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EEG-Based Biomarkers of Neural Circuit Function in Rett Syndrome  

 

Abstract 

 

Atypical sensory processing is a key feature of many neurodevelopmental disorders, likely 

contributing to higher-order deficits in cognition, communication, and behavior. However, the 

neural mechanisms underlying these abnormalities remain incompletely understood. Rett 

syndrome (RTT) is one neurodevelopmental disorder, related to autism spectrum disorder and 

predominantly caused by de novo mutations in the X-linked MECP2 gene. RTT is characterized 

by an initial period of typical early development followed by rapid regression leading to profound 

motor, communication, autonomic, and other impairments; disruptions to cognitive function and 

sensory processing have more recently emerged as core features. Electroencephalography (EEG) 

at rest, as well as time-locked to sensory stimuli (event-related potentials, or ERPs), offers 

powerful tools to study the neural dynamics underlying these disruptions, with the potential to 

bridge neural circuit dysfunction with clinically relevant neurophysiological markers and 

behavioral outcomes. This dissertation integrates findings from three EEG-based studies in Rett 

syndrome. First, we aimed to investigate variability in neural responses to sensory stimuli by 

measuring inter-trial phase coherence (ITPC). We found increased trial-by-trial variability in 

individuals with RTT in response to both visual and auditory stimuli, correlating with dampened 

ERPs and atypical sensory processing phenotype. In the second study, we utilized resting-state 

EEG to investigate thalamocortical contributions to sensory processing dysfunction by measuring 
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transient beta events (short bursts of beta-frequency activity linked to thalamocortical drive and 

implicated in tactile processing). We observed elevated transient beta event rates in RTT as well 

as other related neurodevelopmental disorders, pointing to disruptions within thalamocortical 

sensory pathways. Finally, we investigated interactions between oscillatory frequencies at rest in 

RTT by analyzing phase-amplitude coupling, a mechanism of neural coordination that supports a 

range of cognitive and sensory processes. Results demonstrated significantly increased theta-

gamma and alpha-gamma coupling in RTT, and computational modeling further identified 

dysfunction in VIP+ interneurons as a candidate cellular mechanism underlying this enhanced 

coupling. Collectively, these findings advance the field’s understanding of the neural dynamics 

underlying altered sensory and cognitive processing in RTT, paving the way for use as functional 

biomarkers and providing insights that can inform future work.  
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Chapter 1. General Introduction 
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Sensory processing differences are a key feature of many neurodevelopmental disorders 

(NDDs), most notably autism spectrum disorder (ASD).1–4 Commonly, atypical sensory 

processing can include hypo-responsivity (seeking out or not responding to sensory stimuli) and 

hyper-responsivity (avoiding or overly responding to sensory stimuli).1,5,6 These differences arise 

from disruptions in how the nervous system receives, organizes, and interprets incoming sensory 

information from the environment and the body. Higher-order neural functions require reliable 

information from lower cortical regions like primary sensory areas to construct accurate 

representations of the external environment,7 and sensory processing is a foundation upon which 

both advanced cognitive function and social behavior build. Disruptions across sensory modalities 

can have cascading developmental consequences,8–11 yet the neural mechanisms underlying 

sensory processing abnormalities in NDDs remain incompletely understood.  

The high heterogeneity of idiopathic ASD—cases in which no clear biological cause has 

been identified—poses a major challenge to progress in this area, complicating the search for 

consistent overarching mechanisms and principles governing the underlying pathophysiology. One 

strategy to address this complexity is to divide the broad and diverse ASD population into 

biologically defined subgroups. Studying syndromic forms of ASD, such as genetic conditions 

with a high prevalence of autistic features (examples include Fragile X syndrome, Angelman 

syndrome, Rett syndrome, Prader-Willi syndrome, Williams syndrome, tuberous sclerosis, 

SYNGAP1-related disorder, and Phelan McDermid syndrome), offers a powerful approach for 

identifying the neural mechanisms and circuit-level disruptions underlying sensory processing 

abnormalities that may generalize to subsets of ASD more broadly. In fact, many of the genes 

underlying syndromic ASDs are functionally interconnected and converge on similar neural 

pathways.12 This dissertation will mainly focus on one such neurogenetic disorder: Rett syndrome.  
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Rett syndrome and MECP2 

Rett syndrome (RTT) is a rare and debilitating neurodevelopmental disorder affecting 

about 1 in 10,000 individuals, predominantly females. Typically, the disorder first manifests at 

around 6-18 months of age, with a developmental stagnation and lack of acquisition of new skills 

followed by a regression of purposeful hand use and spoken language. Other symptoms that 

emerge can include autism, truncal ataxia, seizures, and autonomic nervous system dysfunctions 

(including breathing irregularities).13–16 Sensory processing abnormalities have more recently been 

identified as a core feature of this disorder:17,18 individuals with RTT have been characterized to 

have reduced sensitivity to pain19,20  and recent data identifies atypical sensory symptoms in RTT 

overall and across multiple sensory modalities.21 However, assessing sensory phenotype and 

cognitive functioning is difficult given motor problems and challenges in verbal communication, 

and additional work is needed to build upon these findings. 

In 1999, de novo pathogenic variants in the X-linked gene encoding for methylCpG binding 

protein 2 (MeCP2) were discovered to be the genetic basis of RTT.22 Females are mosaic for 

mutated and wild-type MeCP2 expression because of random X chromosome inactivation—males 

can be diagnosed with RTT but often present with more severe symptoms or do not survive 

gestation or infancy.23 MECP2 mutations are also associated with an increased likelihood of autism 

spectrum disorder (ASD); many samples of forebrain tissue collected post-mortem from 

individuals with idiopathic ASD had reduced expression of MeCP224,25 and DNA samples have 

revealed a higher frequency of mutations in MECP2 in individuals with ASD.26 Indeed, RTT is 

often used as a model for ASD because many symptoms overlap, although it can be difficult to 

diagnose.27,28(p2),29,30 Precise levels of MeCP2 are critical, as deviations in either direction—
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deficiency or excess—can result in  disorder. Currently, due to the phenotypic heterogeneity of 

