, with many more non-HEA
than HEA examples). The balanced training data set allowed
HEAnettobest learntodistinguishHEAfromnon-HEA,whereas
testing on continuous EEG recordings more accurately repre-
sents HEAnet’s performance in real-world settings.

CNN Training and Evaluation

We first trained individual CNNs to detect HEA from scalp
EEG. The input to each CNNwas a 25 × 128 matrix represent-
ing a 500-millisecond epoch (128 samples) of preprocessed
scalp EEG data from 25 bipolar channels (eMethods in the
Supplement). The CNN’s output is the probability that HEA
occurred in the central 250 millisecond of the epoch. CNNs
were evaluated using 5-fold cross-validation, stratified
across patients (Figure 1). For each fold, training data came
from the automatically generated training data set (pooled
across patients in the training group), whereas testing data
came from the expert-annotated recordings (pooled across
patients in the testing group). We report cross-validated per-
formance metrics pooled across all testing folds (eMethods
in the Supplement).

HEAnet Architecture

HEAnet is an ensemble of 6 top-performing CNN models
(Figure 2; eTables 4, 5, 6, and eMethods in the Supplement).
All CNNs are given the same 500-millisecond scalp EEG in-
put, andtheoutputofHEAnet is themeanoutputofall6CNNs.

Statistical Analysis

Populationstatisticsare reportedasmean (SD).Correlationwas
assessed using Spearman correlation coefficient. We tested

trend across groups using the Cuzick test, differences be-
tweengroupsusing theMann-WhitneyU test, andpairedcom-
parisons using the Wilcoxon signed rank test. Statistical
significance was determined as P < .05 with 2-tailed testing.
Statistical analysis was performed using Matlab 2018 (Math-
works) and the scipy.stats package (Python).

Results

HEAnet was trained and validated using data sets that were
derived from a convenience sample of 141 eligible partici-
pants (97 with TLE and 44 HCs without epilepsy) whose ret-
rospective EEG data were readily available. Data set 1
included the simultaneous scalp EEG and intracranial elec-
trode recordings of 51 patients with TLE (mean [SD] age, 40.7
[15.9] years; 30 men [59%]; 21 women [41%]) at MGH. We
created an automatically generated training data set with
972 095 positive HEA examples and a held-out expert-
annotated testing data set with 22 762 positive HEA
examples. HEAnet’s performance was validated on 2 inde-
pendent scalp EEG data sets: (1) data set 2 (at MGH; 24
patients with TLE and 20 HCs; mean [SD] age, 42.3 [16.2]
years; 17 men [39%]; 27 women [61%]) and (2) data set 3 (at
BWH; 22 patients with TLE and 24 HCs; mean [SD] age, 43.0
[14.4] years; 20 men [43%]; 26 women [57%]) (Table).

Associations Between HEAnet Output, Scalp EEG Findings,

and Features of HEA on FO Electrodes

Figure 3A shows a representative 8-second recording from a
patient with TLE, highlighting detections made by HEAnet
on scalp EEG. At the single-event level, no obvious scalp
EEG signature of HEA was discerned. The mean (SD) scalp
EEG signal of all the HEA epochs that were correctly
detected by HEAnet revealed a low-amplitude (19.1 [9.4] μV)
deflection lasting 150 to 200 milliseconds (eFigure 1 in the
Supplement). The median latency between the mean HEA
peak on FO electrodes and the peak of the mean deflection
on scalp EEG was 0 milliseconds (IQR, −3.91 to 97.66), sug-
gesting that HEAnet may detect a volume-conducted signal
(eResults in the Supplement).

We evaluatedHEAnet’s output (ŶHEA, the probability that
HEA occurs in a given epoch, based on scalp EEG input) in as-
sociationwith correspondingHEA features on FO electrodes.
ŶHEAwasweaklybut significantly correlatedwithboth theam-
plitude (mean [SD]Spearmanρ [43]=0.26 [0.25];95%CI,0.19-
0.33; P < .001) and slope (mean [SD] Spearman ρ [43] = 0.32
[0.27]; 95% CI, 0.24-0.40; P < .001) of the corresponding
HEA on FO electrodes (eFigure 2 in the Supplement).

