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Abstract

Cognitive slowing is a known but comparatively under-investigated neuropsychological
complication of the epilepsies in relation to other known cognitive comorbidities such as memory,
executive function and language. Here we focus on a novel metric of processing speed,
characterize its relative salience compared to other cognitive difficulties in epilepsy, and explore
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its underlying neurobiological correlates. Research participants included 55 patients with temporal
lobe epilepsy (TLE) and 58 healthy controls from the Epilepsy Connectome Project (ECP) who
were administered a battery of tests yielding 14 neuropsychological measures, including selected
tests from the NIH Toolbox-Cognitive Battery, and underwent 3T MRI and resting state fMRI.
TLE patients exhibited a pattern of generalized cognitive impairment with very few lateralized
abnormalities. Using the neuropsychological measures, machine learning (Support Vector
Machine binary classification model) classified the TLE and control groups with 74% accuracy
with processing speed (NIH Toolbox Pattern Comparison Processing Speed Test) the best
predictor. In TLE, slower processing speed was associated predominantly with decreased local
gyrification in regions rostral and caudal middle frontal gyrus, inferior precentral cortex, insula,
inferior parietal cortex (angular and supramarginal gyri), lateral occipital cortex, rostral anterior
cingulate, and medial orbital frontal regions, as well as three small regions of the temporal lobe.
Slower processing speed was also associated with decreased connectivity between the primary
visual cortices in both hemispheres and the left supplementary motor area, as well as between the
right parieto-occipital sulcus and right middle insular area. Overall, slowed processing speed is an
important cognitive comorbidity of TLE associated with altered brain structure and connectivity.

Graphical Abstract
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INTRODUCTION

The domains of memory, language and executive function are among the most studied
cognitive complications of the epilepsies (Helmstaedter & Witt, 2012; B. Hermann, Loring,
& Wilson, 2017; Saling, 2009) with an increasing number of imaging investigations focused
on the disrupted regions and networks associated with these cognitive anomalies (Diehl et
al., 2008; He et al., 2018; Lin, Mula, & Hermann, 2012; McDonald et al., 2014; Reyes et al.,
2018; Vlooswijk et al., 2011). Psychomotor slowing is also a common but arguably less
investigated cognitive abnormality of the epilepsies. While known to be exacerbated by
many anti-epileptic drugs (AED) (Kwan & Brodie, 2001; Loring, Marino, & Meador, 2007;
Witt, Elger, & Helmstaedter, 2015), cognitive and/or psychomotor slowing is evident in new
onset adult and pediatric patients prior to administration of AEDs (Baker, Taylor,
Aldenkamp, & group, 2011; Oostrom et al., 2003), and has been observed to persist
following remission of epilepsy and cessation of medication treatment (Aldenkamp et al.,
1993; Berg et al., 2008). Thus, cognitive and psychomotor slowing is an inherent
neuropsychological morbidity of the epilepsies.
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At its most basic level, processing speed can be defined as either the amount of time it takes
to process a specific quantity of information, or the quantity of information that can be
processed within a specific unit of time (Kalmar & Chiaravalloti, 2008). There has been
little consistency in the metrics used to assess cognitive and psychomotor slowing in
epilepsy, as speed-based performances have been assessed with a variety of measures
including simple and complex reaction time, finger tapping, mental scanning, motor
assembly tasks, and others (Grevers, Breuer, Ijff, & Aldenkamp, 2016). One common
approach, across diverse disorders, has been the use of digit symbol substitution tests, with
applications to examine speeded performance in schizophrenia (Dickinson, Ramsey, &
Gold, 2007; Knowles, David, & Reichenberg, 2010; Morrens, Hulstijn, & Sabbe, 2007),
multiple sclerosis (Benedict, Morrow, Weinstock Guttman, Cookfair, & Schretlen, 2010),
normal aging (Salthouse et al., 2000; Tucker-Drob & Salthouse, 2008) as well as epilepsy
(Garcia-Ramos et al., 2018). Further investigation of the task has shown that it is driven in
part by speed-dependent processes (graphomotor speed, perceptual speed), with
contributions of visual scanning efficiency, learning/memory and executive function
(Ashendorf & Reynolds, 2013; Joy, Fein, & Kaplan, 2003). An alternative measure of
central processing speed is the Pattern Comparison Processing Speed Test (PCPS) of the
NIH Toolbox Battery-Cognition (NIHTB-CB) which is an efficient visually-based measure
of choice reaction time adapted for computerized presentation. This test has applicability
across the lifespan, sound test-retest reliability, appropriate age-related performance
characteristics, and demonstrated construct validity (Carlozzi et al., 2014). Furthermore,
there is less confounding of psychomotor issues with quantification of central information
processing speed compared to digit symbol substitution tests. Here we examine the clinical
relevance of this metric compared to other clinical and experimental cognitive tests.