MECP2-related disorders, which also include MECP2 duplication disorder, intellectual 

disabilities, and autism, RTT is diagnosed based on clinical phenotype and followed up with 

targeted sequencing.16 However, in over 95% of cases a pathogenic variant of MECP2 is present,31 

and disease severity is strongly influenced by the type and location of the mutation as well as by 

differential patterns of X-chromosome inactivation skewing.23,32–37  

MECP2 mutations affect chromatin organization/remodeling, cofactor binding, RNA 

splicing, and DNA damage repair, and have roles as both transcriptional repressors and 

activators.38–43 The most common MECP2 mutations found in individuals with RTT are amino 

acid substitutions R106W, R133C, T158M, R168X, R255X, R270X, R294X, and R306C; other 

common mutations include C-terminal deletions and large deletions.31,34,36 These mutations effect 

regions across the entire MeCP2 protein, including the methyl-CpG-binding domain, the 

transcription repression domain, the three AT hooks, the NCoR/SMRT interaction domain, and 

the C-terminal domain.41 Phenotype has been shown to be more severe as a result of truncating 

mutations compared to missense mutations, and when mutations are located earlier than the 

nuclear localization signal.33,35,44,45 MECP2 mutations in the methyl-CpG binding domain (e.g. 

T158M, T158A, R106W) disrupt DNA binding and simultaneously destabilize MeCP2 protein; 

re-expression of MeCP2 T158M rescues several characteristics of the RTT phenotype.46–49 Some 

MECP2 mutations have also been associated with particular phenotypic presentations (e.g. sleep 

disturbances, as opposed to overall clinical severity)44, but more work is needed to characterize 

specific effects of each known mutation at both neurophysiological and behavioral levels.  

Although MeCP2 is expressed widely throughout the body, its levels are 5 to 10-fold higher 

in neurons compared to other cell types; neuron-only mutations of Mecp2 render mice as impaired 
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as those with the mutation expressed across tissue types, indicating that neuronal dysfunction is 

required for RTT phenotype.50 MeCP2 is expressed from early embryonic stages to adulthood and 

affects the brain throughout the life cycle: its function affects prenatal neurogenesis, development 

of neuronal circuitry, synaptic plasticity, and even maintenance of adult neural function such as 

sensory processing.38,40,51–60 Overall, MeCP2 is involved in more than sixty neural pathways 

including dendritic spine morphology and activity-dependent gene expression.61–64 

 

Circuit dysfunction in RTT: excitatory/inhibitory balance  

In addition to clinical studies, the use of an extensive gene-editing toolkit in mice—which 

possess the conserved Mecp2 gene—has yielded substantial insights into circuit dysfunction in 

Rett syndrome.65 Most animal models of RTT involve either hemizygous males (Mecp2−/y; 

resulting in a total knockout of the Mecp2 gene) or heterozygous females (Mecp2+/−; mosaic due 

to X chromosome inactivation), which have good validation, recapitulating many core aspects of 

the RTT phenotype.66 Hemizygous males exhibit early and robust symptoms, while heterozygous 

females are more aligned with the X-inactivation and mosaicism of most RTT patients but exhibit 

later symptom onset and greater phenotypic variability. In addition to these germline models, 

studies have employed a range of conditional Mecp2 mouse lines that enable spatially or 

temporally restricted manipulation of Mecp2 expression—including cell type–specific or region-

specific deletions and rescue/reactivation strategies using Cre-lox systems.67–69 These models 

enable investigation of the role of Mecp2 in defined neural populations and developmental 

windows. Other lines carry patient-relevant point mutation knock-ins that model specific 

pathogenic variants observed in individuals with RTT.47,70–73 Phenotypically, overall disease 

severity is commonly assessed using a standardized scoring system based on inertia, gait, hind-
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limb clasping, tremor, and irregular breathing, and is often complemented by additional relevat 

behavioral assays (e.g. of motor function, sociability, learning, etc.).74,75  

At the core of neural circuit function is the capacity for synaptic communication, which 

enables the integration and processing of external stimuli. A proper balance between excitatory 

and inhibitory (E/I) signaling is essential for maintaining circuit stability and information flow.76,77 

Disruption of this balance has emerged as a defining feature of RTT, with numerous in vivo and 

in vitro studies identifying E/I abnormalities across multiple cortical and subcortical regions. 

Importantly, the effects of Mecp2 loss on E/I balance vary depending on the type of mutation and 

the specific brain region and cell population. For example, using specific biotin tagging of MeCP2, 

two specific MECP2 mutations were revealed to be differentially regulated in excitatory versus 

inhibitory cortical neurons.49 

Overall, in both Mecp2−/y and Mecp2+/− mice and across multiple cortical areas, circuits 

consistently exhibit a shift toward inhibition.78–80,80,81 This shift likely arises from a convergence 

of alterations, including delayed maturation of excitatory synapses and a decrease in the firing of 

excitatory pyramidal (PYR) neurons,82–84 as well as the overall functional and structural 

upregulation of parvalbumin-positive inhibitory interneurons (PV+INs) and inhibitory circuits 

which normally provide fast-spiking inhibition to PYR neurons.78,85–89 Among neural cell types, 

GABAergic inhibitory interneurons seem to be particularly vulnerable to Mecp2 dysfunction. 

MeCP2 is more abundantly expressed in inhibitory interneurons than in excitatory PYR cells, and 

selective removal from GABAergic neurons is sufficient to reproduce many features of the RTT 

phenotype.90 Mecp2-deficient mice display upregulation and accelerated maturation of PV+ 

circuits (whereas somatostatin-expressing (SOM+) neurons are downregulated) with increased 

perineuronal net engulfment and enhanced synaptic complexity at the soma of PYR neurons,86(p20) 
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premature NMDA receptor maturation in PV+ interneurons compared to slower maturation in 

excitatory PYR cells in visual cortex,89 and excessive excitatory inputs converging onto PV+ cells, 

including thalamocortical inputs.87,88 Furthermore, the density of calretinin+ cells and PV+ cells 

are increased at early post-natal stages (whereas SOM+ cells, for example, are not 

affected).91 Vasoactive intestinal peptide-expressing interneurons (VIP+INs), which synapse onto 

both PYR cells and other interneurons, disinhibiting PYR neurons,92,93 have also recently emerged 

as an especially relevant class of GABAergic neurons in RTT circuit dysfunction: selective 

deletion of Mecp2 from VIP+INs results in altered overall firing rates and a loss of state-dependent 

modulation of cortical activity.94  

Functionally, these changes produce substantial and distinct consequences, and selective 

deletion of Mecp2 from specific GABAergic interneuron subtypes produces different, 

nonoverlapping phenotypes. Loss from PV+ neurons disrupts experience-dependent plasticity78,95 

and leads to a broad spectrum of RTT symptoms including sensory, motor, social, and cognitive 

deficits, whereas loss in SOM+ neurons primarily results in seizures and stereotypies.96 Loss of 