We next labeled testing examples from the expert-
annotateddata set asnegative, equivocal, orpositive, depend-
ing on whether 0, 1, or 2 experts, respectively, annotated
HEA on FO electrodes during the central 250 milliseconds of
each example. Figures 3B and 3C show the population distri-
butionsofŶHEA for allnegative, equivocal, orpositiveHEAtest-
ing examples. There was a significant trend of increasing
median ŶHEA going from negative (0.13; IQR, 0.06-0.27), to
equivocal (0.34; IQR, 0.14-0.64), to positive (0.58; IQR, 0.26-
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0.92) HEA examples (Cuzick test P < .001). The population
distribution of ŶHEA showed a peak of 0.03 (approximately 0)
for negative HEA examples and a peak of 0.99 (approxi-
mately 1) for positive HEA examples.

Single-Event Level Performance of HEAnet

To evaluate HEAnet’s ability to classify positive from nega-
tive HEA examples, we plotted receiver operating character-
istic (ROC) and precision-recall (PR) curves (Figures 3D and
3E). HEAnet had a mean (SD) area under the curve (AUC)
ROC of 0.89 (0.01) (AUC ROC for chance prediction is 0.5
and for perfect prediction is 1), and a mean (SD) AUC PR of
0.39 (0.03) (AUC PR for chance prediction is 0.016 [fre-
quency of positive HEA examples in the testing set] and for
perfect prediction is 1). Thus, HEAnet accurately detected
HEA from scalp EEG at the single-event level, a task that
human experts cannot perform.

At a classification threshold that yields a positive predic-
tivevalue (PPV) of approximately 0.7,HEAnethadamean (SD)
specificity of 0.996 (0.002), a false-positive rate of 0.86
(0.34) perminute, and a sensitivity of 0.25 (0.08). At a PPV of
approximately 0.9, HEAnet had a mean (SD) specificity of
0.999 (0.001), a false-positive rate of 0.11 (0.06) per minute,
and a sensitivity of 0.13 (0.05). Notably, visual analysis of
false positive detections by HEAnet (eResults, eFigure 3, and
eTable7 in theSupplement) revealed that43%were false false-
positive detections, ie, HEA that had been missed during ex-

pert annotation, which suggests that HEAnet’s performance
is actually higher than reported above.

At high specificity, the sensitivity ofHEAnet at the single-
event level may initially seem suboptimal. Two consider-
ationsplace thisperformance intobetter clinical context.First,
inmanypatientswithTLE,HEAoccurs abundantly,which can
offset HEAnet’s low sensitivity. On our expert-annotated re-
cordings, HEA occurred on FO electrodes at a frequency ap-
proximately 12-fold higher than visible epileptiform dis-
chargeson scalpEEG. Inmostpatients, thenumberofHEAnet
detections (atPPV of approximately 0.9)was comparablewith
or exceeded the number of visible discharges on scalp EEG
(eTable 1 in the Supplement). Second, most clinical applica-
tions of HEAnet do not require detection of every HEA event

Figure 1. Convolutional Neural Network (CNN) Training

and Performance Evaluation

41 Patients (approximately 6700 h) 10 Patients (5 h per patient
held out)

Expert labeling of scalp and
FO-EEG (1 h per patient)

Removal of expert-labeled
visible scalp EEG spikes

Performance metrics

Automated sleep staging

Automated FO spike detection

CNNi

CNNi

×5
Folds

<0.5 >THFO

Resampling

Balanced data set

Nonspikes Spikes

Training Testing

Sleep

ŶFO

For each cross-validation fold, 10 patients are set aside for testing, while the rest
of the patients are used for training. Training data were generated automatically
from recordings of the training patients, using automated algorithms for sleep
staging19 and intracranial spike detection.20 The scheme shown is for training
without an early stopping set (eMethods in the Supplement). The testing data
for each patient consists of a 1-hour expert-annotated recording. Before
applying the trained CNN and evaluating performance, all epochs that
contained visible epileptiform discharges on the scalp electroencephalogram
(EEG) were removed, to provide a rigorous demonstration of HEAnet’s
performance, independent of scalp-visible epileptiform discharges.
CNNi indicates i-th CNN; FO, foramen ovale; TH, threshold.