At least two issues pertinent to slowing of speed-dependent processes in epilepsy remain to
be clarified and are a focus of this investigation. First, the relative salience of slowed
processing speed relative to other potential cognitive abnormalities in epilepsy remains
uncertain. Abnormalities in memory, language and executive function are of clear
importance, but the set of abnormalities that most reliably discriminates persons with
epilepsy compared to healthy controls, and the role of slowing of processing speed in this
discrimination, remains to be determined. To address this issue we utilize machine learning
to characterize the relative power of various cognitive abilities, including processing speed,
to classify or discriminate patients with epilepsy compared to controls. As machine learning
builds multidimensional models using multiple variables, it offers the ability to analyze
neuropsychological measures together as a group, instead of individually. For example, a
combination of several, individually non-significant features may classify two groups better
than the most significant feature itself. Currently, there is enormous interest in applying
machine learning techniques in many fields of medicine (Deo, 2015). Its strength comes
from the ability to detect patterns in highly complex datasets. In supervised machine
learning, the models learn from previous examples or, simply, predictor-outcome pairs.
Various algorithms have been developed to solve this optimization problem (Caruana &
Niculescu-Mizil, 2006), the most noteworthy at present is artificial neural network or deep
learning (Schmidhuber, 2015). Broadly speaking, there are two goals in machine learning
studies, achieving high accuracy and understanding the underlying significant predictors. In
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some cases, the goal is to obtain high accuracy with less emphasis on identifying the
underlying predictors. Deep learning is a good example of this case as it is known to
outperform other algorithms given enough data, but the complexity of the learned model
may be difficult to comprehend or interpret. In other cases, the goal is to sort through
multiple potential predictors to determine which factors contribute the most to the learned
model. In this case, simpler algorithms such as Support Vector Machine (SVM), with a
linear kernel, may be better (Cortes & Vapnik, 1995). In this investigation, we apply SVM to
neuropsychological data to classify groups (epilepsy and controls) and identify the salient
predictors.

Second, the presence and nature of the underlying neurobiology of cognitive and
psychomotor slowing in epilepsy has yet to be fully characterized. Only limited research has
addressed this issue. Dow et al. (2004) examined mental scanning speed in adults with
temporal lobe epilepsy and found slowed performance related to reduced volume of total
cerebral white matter. Alexander et al. (2014) reported increased fractional anisotropy (FA)
of the left fornix related to faster processing speed in TLE patients without hippocampal
sclerosis. Van Veenendaal et al. (2017) examined the relationship between central
information processing speed and resting-state functional network efficiency and found no
relationship between speed and network analysis in 55 patients with localization-related
epilepsy. To inquire into the potential underlying neurobiology of processing speed
abnormalities we characterized its association with measures of cortical volume, thickness,
area, and gyrification, followed by examination of resting-state functional MRI (rs-fMRI) to
understand the broader network abnormalities associated with psychomotor slowing.

In summary, the core aims of this investigation are: 1) to determine the salience of cognitive
and psychomotor slowing relative to other cognitive complications of epilepsy in
discriminating patients with TLE from controls, and 2) to characterize the structural and
functional connectivity patterns associated with slowed processing speed in TLE. These
aims are addressed within the unique cohort of participants comprising the Epilepsy
Connectome Project (ECP), which contains detailed neuroimaging, neuropsychological and
clinical investigation of patients with chronic TLE and controls.

2. MATERIAL AND METHODS

The ECP is a two sites research project involving the Medical College of Wisconsin (MCW)
and the University of Wisconsin-Madison. TLE patients enrolled in the ECP are between the
ages of 18 and 60 (inclusive), demonstrate estimated full-scale intelligence quotient (1Q) at
or above 70, speak English fluently, and have no medical contraindications to MRI. They
have a diagnosis of TLE supported by 2 or more of the following: 1) described or observed
clinical semiology consistent with seizures of temporal lobe origin, 2) EEG evidence of
either Temporal Intermittent Rhythmic Delta Activity or temporal lobe epileptiform
discharges, 3) temporal lobe onset of seizures captured on continuous EEG, or 4) MRI
evidence of mesial temporal sclerosis or hippocampal atrophy. Patients with any of the
following are excluded: 1) Presence of any lesions other than mesial temporal sclerosis
causative for seizures and non-specific white matter abnormalities on 3 Tesla MR, 2) an
active infectious/autoimmune/inflammatory etiology of seizures, either suspected by treating
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clinician or documented through laboratory testing or response to immunosuppressive
therapy. Supplemental Material 1 provides clinical and demographic information for the
TLE participants.