Mecp2 from VIP+INs (but not from PV+ or SOM+ IN populations) results in a reversal of normal 

social preferences and deficits in marble burying (a task implicated in anxiety and OCD-like 

behaviors), but seizure and mortality rates are unaffected.94 Deletion of Mecp2 in glutamatergic 

neurons, on the other hand, leads to a more mild (but distinct) phenotype compared to deletion 

from inhibitory neurons, including tremor and increased anxiety.68 Deletion in forebrain excitatory 

neurons postnatally produces motor and social deficits,97 and in the prefrontal cortex, loss of 

Mecp2 from PYR neurons leads to lower rates of neural transients during social activity, as well 

as overall hypoactivity and lack of social preference.98,99  
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These region- and cell-type-specific effects extend to primary sensory areas. In visual 

cortex, in addition to upregulation of inhibitory PV+ circuitry, an attenuation of both spontaneous 

and visually evoked neural firing was found, as well as a regression in visual acuity.78,86 

Furthermore, experience-dependent plasticity is impacted: in Mecp2−/y mice, the critical period for 

ocular dominance plasticity was earlier than in wildtype, opening and closing precociously and 

disrupting binocular matching of orientation tuning.85 Interestingly, in auditory cortex, conditional 

deletion of MeCP2 is sufficient to produce impairment in maternal gathering behavior usually 

performed in response to pup distress calls.81 Importantly, basic auditory function was preserved, 

and this behavior was correlated with heightened expression of PV+ and perineuronal nets; in 

wildtype  mice, maternal experience suppresses the PV response in auditory cortex, enabling 

response of PYR neurons, but this is abolished in Mecp2+/− mice.100 In the somatosensory cortex, 

brain slice recordings from Mecp2−/y mice reveal reduced spontaneous PYR activity, diminished 

miniature excitatory postsynaptic currents, and a general shift toward enhanced inhibition.83 

Mecp2−/y mice also have increased PNN density in primary somatosensory cortex, with disrupted 

lateralization patterns following maternal experience.101 Behaviorally, Mecp2−/y mice exhibit 

altered tactile and thermal sensitivity.102  

In the hippocampus, MeCP2 deficiency leads to disrupted excitatory synaptic function and 

network hyperexcitability through both cell-autonomous and circuit-level mechanisms. At the 

single-cell level, glutamatergic neurons in the hippocampus lacking MeCP2 have a lower 

excitatory synaptic response (due to lower synaptic density),103 and hippocampal cultures exhibit 

decreased spontaneous excitatory synaptic transmission (mEPSC) frequency, even 

when MeCP2 is deleted post-synaptogenesis.82 In contrast, in Mecp2−/y mice, CA3 PYR neurons 

exhibit increased spontaneous EPSC amplitude and frequency alongside reduced inhibitory 
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synaptic input, pointing to an emerging network hyperactivity.104,105 Thus, while loss 

of MeCP2  weakens excitatory connectivity cell-autonomously, broader circuit-level dysfunction 

of inhibitory circuits in the hippocampus may contribute to overall hyperexcitability. These 

synaptic and circuit disruptions align with impairments in hippocampus-dependent spatial, 

contextual, and social memory in Mecp2 mutant mice.106  

Beyond cortical and hippocampal networks, loss of MeCP2 also affects a variety of other 

neural systems and cell populations differentially. In Mecp2−/y mice, hindbrain circuits exhibit 

elevated expression of the immediate early gene c-Fos (which is associated with synaptic 

hyperexcitability), while it is reduced in forebrain regions.107 Furthermore, region-specific deletion 

of Mecp2 in the brainstem and spinal cord causes autonomic abnormalities affecting heart rate and 

breathing.108 In the thalamus, beginning only after synaptic development during the later 

experience-dependent phase of remodeling retinogeniculate synapses, retinal inputs fail to 

strengthen and synaptic plasticity is disrupted in Mecp2−/y mice.109 Deletion of Mecp2 in various 

neuromodulatory systems also produces dissociable behavioral phenotypes: selective deletion in 

cholinergic neurons impairs recognition memory,110 deletion from dopaminergic and 

noradrenergic neurons results in deficits to locomotor activity, and loss in serotonergic neurons 

results in increased aggressive behavior.111 Strikingly, targeted deletion of Mecp2 exclusively from 

peripheral somatosensory neurons impairs presynaptic inhibition from primary sensory neuron 

afferents in the spinal cord to the central nervous system and results in tactile hypersensitivity.112 

Altered tactile responses arise whether deletion is performed in development or adulthood, but if 

done during development, mice also develop aberrant anxiety-like behaviors as well as impaired 

socialization, highlighting sensory processing as a building block for and contributor to higher-

order phenotypic deficits such as affective and social behaviors.  
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Together, these findings underscore the central role of MeCP2 in regulating 

excitatory/inhibitory balance and shaping synaptic function and circuit wiring across diverse brain 

regions and cell types. Disruption of these mechanisms likely contributes to the emergence and 

progression of atypical sensory processing as well as broader cognitive impairments in RTT 

throughout development. 