Figure 2. HEAnet Architecture

FO EEG

500 ms

250 ms

CNN1

HEAnet

ŶCNN1

ŶCNN2

ŶCNN4

ŶCNN3

ŶCNN5

ŶCNN6

CNN2

CNN3

CNN4

CNN6

CNN5

μ ŶHEA

(Prediction)

ŶHEA

(Ground truth)

Scalp EEG
(25 channel

×
128 sample)

Scalp EEG
(25 channel

×
128 sample)

Conv1D/2D

Max
pool

ŶCNNi

CNNi

xN
B

xN
conv FC

relurelu

BN

sigmoid

G

A

P

Architecture of HEAnetA

Architecture of individual CNNsB

A, The input to HEAnet is a 25 channel × 128 sample (500msec) scalp
electroencephalogram (EEG) segment, which is fed into each of 6 convolutional
neural networks (CNNs). The outputs of all CNNs (ŶCNNi) are averaged to yield a
final probability (ŶHEA) that the central 250milliseconds of the input segment
contains HEA. ŶHEA is compared with the ground truth, YHEA, which is defined
based on expert annotation of the foramen ovale (FO) recordings.
B, Architecture of the individual CNNs that comprise HEAnet. The 25 channel ×
128 sample EEG is passed through a number of convolutional blocks (NB) that
are comprised of 1-dimensional (D) or 2-D convolutional filters, followed by
application of batch normalization (BN) and an activation function (relu).
The resulting signal is then passed through amaxpool layer. This sequence of
operations (convolution block + maxpool) is repeated for a number (Nconv) of
times. The resulting signal is passed through a global average pooling (GAP)
layer and a fully connected layer (FC) before a final classification is done by a
logistic regression unit (eMethods in the Supplement). HEA indicates
hippocampal epileptiform activity.
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that occurs. Rather, for a given patient, the ability to deter-
mine whether HEA occurs at all, assess the laterality of HEA,
andquantify changes inHEAover timewouldbehighly infor-
mative. We next evaluated HEAnet’s performance on these
more clinically relevant metrics.

Correlation of Cumulative Detections by HEAnet Over Time

With HEA Rate and Laterality

We first examined HEAnet’s ability to quantify HEA fre-
quency over longer recording periods. For testing purposes,
we held out 5 hours of sleep recording from each patient, of
which 1hourwas annotatedbyexperts. ApplyingHEAnet (op-
erating at PPV 0.7) to the expert-annotated 1-hour record-
ings,we foundamoderate correlationbetween thenumber of
detectionsmade byHEAnet on scalp EEG, and the number of
positive HEA examples labeled by experts on FO electrodes
(Spearman ρ [48] = 0.74; P < .001) (Figure 3F). We also as-
sessed HEAnet’s performance over the 5-hour held-out re-
cordings. As only 1 hour was annotated, we used previously
published algorithms to annotate the remaining 4 hours, ap-
plying FOnet20 to annotate HEA on FO recordings, and
SpikeNet,21 a previously developed deep learning algorithm
that detects visible epileptiform discharges on scalp EEG, to
annotate visible epileptiform discharges on scalp EEG
(eMethods in the Supplement). FOnet detections coinciding
with SpikeNet detections were removed from analysis.
On the 5-hour recordings, the number of detections made by
HEAnet on scalp EEG correlated closely with the number of
HEA on FO electrodes (Spearman ρ [48] = 0.78; P < .001)
(Figure 3G; eResults and eFigure 4 in the Supplement).

We also testedwhether left-right asymmetries inHEAnet
detections could be useful for predicting epilepsy lateraliza-
tion. Using the 1-hour, expert-annotated recordings, we cal-
culated asymmetry indices usingHEAnet detections on scalp
EEG (asymmetry HEA), as well as expert annotations of HEA
on FO electrodes (asymmetry EXP) (eMethods in the Supple-
ment). Asymmetry HEA and asymmetry EXP were moder-
ately correlated (Spearman ρ [48] = 0.66; P < .001) (eFigure 5
in the Supplement).

Performance of HEAnet Across Sleep and Awake States

Although HEAnet was optimized for use on sleep EEG data,
we found thatwhen applyingHEAnet to data from the awake
state, its specificity remained unchanged, although sensitiv-
ity was reduced by 30% (eTable 8 in the Supplement). Thus,
HEAnet can be applied to data that include the awake state,
without a substantial increase in false positive detections.
We found no significant differences in HEAnet’s perfor-
mance (AUC ROC, AUC PR) across different sleep stages (eRe-
sults, eTable 8 in the Supplement).