Healthy controls underwent cognitive and behavioral assessment and a limited number
underwent neuroimaging including MRI per research contract protocol. Participants were
between the ages of 18 and 60 (inclusive). Exclusion criteria included: Edinburgh Laterality
(handedness) Quotient (Oldfield, 1971) less than +50; primary language other than English;
history of any learning disability; history of brain injury or illness, substance abuse, or major
psychiatric illness (major depression, bipolar disorder, or schizophrenia); current use of
psychoactive or vasoactive medications, as well as any medical contraindications to MRI.
Presented here are data from a consecutive, prospectively enrolled series of 55 TLE patients
and 58 healthy controls. This project was reviewed and approved by the Institutional Review
Board (IRB) at MCW and all participants provided written informed consent.

2.1 Neuropsychological Assessment

All controls and TLE patients underwent neuropsychological assessment as part of the ECP
protocol with testing aimed at known cognitive weaknesses of TLE patients (Table 2,
Column 2). From this test battery a total of 14 cognitive indices were derived which included
brief assessment of estimated intelligence (Wechsler Abbreviated Scale of Intelligence-2
vocabulary and block design subtests) (Wechsler, 2011), verbal learning and memory (Rey
Auditory Verbal Learning Test, or RAVLT) including total words learned across trials
(RAVLT-Total) and delayed recall (RAVLT-Delayed) (Rey, 1964), object naming (Boston
Naming Test) (Kaplan, Goodglass, & Weintraub, 1983), letter fluency (Controlled Oral
Word Association Test) (Heaton, Miller, Taylor, & Grant, 2004; Spreen & Benton, 1977),
semantic (animal) fluency (Heaton et al., 2004; Strauss, Sherman, & Spreen, 2006), spatial
orientation (Judgement of Line Orientation) (Benton, Hamsher, Varney, & Spreen, 1983),
speeded fine motor dexterity (Grooved Pegboard, dominant and non-dominant hands)
(Klove, 1963), and selected subtests from the NIHTB-CB including Pattern Comparison
Processing Speed Test (PCPS), Dimensional Change Card Sort Test, List Sorting Working
Memory Test, and Flanker Inhibitory Control and Attention Test. The measure of processing
speed, PCPS, from the NIHTB-CB, requires the subject to identify whether two
simultaneously presented visual patterns are the “same” or “not the same”. Patterns are
either identical or vary in: 1) color, 2) adding/taking something away, or 3) one versus many.
The score reflects the number of correct items (out of a possible 130) completed in 85
(Carlozzi, Beaumont, Tulsky, & Gershon, 2015; Carlozzi et al., 2014). For all 14 cognitive
measures the age-corrected standard scores were used.

2.2 Neuropsychological Discrimination of Epilepsy and Control Groups

The ability of the 14 neuropsychological tests to classify TLE and healthy control
participants was tested using machine learning. Support Vector Machine (SVM) binary
classification models (Cortes & Vapnik, 1995) were trained using the z-transformed
standardized scores as the features. Supplemental Material 2 provides a diagram for the
SVM training and testing procedures employed in this study. 10-fold cross validation was
used, where 10% of the samples were kept as a testing set. Randomization seeds were used
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for repeatability. When feature selection was on, a cross validation (CV) loop was added and
the feature with the lowest average absolute weight (or smallest contribution to the
classification model) was removed per loop. The feature selection continued until the 10-
fold classification loss reached the minimum. This “optimum set” of features was then used
in the testing. The 10-fold accuracy was recorded. This entire procedure (in Supplemental
Material 2) was repeated 10 times (10 iterations), both with and without the feature
selection. The optimum sets of features were then analyzed based on their normalized
weights, where the maximum absolute weight is one.

2.3 MRI Acquisition and Preprocessing

MRI was performed on 3T GE 750 scanners at both institutions. T1-weighted images were
acquired using a magnetization prepared gradient echo sequence (TR/TE=604ms/2.516ms,
T1=1060.0ms, flip angle=8°, FOV=25.6¢cm, 0.8mm isotropic). Cube T2-weighted images
were also acquired (TR/TE=2,500ms/94.641ms, flip angle=90°, FOV=25.6cm, 0.8mm
isotropic).

Rs-fMRI images were acquired using whole-brain simultaneous multi-slice (SMS) imaging
(8 bands, 72 slices, TR/TE=802ms/33.5ms, flip angle=50°, matrix=104 x104, FOV=20.8cm,
voxel size 2mm isotropic) (Moeller et al., 2010). The participants were asked to focus on a
white cross at the center of black background. Time-series from four 5-minute runs acquired
in a single session were concatenated.