 

EEG-based tools  

While animal models have provided critical insights into the cellular and circuit-level 

consequences of MeCP2 dysfunction, probing these mechanisms in humans presents a substantial 

challenge. Electroencephalography (EEG) provides a unique opportunity to study neural activity 

in both animal models and humans using a shared methodology. By capturing large-scale electrical 

activity generated by summed coordinated postsynaptic potentials, EEG can provide a powerful 

measure of circuit-level etiopathology and large-scale neural dynamics.113 Its cross-species 

applicability makes EEG particularly well-suited for identifying translational biomarkers that 

reflect circuit-level abnormalities in disorders like RTT. In this context, EEG can link clinical 

features—such as behavioral phenotypes or potential neural signatures observed in individuals 

with RTT—to the pathophysiological mechanisms identified in preclinical models.114 

Using EEG, one can study neural oscillations—rhythmic fluctuations in excitability of 

large populations of neurons. These rhythms emerge from reciprocal interactions between 

excitatory and inhibitory neurons,77,115 and brain-wide dynamics rely heavily on coordination of  

and by neural oscillations to facilitate communication between distant cortical regions and support 

cognitive processing.113 Neural oscillations are characterized by frequency, amplitude, and phase, 

and can be transformed into frequency bands with standard frequencies ranging from below 1 Hz 
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to over 100 Hz, including delta (<4 Hz), theta (4-7 Hz), alpha (8-12 Hz), beta (13-30 Hz), and 

gamma (>30 Hz).113 EEG rhythms at these different frequencies have been implicated in sensory 

perception, memory, and cognition in both typical development and NDDs.114,116 Given the 

widespread alterations caused by MeCP2 dysfunction across diverse brain regions and functions, 

studying these oscillations provides a powerful way to investigate neural dynamics at the level of 

large-scale brain networks in RTT.13,117 

 

Resting/Spontaneous EEG 

EEG can be analyzed in both spontaneous and time-locked contexts, offering 

complementary perspectives. Resting-state EEG captures ongoing neural activity in the absence 

of discrete events. Clinical EEG at rest in RTT has long revealed visually observed abnormalities 

such as diffuse slowing of activity and epileptiform discharges that generally emerge by age 

three.118–121 Slowing of background EEG tends to persist throughout the disorder, while the 

presence of epileptiform activity does decline with age. More recently, studies have also utilized 

quantitative analyses of resting EEG in RTT; a common analytic approach is spectral power 

analysis, used to examine the power of each individual frequency present in the signal (i.e. its 

contribution to ongoing activity). Studies have revealed evidence of region-specific spectral power 

disturbances in 57 individuals with RTT and 37 TD controls, including increases in delta and theta 

power, reductions in alpha power, and alterations in the 1/f spectral slope.122,123 In Mecp2−/y mice, 

decreases in alpha and gamma power have also been reported (unpublished data). Notably, several 

studies have also used resting EEG-based biomarkers to track treatment efficacy and disease 

progression.120 For example, a trend toward more typical spectral powers was reported in EEG of 

girls with RTT after just five days of cognitive training.124 Additionally, alpha asymmetry (greater 
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alpha power at right vs left frontal electrodes), which is an index of anxiety and depression,125 has 

been used to evaluate the effects of mecasermin treatment in a RTT clinical trial.126 These results 

demonstrate that quantifiable abnormalities in EEG can be sensitive to treatment and position them 

as valuable biomarkers.  

 

Evoked potentials  

Event-related or evoked potentials (ERPs) provide a noninvasive means of probing neural 

responses to sensory stimuli. By time-locking the brain’s response to a discrete external stimulus 

(e.g., an auditory tone or visual stimulus), ERPs capture the millisecond-by-millisecond time 

course of information transmission through the brain, resulting in a series of voltage deflections in 

the ongoing EEG. ERPs can be reliably elicited in response to passively presented sensory stimuli 

even in the absence of active engagement or overt behavior, making ERPs particularly well-suited 

for studying individuals with RTT who often experience severe impairments in motor function and 

communication. Moreover, ERP features are increasingly recognized as clinically meaningful: in 

typically developing (TD) children, ERP abnormalities correlate with lower cognitive performance 

as measured by the Mullen Scales of Early Learning,  and in individuals with RTT, ERP 

abnormalities have been shown to correlate with disease severity.128 

ERPs consist of amplitude changes over time, and they are most often characterized by 

polarity: positive ‘P’ or negative ‘N’ peaks. The latency of these peaks can be thought of as the 

timing of a cognitive process that is modulated by the stimulus, and the amplitude of the peaks 

refers to the degree of activation or strength of that process. Often, ERPs are measured at electrode 

locations on the scalp (for example, VEP is usually measured from electrodes above primary visual 

cortex, sometimes called ‘Oz’), and are traditionally resolved by averaging many single trials. ERP 
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abnormalities have been well-documented across multiple neurodevelopmental disorders with 

atypical sensory processing and some overlapping features with RTT, including ASD,129(p201),130,131 

Down Syndrome,132 Prader-Willi syndrome,133 Fragile X syndrome,134,135 Angelman Syndrome,136 

Phelan McDermid syndrome,137 CDKL5 deficiency disorder138 and others, highlighting that 

despite differing genetic etiologies, ERPs can serve as a common endophenotype across disorders.  

 

Auditory-evoked potentials in RTT  

Of all sensory modalities, auditory processing has been studied most comprehensively in 

RTT. Although verbal communication is severely impaired, the degree of auditory processing 

retained in RTT has required further examination. Many initial studies focused the auditory 

brainstem response (ABR), and most report normal ABR in RTT patients139–141 as well as mouse 

models.47(p201) Auditory information travels up the nervous system from the ear to the brainstem to 

the thalamus and finally to the auditory cortex, which can be measured as the auditory evoked 

potential (AEP). AEP has long been shown to be atypical in RTT, from early studies141–143 to more 

recent ones.17,128,144–146 A total absence of N1 and P2 components has been reported in some 

individuals with RTT,142 as well as significantly delayed latencies of both components.141 

Similarly, both latency and amplitude of N1-P2 complex were found to be significantly altered in 

RTT participants compared to TD controls.17,146 Recently, a standardized presentation of tones was 

used to elicit AEP, with RTT participants exhibiting significantly lower P1-N1 and N1-P2 

amplitudes compared to TD, and lower amplitudes correlated with higher disease severity (but 

latency was not significantly different between groups).128  

AEP has also been measured in Mecp2 models. Mice carrying a substrate of the Mecp2 

mutation T158A exhibit both delayed and diminished AEPs in response to white noise after 
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starting to display symptoms.47 Importantly, no differences in hearing sensitivity were measured 

by ABR, indicating that the ERP abnormalities are a result of disruptions to cortical processing. 

Interestingly, forebrain GABAergic neurons were sufficient to produce these altered AEP 

waveforms,67 and the AEP response was rescued by increasing T158M MeCP2 protein levels,48 

which is exciting for both future treatments and the validation that this gives to ERPs as useful 

functional biomarkers in RTT. 