Validation of HEAnet on an Independent Data Set

From the Same Institution

To evaluate how HEAnet’s performance generalizes on an
independent data set, we applied HEAnet (operating at PPV
0.9) to data set 2 (eTable 2 in the Supplement). We found
that the HEAnet detection rate (mean [SD] total number of
HEAnet detections [left and right] made per hour of non-
rapid eye movement [NREM] sleep) was significantly higher
for patients with TLE than for HCs (268 [300] vs 15 [39],

Table. Data Sets for Training, Testing, and External Validation of HEAnet

Variable Data set 1 (n = 51) Data set 2 (n = 44) Data set 3 (n = 46)

Institution MGH MGH BWH

Type of recording Scalp EEG and FO electrodes Scalp EEG (full-length
recordings)

Scalp EEG (full-length and
clipped recordings)

Use for HEAnet Training and testing Independent validation
(within same institution)

Independent validation
(from external institution)

Patient, No. (%)

TLE 51 (100) 24 (54.5) 22 (47.8)

HC 0 20 (45.5) 24 (52.2)

Age, mean (SD), y

TLE 40.7 (15.9) 42.1 (15.1) 47.7 (14.4)

HC 0 42.6 (17.1) 38.7 (13)

Men, No. (%)

TLE 30 (59) 12 (50) 12 (55)

HC 0 5 (25) 8 (33)

Women, No. (%)

TLE 21 (41) 12 (50) 10 (45.5)

HC 0 15 (75) 16 (67)

EEG data per patient,
mean (SD), h

TLE 164.6 (102.9) 120.6 (40.1) 63.3 (57.3)

HC 0 76.9 (58.7) 31.1 (41.6)

Seizure onset location
(L/R/B/I), patient No. (%)

TLE 15 (29)/8 (16)/20 (39)/8
(16)

14 (58)/6 (25)/4 (17)/0 12 (55)/6 (27)/4 (18)/0

HC NA NA NA

Abbreviations: B, bitemporal;
BWH, Brigham andWomen’s
Hospital;
EEG, electroencephalogram;
FO, foramen ovale; HC, healthy
control; I, indeterminate; L, left
temporal; MGH, Massachusetts
General Hospital; R, right temporal;
NA, not applicable; TLE, temporal
lobe epilepsy.

Research Original Investigation Noninvasive Detection of Hippocampal Epileptiform Activity on Scalp Electroencephalogram

618 JAMANeurology June 2022 Volume 79, Number 6 (Reprinted) jamaneurology.com

© 2022 American Medical Association. All rights reserved.

https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamaneurol.2022.0888?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaneurol.2022.0888
https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamaneurol.2022.0888?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaneurol.2022.0888
https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamaneurol.2022.0888?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaneurol.2022.0888
https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamaneurol.2022.0888?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaneurol.2022.0888
https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamaneurol.2022.0888?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaneurol.2022.0888
https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamaneurol.2022.0888?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaneurol.2022.0888
https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamaneurol.2022.0888?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaneurol.2022.0888
https://jamanetwork.com/journals/jama/fullarticle/10.1001/jamaneurol.2022.0888?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaneurol.2022.0888
http://www.jamaneurology.com?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaneurol.2022.0888


respectively; Mann-Whitney U = 62; P < .001) (Figure 4A). To
assess whether the HEAnet detection rate could be used to
distinguish patients with TLE from HCs, we plotted an ROC

curve, where patients were classified as having TLE if their
HEAnet detection rate on the left or right exceeded a certain
threshold, which we varied to generate the plot. HEAnet dis-

Figure 3. HEAnet Performance at the Single-Event Level
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tinguished patients with TLE from HCs with an AUC ROC of
0.88 (Figure 4B).

We next evaluated HEAnet’s ability to predict the lateral-
ity of TLE. We calculated the asymmetry index of HEAnet
detections (asymmetry HEA) for all patients with TLE
(eTable 2 in the Supplement). A total of 86% of patients with
left TLE had a negative asymmetry HEA, and 83% of patients
with right TLE had a positive asymmetry HEA (Figure 4C).
Defining a threshold of |asymmetry HEA| greater than 0.75,
for HEAnet to predict epilepsy laterality (ie, asymmetry HEA
<−0.75 = left TLE and >0.75 = right TLE), HEAnet predicted
epilepsy laterality in 58% of patients with TLE, with an accu-
racy of 100%.