All images were pre-processed using the Human Connectome Project (HCP) minimal
preprocessing pipelines (Glasser et al., 2013). In brief, the function of this pipeline is to
align the T1w and T2w images, perform a B1 (bias field) correction, register them to the
(Montreal Neurological Institute (MNI)) space, segment the volume into predefined
structures, reconstruct white and pial cortical surfaces, and perform FreeSurfer’s standard
folding-based surface registration to their surface atlas (fsaverage). Once the pial surface is
created, an outer surface that does not enter the sulcal folds is determined. For each vertex a
10 mm diameter circular region is formed on the outer smoothed surface along with a
corresponding perimeter on the pial surface. Local gyrification index (LGI) is calculated at
each vertex as the area ratio of the area of the cortex following the sulcal folds to the area of
the cortex on the outer visible cortex. Each subject’s LGI values are then mapped to the
fsaverage surface without additional smoothing. All structural data were inspected pre and
post processing for quality assurance.

The functional portion of the HCP pipelines removes spatial distortions using spin echo field
maps, realigns volumes to compensate for subject motion, registers the fMRI data to the
structural, reduces the bias field, normalizes the 4D image to a global mean, masks the data
with the final brain mask and maps the voxels within the cortical gray matter ribbon onto the
native cortical surface spaces. More details on the HCP processing pipelines can be found in
Glasser et al (2013).

2.4 fMRI Processing

Rs-fMRI images are heavily affected by subject motion in the scanner. We used three
different motion metrics to determine if a run was successful: relative mean root-mean-
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squared (RMS), absolute mean RMS, and derivative of variance RMS (DVARS) (Power et
al., 2014). These are common quality control measures for rs-fMRI scans, where the RMS’s
measure the pure subject motion and DVARS measures combination of the motion and the
scanner instabilities. These three measures were calculated per each run of 5 minutes. The
measures were each transformed into the standard scores, and subjects who had z> 3 on any
of these three measures in any of the four runs being concatenated were defined as motion
outliers.

Then, additional pre-processing was performed on the rs-fMRI images using Analysis of
Functional Neuro-Images (AFNI) (Cox, 1996), which included motion regression using 12
motion parameters, and regression-based removal of signal changes in the white matter,
cerebrospinal fluid, and the global signal. For the brain atlas, a combination of 360 cortical
regions defined by the HCP’s Glasser parcellation (Glasser et al., 2016) and 19 subcortical
regions from the FreeSurfer subcortical segmentation (Fischl et al., 2002) was used. Blood-
oxygen-level-dependent (BOLD) time series from these 379 regions were extracted per
subject. The pairwise Pearson correlations were calculated and transformed to Fisher’s Z
scores to generate connectivity matrices.

2.5 Structural MRI Analysis

Whole cortex vertex-wise analysis of cortical surface features (volume, thickness, area and
LGI) was conducted using FreeSurfer’s statistical tool QDEC (Query, Design, Estimate,
Contrast). This applies the General Linear Model with age as a covariate at each vertex to
measure the correlation of speed with each cortex morphological feature. Prior to analysis,
each measure was mapped to a standardized vertex space defined by the fsaverage atlas. The
measures of thickness, area and volume were smoothed with a 15 mm full-width-at-half-
maximum (FWHM) kernel. LGI values were fit to fsaverage without additional smoothing
due to the inherent smoothing of the LGI calculation. Analyses were corrected for total
intracranial volume (ICV), age and gender, and were very similar with or without ICV as
covariate. A second level correction for multiple comparisons was performed by setting the
threshold of detection of false discovery rate (FDR) corrections at p < 0.05, more
conservative than cluster size corrections used in prior publication on cortical thickness
correlations (Dabbs, 2013).

2.6 fMRI Analysis

All 71,631 resting connections were tested for their correlation with the age-corrected PCPS
scores. For multiple comparisons, Benjamini-Hochberg false discovery rate (FDR)
correction method was used (Benjamini & Hochberg, 1995).

3. RESULTS
3.1 Demographics

Research participants included 55 TLE patients and 58 healthy controls. The difference in
the mean age (p<0.01) between the TLE (range 19-60 years) and control groups (range 18—
56 years) was addressed by using age-corrected cognitive scores. The two groups did not
significantly differ with regard to gender (p=0.85), with a modest trend in years of education
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(p=0.06). In the TLE group, 14 subjects had right TLE, 26 had left TLE, and 2 had bilateral
onsets based on either interictal EEG, imaging (hippocampal sclerosis) or ictal monitoring.
Thirteen subjects had uncertain lateralization. TLE participants were taking 0 to 4 AEDs
with a mean of 2.05, with chronic epilepsy (mean= 20 years) characterized by onset in late
adolescence (mean= 19 years). A subset of the sample underwent Wada Testing or fMRI
language assessment and none showed reversed cerebral dominance.