Some studies have also presented variable auditory stimuli while recording AEP to 

evaluate higher-order auditory processing.141,143,146 These studies utilize an oddball paradigm, 

where an infrequent tone is presented amongst a string of more frequent tones, and then a mismatch 

response is calculated; in TD individuals, the deviant auditory stimulus elicits a response with 

enhanced amplitude. These enhanced responses, although clearly retained in RTT participants, are 

significantly delayed and protracted in duration.146 Furthermore, a mismatch response in girls with 

RTT is elicited by a change in stimulus duration, but only if stimuli are presented at a fast rate—

if stimuli are presented at a slower rate, the enhanced response to changed duration disappears. In 

other words, although individuals with RTT can detect deviations in auditory duration, the 

‘memory span’ for duration is severely curtailed.17 Interestingly, using a slightly differing 

paradigm, auditory responses in anesthetized Mecp2+/− rats were found to be hyperexcitable given 

sounds presented with a long inter-stimulus interval but hypoexcitable given a short interstimulus 

interval, and hyperexcitable given sounds presented at high intensities but hypoexcitable given 

low intensities.147  

A recent study examined the difference in auditory responses of children with RTT and 

MECP2 duplication syndrome to their own name vs a random name. While children with MECP2 

duplication syndrome exhibit more positive evoked potentials for their own name compared to 
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other names, no such discrimination is observed in participants with RTT; elevated AEP amplitude 

in patients with MECP2 duplication syndrome is also associated with higher social functioning.148 

Girls with RTT have also been reported to show AEPs differentiating between words and non-

words at right temporal sites instead of the more canonical left sites.149  

 

Visual evoked potentials in RTT  

Visual evoked potentials (VEPs) are usually elicited using a reversing pattern (often a 

checkerboard at low spatial frequency and high contrast) and also exhibit substantial abnormalities 

in RTT. This robust response matures within the first 6 months of age150 whereas the morphology 

of the AEP changes in adults compared to children.151 In one of the earliest studies examining VEP 

in RTT, 10 RTT girls were shown this stimulus—although they reported altered waveforms, the 

data did not reach statistical significance.152 Later, an oddball task was utilized to investigate how 

individuals with RTT process novel visual stimuli; TD controls exhibited larger VEP responses to 

novel stimuli compared to frequent stimuli, while no clear discrimination between the groups could 

be made in the responses of RTT participants.143 More recently, altered VEP waveforms were 

shown in Mecp2+/− mice, as well as consistent differences in multiple components of the VEP from 

34 girls with RTT.153 Individuals with RTT were shown to have substantially decreased N1-P1 

amplitude, an increase in N2 latency, and a strong increase in P1-N2 time. These findings are 

impacted by disease stage and mutation severity. In addition to examining the standard VEP, 

varying spatial frequencies were also presented (albeit in a smaller group) to evaluate visual acuity: 

RTT participants present with reduced sensitivity, with a dominant spatial frequency significantly 

lower than TD individuals. These results have been further validated, with significantly lower N1-
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P1 and P1-N2 amplitudes in 41 RTT participants compared to TD participants; the degree of 

amplitude change correlated with disease severity.128  

 

Somatosensory evoked potentials in RTT 

Much less is known about somatosensory processing in humans with RTT. Early research 

shows delayed latencies in N13 and N20 components of somatosensory evoked potentials (SSEPs), 

as well as prolonged interpeak intervals in the N13-N20 and N20-P30 complexes, but no amplitude 

changes.154–156 Interestingly, other early studies have focused on “giant” cortical SSEPs in N20-

P30 or P30-N35 complexes155,157,158; giant SSEPs are found in many individuals with myoclonus, 

which is also a symptom of RTT. Similarly, SSEPs of 9 girls with RTT and 6 children with 

myoclonus epilepsy revealed giant SSEPs in most individuals of both groups.157 Studies in this 

area have been limited by technique, power, lack of TD controls, and high clinical variability, and 

further work is needed to elucidate if tactile sensation is affected similarly to vision and audition, 

or whether it perhaps trends in a different direction.  

 

Looking forward 

The Autism Biomarkers Consortium has defined biomarkers as a measurable characteristic 

of a biological process or response; they differ from other clinical assessments in that they focus 

on objectively quantifiable measures and can also expose mechanism.131,159 EEG-based 

biomarkers are entering clinical trials more frequently and are considered increasingly important 

for future diagnostics, evaluating of disease progression, and quantifying response to therapeutic 

interventions.160 Ideally, objective biological markers of central nervous system function would 

replace clinical assessments as the efficacy readout due to greater sensitivity and less bias, and 



 
 

17 

there is therefore a pressing need for biomarkers of neurodevelopmental disorders. Studying Rett 

syndrome, a rare monogenic disorder with relatively little heterogeneity, allows for the in-depth, 

controlled, and generalizable study of principles that can apply to other disorders.  

Outside of traditional ERP analyses, spectral power, and symmetry studies, there are a 

range of other quantitative analyses available using EEG that may be best suited to answer 

functional, circuit-level questions. This dissertation will utilize three such techniques—inter-trial 

phase coherence, transient beta events, and phase-amplitude coupling—to probe underlying neural 

mechanisms and circuit alterations that could give rise to atypical sensory and cognitive processing 

in this disorder. 
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Chapter 2. Variability in sensory processing and evoked potentials in Rett 

syndrome
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Abstract  

 

Rett syndrome (RTT) is a rare neurodevelopmental disorder caused primarily by 

pathogenic variants in the MECP2 gene and characterized by severe cognitive, motor, and 

autonomic impairments. Atypical sensory processing is increasingly recognized as a key feature 

of RTT, with both hypo- and hyper-responsivity to sensory stimuli reported. These seemingly 

opposing sensory processing phenotypes frequently co-occur in related neurodevelopmental 

disorders including autism spectrum disorder and can significantly affect quality of life. However, 

objective and quantifiable biomarkers that capture variability in sensory processing remain limited. 