Use of HEAnet on 1-Hour Sleep Recordings

to Improve Epilepsy Diagnosis

We assessed the diagnostic capability of HEAnet on 1-hour
sleep recordings, which can be reasonably attained in an
outpatient setting. Using the first contiguous hour of record-

ing with greater than 90% sleep for each patient in data set
2, we evaluated how well HEAnet distinguished patients
with TLE fromHCs, based on HEAnet detection rate. HEAnet
distinguished patients with TLE from HCs with an AUC ROC
of 0.823. We defined a threshold for diagnosis of TLE, as
HEAnet detection rate more than 33 HEAnet detections per
hour of NREM sleep on either the left or right side, which
maximized the diagnostic specificity. Applying this thresh-
old to the 1-hour recordings resulted in a diagnostic specific-
ity of 1 and a sensitivity of 0.58. To directly compare this
with human performance, 2 experts (A.D.L., C.S.J.) indepen-
dently annotated the same 1-hour recordings, blinded to
diagnosis, and determined whether the EEG was diagnostic
of TLE (eTable 2 in the Supplement). One expert diagnosed
TLE with a specificity of 1 and sensitivity of 0.5, whereas the
other expert had a specificity of 0.75 and sensitivity of 0.58.
A total of 13% of patients with TLE (3 of 24) were success-
fully diagnosed by HEAnet but missed by at least 1 expert.
HEAnet correctly classified 2 patients with TLE that both

Figure 4. HEAnet on Data Set 2
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experts missed, and 1 patient with TLE that 1 expert missed
(eTable 2 in the Supplement). Combining human expert
review with HEAnet increased the diagnostic sensitivity for
TLE from 0.50 to 0.58, for individual experts, to 0.63 to
0.67, without reducing diagnostic specificity.

Monitoring Changes in HEA in Response

toMedication Adjustments

Wenext evaluatedHEAnet’s ability tomonitor changes inHEA
in response to changes in antiseizuremedications (ASMs). Pa-
tients with epilepsy admitted to the EMU are typically ta-
pered off ASMs at the beginning of the hospitalization, to in-
crease likelihood of capturing seizures. Later, in preparation
for discharge home, ASMs are restarted. We compared HEA-
net detection rates for eachpatient, ondays that theywere re-
ceiving thehighest and lowest amountsofASM(HEAhighand
HEA low, respectively) (Figure 4D). In 89% of patients (16 of
18)withTLE, theHEAnetdetection rate increasedwith reduc-
tion of ASMs. HEA low was significantly greater than HEA
high (mean [SD], 334 [368] vs 157 [182] detections per hour,
respectively; P = .005). Figure 4E illustrates changes in HEA
detection rate for 4 representative patients. The HEA detec-
tion rate increased as ASMswere tapered and decreasedwith
reintroduction of ASMs.

Validation of HEAnet on an Independent Data Set

From an External Institution

As a final validation of HEAnet’s performance generalizabil-
ity,weappliedHEAnet (operatingatPPV0.9) to adata set from
anoutside institution (data set 3,BWH) (eTable3 in theSupple-
ment).HEAnet’s performancemetrics ondata set 3were com-
parable with those in data set 2, distinguishing patients with
TLE from HCs with an AUC ROC of 0.95 (eFigure 6 in the
Supplement). Applying the threshold previously defined in
data set 2 fordiagnosis ofTLE (HEAnetdetection rateoneither
side >33HEAnet detections per hour ofNREMsleep), HEAnet
correctlydiagnosedTLE in68%ofpatientswithTLE (15of 22),
but incorrectly diagnosed TLE in 4% of HCs (1 of 24), yielding
a PPV for TLEdiagnosis of 93.7%.Applying the threshold pre-
viously defined in data set 2 for prediction of TLE laterality
(|asymmetry HEA| >0.75), HEAnet predicted laterality in
59% of patients (13 of 22) with TLE, with an accuracy of 92%.
Among patients with unilateral TLE, who were correctly di-
agnosed by HEAnet as having TLE (n = 12), HEAnet provided
laterality predictions for 75% (n = 9), with 100% accuracy
(eResults in the Supplement).