3.2 Cognitive Performance

All test scores were normally distributed in both TLE and control groups (ps>0.15,
Kolmogorov-Smirnov test), except for the Judgement of Line Orientation test (£5<0.05).
Therefore, the Wilcoxon Rank-Sum Test was performed on this test and two-sample t-tests
on the others. Patients with TLE as a group performed significantly worse on 13 of the 14
administered neuropsychological tests (Table 2, Column 5). PCPS had the largest effect size
(1.27) followed by Grooved Pegboard (dominant hand 1.12, non-dominant hand 1.07),
WASI-II Vocabulary (0.91), RAVLT (total words 0.89, delayed recall 0.86), and
Dimensional Change Card Sort Test (0.86). Medium effect sizes were evident for WASI-II
Block Design (0.78), Judgement of Line Orientation, and Boston Naming Test (0.71). Small
effect sizes were observed for Flanker (0.49), Working Memory (0.48), Semantic Fluency
(0.45) and COWA (0.24). The distribution of PCPS scores for the TLE and control groups is
shown in Figure 1.

There were few lateralized cognitive findings. 26 left TLE and 14 right TLE patients (See
Supplemental Material 1) did not differ in age (©>0.10), gender (p=0.50), education
(0=0.40), AED count (p=0.96), or duration of epilepsy (£=0.81). The right TLE group
performed significantly worse than the left TLE group on the Dimensional Change Card
Sort Test (p=0.027, t=2.30). There were no other significant lateralized cognitive findings.
The majority of cognitive tests were significantly lower than controls in both the left TLE
(11 of 14 tests, all p5<0.02) and right TLE (13 of 14 tests, all ps< 0.03) groups. Thus,
cognitive anomalies were generalized in nature in the context of lateralized epilepsy.

Spearman correlations examined the relationship between the number of AEDs and
cognitive performance (Table 2, Column 6). AED effects were observed on measures of
dominant and non-dominant hand speeded fine motor dexterity (os=—0.287 and —0.271,
£5=0.034 and 0.046 respectively) and working memory (0=—0.266, p=.049). There were no
other significant associations between AED number and cognition including PCPS (o
=10.122, p=0.374).

3.3 Machine Learning Classification

The 14 neuropsychological test scores were able to train an SVM model that reliably
classified TLE and control participants with 73.4+2.7% accuracy without feature selection.
The PCPS feature received the highest average absolute weight (w=0.66) among all 14
scores in all 10 testing loops, followed by Grooved Pegboard-Dominant (w=0.47) (Table 2,
Column 7). With feature selection, PCPS was most reliably and repeatedly present in every
cross validation loop (9 out of 10 iterations) in the optimum set of features, followed by
Grooved Pegboard-Dominant (5 out of 10) and Boston Naming Test (1 out of 10).
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3.4 Structural MRI Results

We examined associations of age-corrected PCPS scores in the TLE participants with
metrics of cortical volume, thickness, white matter surface area, pial surface area and LGl,
controlling for ICV, gender and age in the MRI structural analyses. After correction for
multiple comparisons, no significant correlations were identified between PCPS and cortical
thickness, area or volume. In contrast, LGI-PCPS correlations were significant in several
cortical regions bilaterally, all of which were in the positive direction (Figure 2). In the left
hemisphere these included the angular gyrus, lateral occipital cortex, and rostral anterior
cingulate gyrus. In the right hemisphere, correlations with LGI were observed in rostral and
caudal middle frontal gyrus, inferior precentral cortex, insula, inferior parietal cortex
(angular and supramarginal gyri), lateral occipital cortex, rostral anterior cingulate, and
medial orbital frontal regions, as well as three small regions of the temporal lobe (also see
Supplemental Material 3).

3.5 fMRI Results

Only 3 subjects were defined as motion outliers as described in the methods and removed
from the analyses. The correlation between PCPS and 3 of 71,631 resting state connections
approached significance after multiple comparison corrections (r>0.6, prpr=0.057) in 52
TLE patients. These included connections between the right parieto-occipital sulcus area 2
(POS2) and right middle insular area (MI), and between the primary visual cortices (V1) in
both hemispheres and the left area 6m anterior (6ma, supplementary motor area). Scatter
plots in Figure 3 show the relationships of PCPS scores vs. the Fisher’s Z correlation values
from these 3 connections, with their fitted lines. Figure 4 shows 17 connections showing
high correlations (r>0.5). Noticeably, from Figure 4, a group of connections from the right
peri-sylvian language area (PSL) to the left visual cortices are positively correlated.

4. DISCUSSION

The results of this investigation demonstrated that, in a non-surgical cohort of TLE
participants, cognitive slowing is a powerful marker of TLE and is associated with
functional anatomic anomalies in cortical surface features and functional connectivity.