Event-related potentials (ERPs), which capture time-locked neural responses to sensory stimuli, 

have previously revealed delayed or attenuated auditory and visual responses in RTT, though the 

cause of these impairments is not fully understood. Inter-trial phase coherence (ITPC), which 

quantifies trial-by-trial variability within individuals’ neural responses to sensory stimuli, offers 

important analysis of ERPs and has emerged as a promising functional biomarker of atypical 

sensory responsivity in neurodevelopmental disorders where response consistency cannot be 

assumed. In this study, we investigated neural response variability as a possible contributor to 

dampened ERPs and atypical sensory responsivity in 32 individuals with RTT and 28 typically 

developing (TD) controls. We found that hypo- and hyper-responsivity to sensory stimuli were 

both significantly elevated in individuals with RTT and strongly associated with one another. ITPC 
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was significantly lower in RTT across both visual and auditory modalities, correlating with 

reduced ERP amplitudes. Reduced ITPC in visual-evoked potentials were also associated with 

elevated visual responsivity and behavioral symptom severity. These findings suggest that 

variability in neural responses may contribute to both diminished ERPs and ultimately atypical 

sensory responsivity phenotype in RTT, informing the development of functional biomarkers 

which may be applicable across neurodevelopmental disorders. 
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Introduction 

 

Rett syndrome (RTT) is a rare neurodevelopmental disorder affecting about 1 in 10,000 

individuals predominantly caused by de novo pathogenic variants in the X-linked MECP2 gene.22 

These mutations are also associated with an increased likelihood of autism spectrum disorder 

(ASD); RTT is often used as a model for ASD because many symptoms overlap, although ASD 

can be hard to diagnose in Rett given cognitive and motor challenges.30 Primarily affecting 

females, individuals with RTT initially experience a typical period of development followed by 

rapid and regressive loss of purposeful hand use and verbal language. Cognitive, motor, and 

autonomic dysfunctions including epilepsy, irregular or absent gait, and breathing irregularities 

are additional common symptoms.13,161 More recently, differences in sensory processing—a key 

feature of many neurodevelopmental disorders (NDDs), especially autism spectrum disorder 

(ASD)1–3—have also been identified as a core feature of RTT.17,18  

These atypical sensory processing can include hypo-responsivity (seeking out or not 

responding to sensory stimuli) and hyper-responsivity (avoiding or overly responding to sensory 

stimuli). Both hypo- and hyper-responsivity to sensory stimuli have been shown1,2,5,6 and 

frequently co-occur6,162,163 within individuals with ASD, suggesting that atypical sensory 

responsivity may therefore reflect underlying variability in sensory processing rather than distinct 

or opposing sensory profiles. These atypical responses to sensory stimuli can have cascading 

developmental consequences, impacting social interactions, cognitive functioning, and overall 

quality of life.8–10 In RTT, similar differences in sensory responsivity has been reported, suggesting 

increased sensory hyper-responsivity, hypo-responsivity, and seeking behaviors.21 However, 

additional work is needed to examine the relationship between these various aspects of sensory 
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processing, understand how intra-individual variability in sensory responses may contribute to 

atypical sensory processing, and develop biomarkers that reflect this variability.  

Electroencephalography (EEG), and particularly event-related potentials (ERPs)—offer 

powerful tools to investigate the neurophysiological underpinnings of sensory processing deficits 

in RTT.128,143,153,164 By time-locking the brain’s response to an external stimulus (such as the 

punctate presentation of a visual or auditory stimulus), ERPs capture the msec-by-msec time 

course of information transmission through the brain, resulting in a series of voltage deflections in 

the ongoing EEG. ERPs are measured on scalp electrodes and consist of amplitude changes over 

time that are characterized by polarity: positive ‘P’ or negative ‘N’ peaks. ERPs can be reliably 

elicited in response to passively presented stimuli requiring no patient-report or behavioral 

response, making them very suitable for studying individuals with RTT and other 

neurodevelopmental disorders. Furthermore, there is growing evidence that ERP abnormalities 

correlate with lower scores on the Mullen Scales of Early Learning in TD individuals127 and overall 

clinical severity in RTT.128,153 ERP abnormalities have been well-documented across multiple 

neurodevelopmental disorders with strong features of sensory processing deficits and some 

overlapping features with RTT, including ASD,129(p201),130,131 Down Syndrome,132 Prader-Willi 

syndrome,133 Fragile X syndrome,134,135 Angelman Syndrome,136 Phelan McDermid syndrome,137 

CDKL5 deficiency disorder138 and others.  

Auditory evoked potentials (AEPs) have consistently revealed abnormalities in 

RTT,17,128,141–146 most prominently characterized by the altered amplitude of components such as 

P1-N1 and N1-P2 which associate with clinical severity.17,128,146 Knockin mice recapitulating a 

specific Mecp2 mutation exhibit delayed and reduced AEPs without any alterations in auditory 

brainstem response, indicating that the ERP abnormalities are a result of disruptions to cortical 
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processing.47 Studies of higher-order auditory processing, assessed through paradigms such as 

oddball tasks (where detection of infrequent tones elicits a mismatch response with enhanced 

amplitude), also reveal delayed and prolonged responses in RTT.141,143,146 Additionally, 

individuals with RTT show impaired auditory discrimination abilities, particularly in response to 

stimulus duration changes when presented slowly, suggesting disrupted auditory memory 

span.17,148 Visual evoked potentials (VEPs), typically elicited by reversing patterns—often a 

checkerboard or grid at low spatial frequency and high contrast—also exhibit substantial 

abnormalities in RTT. This robust response matures quickly within the first 6 months of age150, 

whereas the morphology of the AEP changes in adults compared to children.151 Altered VEP 

waveforms have been shown in Mecp2 heterozygote female mice, and in individuals with RTT, 

significant differences in P1 amplitude and N2 latency have been observed, correlating with 

disease severity and progression.128,153 Despite extensive evidence of impaired evoked potentials 

in RTT in both the visual and auditory domains, the cause of these disrupted neural responses still 

requires elucidation.  

ERPs are traditionally resolved by averaging many single trials, where interpretations often 

assume that within individuals, the response to repeated presentations of an identical stimulus will 

remain identical (with a fixed latency and polarity). Therefore, averaging the signal across trials 

would enhance the clarity of the neural response by reducing background noise (even oscillatory 

EEG processes) that are considered irrelevant to stimulus processing.165,166 While this may largely 

hold true in neurotypical populations, it might not accurately reflect the underlying neural 

dynamics in neurodevelopmental disorders with variable sensory responsivity like ASD or Rett 

syndrome.114 In such populations, averaging in this way could inadvertently reduce neural signals 

if they are temporally unaligned. In other words, although important insights can be gleaned from 
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amplitude and latency measures averaged across trials solely in the time-domain, critical 

information contained within intra-individual trial-by-trial variability may be lost. It has indeed 

been shown that in typically developing (TD) individuals, ERP components emerge largely from 

consistent phase alignment of neural oscillations across trials, especially within lower frequency 

bands such as alpha.167–170  

Time-frequency analyses, and in particular inter-trial phase coherence (ITPC), can quantify 

this evoked oscillatory phase-locking across trials, measuring the variability or consistency of the 

neural response on from totally random phase distribution to perfect phase synchronization. Higher 

ITPC reflects stable neural responses with closely aligned phases, whereas lower ITPC indicates 

greater variability. Studies have demonstrated reduced task-related ITPC in ASD,171–175 and in 

RTT, recent data examining variability and signal processing techniques showed high levels of 

variability across multiple metrics including ITPC in auditory-evoked potentials.144 However, 

ITPC in visual-evoked potentials has not yet been studied in RTT, and it remains unclear whether 

this variability is related to any phenotypic measures of sensory processing.  