Discussion

Results of this diagnostic study suggest that HEAnet is an
algorithm that noninvasively detects HEA using only infor-
mation from a standard scalp EEG. Although the goal of
most spike-detection algorithms is to automate the detec-
tion of epileptiform activity that is easily identified by
human experts, HEAnet is unique in that it detects hippo-
campal epileptiform activity that cannot be identified by
human experts.

One prior study attempted to develop an HEA detection
algorithm on scalp EEG, using a small data set of 20-minute
combined scalp EEG and FO recordings from 18 patients with
TLE (total data set length, approximately 6 hours), with ap-
proximately 6100 HEA examples.22 Using logistic regression
with hand-crafted features, their optimized model achieved
an AUC ROC of 0.67 at the single-event level.22 Here, we de-
velopedHEAnet using amuch larger data set (51 patientswith
TLE with 972095 HEA examples) and applied deep learning
algorithms to achieve an AUC ROC of 0.89 and an AUC PR of
0.39 at the single-event level. HEAnet’s performance gener-
alized well on 2 external data sets, where its output accu-
ratelydistinguishedpatientswithTLE fromHCs, provided lat-
eralizing information, and monitored changes in HEA in
response to changes in ASMs. HEAnet has several applica-
tions that could fill important gaps in the diagnosis and treat-
mentofTLE.First,HEAnet can improve the sensitivityof scalp
EEG for diagnosing TLE, particularly when clinical interpre-
tation is normal or questionably abnormal. In data set 2, 13%
of patients with TLE (3 of 24) were successfully diagnosed by
HEAnet but missed by at least 1 expert on scalp EEG review.
Combining expert review with HEAnet increased the sensi-
tivity of diagnosing TLE from 0.50 to 0.58 for human ex-
perts, to 0.63 to 0.67, without reducing specificity. Second, a
common disabling feature of TLE is cognitive impairment.23

The ability to noninvasively monitor HEA would allow clini-
cians to assesswhether cognitive impairment in apatientwith
TLE is related toHEAand toassesswhether reducingHEAwith
medications improves their cognitive function. Third, in pa-
tients with TLE undergoing evaluation for epilepsy surgery,
HEAnet could serve as a complementary, noninvasive bio-
marker, independent of scalp EEG epileptiform discharges,
to guide surgical decision-making.

Limitations

Our study had several limitations. First, HEAnet was specifi-
cally trained to detect HEA occurring during sleep. Never-
theless, HEAnet performed reasonably well on awake EEG
data, maintaining excellent specificity, though with reduced
sensitivity. We also found that 1-hour of sleep EEG, achiev-
able in the outpatient setting, was sufficient for HEAnet to
improve the diagnostic sensitivity of scalp EEG beyond that
of human expert performance. Second, our study used FO
recordings as the ground truth for HEA. As such, HEAnet
might detect epileptiform activity arising not only from the
hippocampus but also from other temporal lobe and extra-
temporal regions (eg, amygdala, parahippocampal gyrus,
orbitofrontal lobe, insula). Future studies will better define
the spatial specificity of HEAnet. Third, HEAnet used a
simple CNN architecture with raw scalp EEG as input. Addi-
tion of hand-crafted features (eg, time-frequency,22

connectivity,10 zero-crossing patterns24), and more complex
architectures21,25 will be explored in future work. Fourth,
although we validated HEAnet’s performance and prediction
thresholds using 2 external data sets, both data sets were
relatively small and lacked ground truth information on
HEA. Validation on larger data sets that include intracranial
electrodes and that span a wider range of ages and diseases
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will better define appropriate-use cases for HEAnet. Finally,
a unique concern in applying HEAnet to clinical data is that
visual confirmation of HEAnet’s detections (scalp-negative
spikes) is not possible; as such, operating HEAnet at thresh-
olds that minimize false-positive detections and setting
thresholds for clinical decision-making that are significantly
higher than HEAnet’s false positive detection rate will be
essential for minimizing unnecessary diagnostic tests and
treatments that could result from application of HEAnet.

Conclusions

Results of this diagnostic study suggest that HEAnet pro-
vides a novel and noninvasive biomarker of hippocampal
hyperexcitabilityon scalpEEG.Althoughmostmachine learn-
ing applications in medicine aim to match human expert-
level performance for a chosen problem, HEAnet performs a
task that human experts cannot.
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