4.1 Classifying TLE and Control Participants

4.1.1 The salience of processing speed—A comprehensive battery of 14
neuropsychological tests was administered to the ECP participants (Table 2, Column 2), with
some tests representing traditional neuropsychological measures while others were
incorporated from the NIH Toolbox-Cognitive Battery that have not been used in the
epilepsy-neuropsychology literature to date. For the first time in this literature, a machine
learning approach (SVM) was applied to the neuropsychological data in an attempt to
classify or discriminate the TLE and control groups. Approximately 74% accuracy was
reached with the cognitive tests and, of the administered measures, the Pattern Comparison
Processing Speed Test, or PCPS, was the most powerful test in discriminating TLE patients
from healthy controls. While it has been recognized that processing speed is among the
cognitive morbidities of chronic epilepsy, its relative standing among the other cognitive
morbidities of epilepsy has not been fully appreciated. In fact, it was the most salient
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measure in separating the TLE and control groups (Table 2, Column 7, SVM weight). Other
measures of interest (Boston Naming Test, RAVLT) discriminated the TLE and control
groups as expected, but not as powerfully as processing speed (Table 2, Columns 5 and 7).
Even though SVM does not assume feature independence, it is still possible that if two
features are highly correlated, the second will receive less attention or weight. Even with this
in mind, we can conclude that PCPS is the best contributor to the classification model.

Slowed cognitive and psychomotor processing speed traditionally has been linked to anti-
epilepsy drug factors (e.g., type, number) (Kwan & Brodie, 2001; Loring et al., 2007; Witt et
al., 2015). Here we found the number of epilepsy medications/polytherapy to be associated
with some measures of speeded performance (speeded fine motor dexterity) and working
memory, but not central processing speed as assessed by the PCPS test. Increasingly
aggressive medication treatment occurs in response to poor seizure control and or seizure
severity, so the independent contribution of AED medication relative to problematic clinical
seizure features cannot be isolated in a cross-sectional investigation of this type. As noted,
cognitive and psychomotor slowing has been detected in drug-naive new-onset pediatric and
adult epilepsy (Baker et al., 2011; Oostrom et al., 2003) and has been found to persist
following epilepsy remission and cessation of medication treatment (Aldenkamp et al.,
1993; Berg et al., 2008). Thus, cognitive and psychomotor slowing is an inherent
neuropsychological morbidity of the epilepsies including TLE. Further, slowing is among
the measures that show the most decline (B. P. Hermann et al., 2006) or to be among the
most impaired abilities (Taylor & Baker, 2010) in prospective neuropsychological
investigations of chronic epilepsy patients on static therapy. An advantage of the processing
speed test used from the NIH Toolbox Cognitive Battery is that it was minimally
confounded by complex motor involvement, comes from a cognitive neuroscience
background, and, again, was not impacted by polytherapy.

More broadly, it is worth mentioning that the participants with TLE exhibited a pattern of
generally disrupted cognition, performing significantly worse on 13 of the 14 test measures
compared to controls (Table 2, Columns 2 and 5), a pattern consistent with prior
neuropsychological research (Oyegbile et al., 2004; Wang et al., 2011) and congruent with
reports of widespread abnormalities in the integrity of cortical gray and white matter as well
as subcortical structures and cerebellum (Deleo et al., 2018; Gross, 2011; Keller et al., 2015;
Keller & Roberts, 2008; Lin et al., 2012). Lateralized cognitive abnormalities were few in
number (problem solving in right TLE), with no lateralized effects across the remaining 13
of 14 test measures. Looking within the left and right TLE groups compared to controls, a
similar generalized pattern of cognitive impairment was found. The majority of cognitive
tests were significantly lower than controls in both the left TLE (11 of 14 tests, all
differences <p 0.02) and right TLE (13 of 14 tests, all p’s < 0.03) groups. Thus, cognitive
anomalies were generalized in nature in the context of lateralized epilepsy. It was in this
context that processing speed was found to be a salient predictor of TLE. While few
lateralized cognitive impairments were detected in this cohort, this is a finding that has been
reported previously in prior examinations of general cognition in TLE (B. Hermann &
Seidenberg, 1995; Ogden-Epker & Cullum, 2001) and specific cognitive domains in
particular, including object naming (Cherlow & Serafetinides, 1976; Langfitt, 1995; Ogden-
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Epker & Cullum, 2001). Again, this may be related to the nonsurgical nature of this TLE
sample.

4.1.2 Application of machine learning to the neuropsychology of epilepsy—
In this work, machine learning was used to aid in finding cognitive patterns in the dataset.
Machine learning remains a relatively new concept in many fields of study and certainly in
the neuropsychology of epilepsy. Machine learning is a powerful set of tools that can detect
patterns and synthesize data in a way that may prove useful to aid in human decision
making, however, the complex interactions of variables invoked in machine learning
impedes a traditional causative narrative familiar in science, making interpretation of results
at times ambiguous (Obermeyer & Emanuel, 2016). As such, we were conservative in our
approach, using it as a feature selection tool with 10-fold cross-validation to improve the
generalizability of results. SVM analyzed the entire set of available features together, instead
of treating features one at a time as in the traditional methods. In the future, with increased
samples we will attempt to build machine learning regression models to predict
neuropsychological performances with different types of structural and functional brain
features. This may reveal valuable information that will reinforce or even correct our current
understanding of brain-behavior relationships in TLE patients.