Here, we characterized sensory responsivity phenotype in individuals with Rett syndrome, 

and measured variability in neural responses to auditory and visual sensory stimuli by quantifying 

ITPC in evoked potentials and comparing RTT to typical development (TD). We aimed to test 

three main hypotheses: (1) that individuals with RTT would have co-occurring hypo- and hyper-

responsivity to sensory stimuli (2) that individuals with RTT would exhibit lower ITPC compared 

to TD in both AEP and VEP (2) that this neural response variability would be associated with 

reduced ERP amplitude as well as sensory responsivity.  

 

Materials and Methods 
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Participants 

Data were acquired at BCH as part of the IDDRC Rett Syndrome Biomarkers Study 

(RSBS). The experimental protocol was approved and overseen by the Institutional Review Board 

at Boston Children’s Hospital.  

Participants were individuals with Rett Syndrome (RTT; n=36), aged 1-45 years old, and 

typical development (TD; n=28), aged 2-23 years old. While many prior studies in RTT have 

focused on a narrower age range, we chose this wider range to capture the full spectrum of the 

disorder and examined the effects of age on our analyses as described below. Participants were 

recruited through hospital-based Rett clinics, a research registry, clinical referrals, community 

sources, and word of mouth. Informed consent was obtained from all guardians or participants 

above 18 years old, and assent from all participants developmentally able.  

In the RTT group, inclusion criteria included being 12 months to 50 years old at time of 

enrollment and a diagnosis of RTT with a previously identified pathogenic or likely pathogenic 

variant in the MECP2 gene. TD participants were recruited to be approximately age and sex-

matched to the RTT participants and were included if they had no underlying genetic diagnoses or 

prior medical conditions associated with increased likelihood of ASD or intellectual disability. In 

both groups, the primary language of participants and caregivers was English. Exclusion criteria 

for the RTT group included taking an investigational drug as part of another research study within 

30 days prior to study enrollment.  

Demographic and other characteristics are reported in Table 2.1. 
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Phenotypic and clinical measures: sensory processing   

Parents or caregivers completed detailed medical history questionnaires and phenotypic 

assessments during the visit (or at home to be sent back within 6 months of the visit date). Sensory 

processing phenotype was assessed for both groups using the Child Sensory Profile 2 (SP2), a 

standardized parent-report questionnaire that measures sensory processing patterns in everyday 

life.1,176 We used the Child SP2 for all participants in the study regardless of age; the Child SP2 

has only been validated for individuals in the developmental age up to 14 years old, but given the 

developmental level of our RTT participants, we used it outside of the normative range. Parents 

were asked to rate their child’s response to a sensory experience on a scale ranging from ‘Almost 

Never’ (1) to ‘Almost Always’ (5). An overall hyper-responsivity score was calculated by 

summing the raw score of all questions in the Avoiding and Sensitivity quadrants, and an overall 

hypo-responsivity score was calculated by summing the raw score of all questions in the 

Registration and Seeking quadrants.6 Visual responsivity and auditory responsivity scores were 

then analyzed. In all cases, higher scores indicate more sensory difficulties. We use the term 

“responsivity” for these phenotypic measures throughout, as in He, et al., 2023.177 Note that the 

SP2 was introduced later in the study, and not all participants with ERP recordings also have SP2 

data; we report on SP2 results from 29 individuals with RTT and 25 typically developing 

individuals, and out of these, we recorded VEP from 24 RTT and 25 TD participants, and AEP 

from 24 RTT and 23 TD participants.  

 

Phenotypic and clinical measures: clinical severity and mutations  

Clinical severity in RTT was assessed using two measures completed by clinicians: the 

Clinical Severity Scale (CSS)36 and Clinical Global Impressions of Severity (CGI-S).178,179 
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Clinical scores were typically obtained on the same day as the ERPs, and in the case the visits did 

not occur on the same day, the scores from the closest clinical visit were used. Clinicians also 

categorized Rett diagnoses as either atypical vs typical and logged seizure frequency (none, daily, 

weekly, or monthly).  

Behavioral symptom severity was also assessed using the Rett Syndrome Behavior 

Questionnaire (RSBQ), a questionnaire completed by caregivers developed to capture the broad 

neurobehavioral phenotype of RTT, including general mood, breathing problems, hand behaviors, 

repetitive face movements, body rocking and expressionless face, nighttime behaviors, 

fear/anxiety, and walking/standing.180–182 Higher total RSBQ scores reflect greater caregiver-

reported severity and frequency behavioral abnormalities, whereas lower scores indicate milder 

symptom burden. We quantified the total scale score (max 90), which provides a quantifiable index 

of neurologic and behavioral symptomatology and has been increasingly used to monitor clinical 

progression or treatment response.126,183–186 

Mutations were categorized as severe, intermediate, or mild based on genotype/phenotype 

correlations established in previous literature.32,33,35–37 Four participants had mutations classified 

as mild severity, including p.Arg133Cys (n=1), p.Arg294X (n=2), and p.Arg306Cys (n=1). 