4.2 Neurobiological Correlates of Processing Speed

4.2.1 Cortical surface features—There is little published epilepsy literature
addressing the neurobiological correlates of cognitive and psychomotor slowing in epilepsy.
Here we examined this issue with measures of structure and resting connectivity. The
structural findings showed that brain-behavior correlations were most clearly linked with the
metric of gyrification, with increased gyrification associated with faster processing speed.
The LGI-speed correlation was significant in several cortical regions (see Figure 2 and
Supplemental Material 3) including left parietal, lateral occipital, rostral anterior cingulate;
rostral, as well as the posterior aspect of the superior and middle temporal lobe. In the right
hemisphere, LGI-speed correlations were significant in the rostral and caudal middle frontal
regions, insula, three gyri of the temporal lobe, parietal, occipital, rostral anterior cingulate
and medial orbital frontal regions. Other structural measures including cortical thickness,
volume, and surface area were unassociated with processing speed.

This gyrification index has been examined infrequently in relation to cognition in epilepsy,
but it appears sensitive as we have found the same index to be uniquely associated with other
measures of processing speed (digit symbol) in an independent cohort of children with new
onset epilepsies (Bobholz et al., under reviewunder review). Studies of brain structure
frequently focus on dimensional morphometric measures such as surface area, thickness, or
volume over the cortical surface. Some studies have also included analyses of cortical
folding, but this analysis is typically performed using a metric derived from local curvature
and may be missing some of the more fine grain distinctions captured by an index of local
gyrification (Shimony et al., 2016). Studies examining the cortical local gyrification index
and its cognitive correlates have recently emerged, suggesting that cortical folding analysis
has the capacity to reveal previously untapped relationships between brain structure and
function (Chung, Hyatt, & Stevens, 2017; Forde et al., 2017; Green et al., 2018; Treble,
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Juranek, Stuebing, Dennis, & Fletcher, 2013). This metric appears particularly sensitive to
speeded performance measures, and its wider utility in understanding cognitive anomalies in
epilepsy appears promising.

4.2.2 Functional MRI—To our knowledge, there has only been one published study
examining the relationships between resting state functional connections and metrics of
processing speed in epilepsy, which used a different index of speed-based performance and
reported no significant associations (van Veenendaal et al., 2017). Here we detected a
modest number of associations that approached significance (Figure 4), perhaps the most
salient involving connections with the primary visual cortex bilaterally with other regions,
findings that appear congruent with the prominence of posterior (bilateral occipital-parietal)
areas identified in the gyrification analyses. Connections from the right area PSL to the let
visual cortices were found to be correlated with the processing speed performance in TLE
population. While there is some suggestion that area PSL is involved in language processing,
more strongly in the left hemisphere (Glasser et al., 2016), it is reasonable to suggest that
more clinical/lesional, imaging and post-resection studies are required to confirm the role of
the right area PSL in language function.

The regions implicated by the gryrification index and resting-state fMRI fit broadly within
three networks 1) The bilateral primary and secondary visual processing streams (Goodale
& Milner, 1992) 2) Dorsal and ventral visual attentional networks (Corbetta & Shulman,
2002) with involvment of parietal and frontal regions, often with greater right sided
involvement (Fox, Corbetta, Snyder, Vincent, & Raichle, 2006). 3) Extended limbic system
with orbital frontal, insular, and anterior cingulate areas. The first two networks correspond
well with the demands of the PCPS task, given its heavy reliance on visual attention and
visual processing. Thus prominence of visual processing streams reflected in the structural
and functional imaging analyses is perhaps not surprising. The involvement of the extended
limbic network is also expected in TLE (Reid & Staba, 2014). It follows that cognitive
slowing in TLE would be associated with regions directly implicated in primary seizure
network and also the broader secondary network effects specific to the PCPS task including
association areas and visual processing/attention. These findings fit with the concept of focal
epilepsy as a network disease with functional network disruptions beyond the primary
seizure network with resultant cognitive deficits.

4.3 Limitations

One limitation of this investigation is that the TLE participants were not exclusively, or even
primarily, surgical candidates, and therefore only a subset had prolonged EEG monitoring of
spontaneous seizures to determine conclusively the laterality of seizure onset. On the other
hand, surgical candidates represent a minority of TLE patients, and results based solely on
presurgical samples may not be generalizable to the larger TLE population. The current
sample was also not affected by the potential confound of identified, causative cerebral
lesions present in many with surgically remediable TLE. Thus, this cohort is arguably more
representative of the neurobiology associated with TLE. A second limitation is that the
sample size is modest; similar investigations with a greater number of participants will help
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provide more robust assessments of innovative analytic procedures such as machine
learning.

Finally, although the test battery was substantial and captured the main cognitive domains
implicated in the epilepsy literature, different or additional cognitive indices may yield
important additional findings (e.g., improved lateralized findings, enhanced machine
learning outcomes).

5. CONCLUSIONS

For people with epilepsy the cognitive (and affective) comorbidities associated with the
disorder create as much disability as the seizures themselves (Fisher et al., 2000; Perrine et
al., 1995). In this study we demonstrate, in a non-surgical cohort of TLE patients, that
cognitive slowing is a powerful marker of TLE and begin to elicudate the underlying
functional anatomic correlates, including anomalies in cortical gyrification and functional
connectivity. The implicated regions include parts of the extended limbic network as well as
visual and motor association areas, in agreement with the network hypothesis of epilepsy
that even focal epilepsy has widespread effects. These findings, combined with prior
investigations, give credence to the relevance of cognitive slowing as an important marker
and intrinsic aspect of TLE. Further studies aimed at replicating these findings and
determining effective treatment paradigms should be considered.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
TLE patients (red) overall scored significantly lower than the age and education-matched

healthy controls (blue) on PCPS. The vertical lines indicate the median scores for each
group, which were 92 and 118.
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Figure 2.
Only positive correlations between LGI and age-corrected processing speed scores were

found in TLE participants (See text for details [Structural MRI Results])
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Scatter plots of the age-corrected Processing Speed scores and the correlation strengths of
the 3 resting state connections. All three connections positively correlated with the scores in

TLE patients (r>0.6, pepr=0.057).
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Figure 4.
17 resting connections showed high correlations (r>0.5) with the age-corrected PCPS scores

in 52 TLE patients. The picture contains 16 cortical connections, excluding one connection
between right middle insula and left caudate (r=—0.51). Red lines indicate positive
correlation (stronger connection in high performing patients) and vice versa for the blue
lines. Line thickness corresponds to the relative strengths of correlation. The 3 most
significant (r>0.6, prppr=0.057) were connections between right parieto-occipital sulcus area
2 (POS2) and right middle insular area (MI), and between the primary visual cortices (V1)
in both hemispheres and left area 6m anterior (6ma, SMA). The background brain images
were generated with the Connectome Workbench and from Glasser et al. (Glasser et al.,
2016).
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Summary table of demographics

Table 1.
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Mean
Group N | Mean Age (years) Gender Mean Education (years) g/lne;rg @gg'?sf) gﬁlrlaeg?rln Seizure Laterality
(years)
Right=14, Left=26,
TLE 55 40.1+12.2 F=30, M=25 142+25 19.6 +12.3 205+ 15.7 Bilateral=2,
Uncertain=13
Control | 58 34.0+10.6 F=33, M=25 15.0+21 - - -
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The 14 neuropsychological test scores are sorted by their average absolute weights (Columnl and 7) from the
SVM analysis without feature selection. PCPS is the biggest contributor to the classification model, both
collectively (SVM weight) and individually (effect size).

Orientation

2 sample : Correlation
No Feature Name TLE él\D/I)ean * Cont:oslél;/lean t-test p- dE(fgeg;eSrlﬁse) with AED SVM Weight
- value Count (p)
1 Pattern Completion 89.24+16.16 | 102.78+14.18 | <0.001 127 -0.122 0.66
Processing Speed e i ' : : :
Grooved Peg board _
2 odive bt 87.35+16.69 100.72+14.27 <0.001 112 0.287% 0.47
g | Dimensional Change Card | - g6 741530 97.88+15.68 <0.001 0.86 -0.065 0.46
4 B°St°$e';'fm'”9 96.47+13.28 108.0016.19 <0.001 071 0.059 0.41
5 RAVLT Delayed Recall 96.42+10.59 107.19+12.85 <0.001 0.86 -0.163 0.36
Grooved Peg board Non- _
6 At kel 90.22+17.49 97.95+17.13 <0.001 1.07 0.271* 0.36
7 Flanker Inhibitory 99.49+16.18 109.27+9.24 0.010 0.49 -0.014 0.28
8 WASI-1I Vocabulary 85.73+14.98 102.16+14.33 <0.001 091 -0.111 0.26
9 RAVLT Total Words 89.27+14.32 104.14+13.38 <0.001 0.89 -0.079 0.24
10 Working Memory 90.09+17.98 93.93+14.38 0.013 0.48 -0.266* 0.23
1 WASI-1I Block Design 94.13+16.46 108.34+16.71 <0.001 0.78 -0.180 0.19
Controlled Oral Word

12 I seaciation 84.80+12.73 91.33+13.73 0.214 0.24 -0.008 0.18
13 Semantic Fluency 94.91+16.54 102.36+14.66 0.019 0.45 -0.104 0.16
14 Judgement of Line 80.11+2153 | 11514:1924 | <0001 0.74 -0.188 0.16
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