Eighteen participants had mutations classified as severe severity, including p.Arg168X (n=1), 

p.Arg267X (n=1), p.Arg255X (n=7), p.Arg270X (n=3), p.Arg106Trp (n=1) early frameshift 

truncations (e.g., p.Thr99Asnfs4, p.Gly16Glufs22; n=2), large deletions (Xq28 deletions; n=2), 

and p.Glu258Glyfs58 (n=1). Ten participants had mutations classified as intermediate severity, 

including middle-range truncations (p.Leu386fs, p.Pro388Hisfs5; n=3), p.Thr158Met (n=3), 

p.Phe157Leu (n=1), p.Pro152Ala (n=1), p.Lys305Asn (n=1), and p.Pro302Leu (n=1). Clinical 

scores and mutation severity are reported in Table 2.1.  
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EEG data collection 

Participants were seated 65 cm from a monitor in a dimly lit, sound-attenuated, electrically 

shielded room. Participants either sat independently in a chair or stroller, or in a caregiver’s lap (in 

which case the caregiver was instructed to avoid interacting or speaking with their child). A 

behavioral assistant sat in the room with the participant to keep them as calm as possible and 

redirect their attention to the monitor if necessary. Continuous EEG data were recorded via a Net 

Amps 400 amplifier using the 128-channel Hydrocel Geodesic Net (Magstim Electrical Geodesic, 

Inc., Eugene, OR). Data were sampled at 1,000 Hz with reference to the electrode “Cz”. Stimuli 

were presented using Presentation software, with the following parameters: 

VEP: 400 trials of a reversing black and white checkerboard, where the check size was .5 

cycles per degree and each trial lasted 500ms for a reversal rate of 2 Hz.128,153 Progression of 

stimulus delivery was contingent on the participant attending to the stimulus; monocular eye gaze 

was measured using an EyeLink 1000 Plus and if the participant looked away the monitor paused 

until gaze was redirected. 

AEP: 250 trials of 500 Hz sinusoidal tones 300ms duration played at 60dB.128 The 

interstimulus interval was jittered between 1 and 3 seconds. The movie WALL-E was played on a 

tablet in front of the monitor in black and white and without any sound or time-locked stimuli to 

keep participants calm and focused (in 3 cases, a video of choice was played in black and white 

and without sound instead to soothe the participant). This is standard procedure for obtaining high-

quality EEG and ERP in individuals with neurodevelopmental disorders.134,187  

 

EEG data pre-processing 
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EEG data preprocessing was conducted using the Batch EEG Automated Processing 

Platform.188 Within BEAPP, data were artifact detected and corrected using the Harvard Automated 

Processing Pipeline for Electroencephalography (HAPPE) 3.0, a MATLAB-based EEG processing 

pipeline optimized for data collected from young children and/or study participants  with 

neurodevelopmental disorders.189 Data were first bandpass filtered using a high pass (1 Hz) and 

low pass (30 Hz) filter and resampled to 250 Hz.  HAPPE applied line noise removal at 60 Hz via 

CleanLine's multi-taper method and then automatically detected and rejected bad channels, 

movement, muscle, and eye blink artifact with wavelet-enhanced independent component analysis 

(ICA) and ICA with Multiple Artifact Rejection Algorithm (MARA).190,191 Following artifact 

removal, bad channels were interpolated using spherical interpolation and data were re-referenced 

to an average reference. Data were then segmented into epochs from 400ms before and 500ms 

after the onset of each stimulus. Segments were rejected based on HAPPE's recommended 

amplitude cut off (40μV) and joint-probability rejection criteria, and then 185 (VEP) or 200 (AEP) 

randomly selected segments were chosen for each participant for subsequent analysis.  

 

EEG rejection criteria  

Participants were excluded if they had too few EEG segments of usable data or fell outside 

of 3 standard deviations from the mean on the following HAPPE quality control parameters: 

percent good channels, mean retained artifact probability, median retained artifact probability, 

percent of independent components rejected as artifact, and percent of EEG signal variance 

retained after artifact removal. Based on the above criteria, out of 59 participants with VEPs, 1 

was rejected, and out of 53 participants with AEPs, none were rejected (Table 2.1). Note that the 
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reason there are fewer AEPs recorded is because the AEP paradigm was introduced later in the 

study.  

 

Event-related potentials  

For each participant independently, average amplitudes for all trials were calculated by 

setting a time window for each component and measuring the highest (for “P” components) or 

lowest (for “N” components) voltage deflection during that window. 

VEP: All analyses were performed on data from one electrode over the occipital scalp 

(“Oz”) except for color maps in Fig. 2.2B-C, which display voltage deflections in all 128 electrodes 

across the scalp at each component timepoint. The window for the N1 was defined as 50-75ms, 

and the window for the P1 was defined as 75-125ms.  

AEP: All analyses were performed on data from one electrode over the frontal-central scalp 

(“Fz”) except for color maps in Fig. 2.2G-H, which display voltage deflections in all 128 electrodes 

across the scalp at each component timepoint. The window for the P1 was defined as 75-125ms, 

and the window for the N1 was defined as 125-175ms.  

 

Inter-trial phase coherence (ITPC)  

For each participant, Morlet wavelet convolution was utilized to transform EEG data into 

the time-frequency domain. ITPC was then calculated as the circular coherence (mean resultant 

vector length) across phase values extracted at each time-frequency point, where the length of the 

average vector indicates the degree of coherence and its direction indicate the dominant phase.192 

The formula is given as:  
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where θn(t,f) represents the phase angle at a given trial n, time t, and frequency f. ITPC values 

range from zero (totally random phase distribution) to one (perfect phase synchronization).  

To visualize the difference between groups, ITPC was averaged across participants and 

displayed using a color map for each ERP, with the analyzed frequency range spanning from 8-30. 

For statistical analysis using individual values, ITPC was averaged across a given time window 

(e.g. P1) across frequencies to obtain one value (this method is based on prior work).135,144  

 

Statistical analyses  

A series of independent samples t-tests compared phenotypic measures and ERP 

characteristics (amplitude or ITPC in various components) between groups. In cases where sample 

size or variance varied widely (e.g. mutation severity or seizure frequency) Welch’s correction 

was applied to all pairwise comparisons. For within-group analyses, paired t-tests were used. To 

evaluate associations between variables, linear regression analyses were computed, and False 

Discovery Rate (FDR) was used to correct for multiple comparisons and applied to p-values. 

Spearman correlation was computed separately for RTT and TD groups. All statistical analyses 

were performed in MATLAB. 

 

Results 

 

Atypical responsivity to sensory stimuli in RTT  
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We first sought to evaluate sensory processing phenotype in Rett syndrome using the SP2, 

a parent-reported questionnaire that measures sensory processing patterns in everyday life. We 

computed an overall hypo- and hyper-responsivity scores to sensory stimuli for each participant, 

summing Registration and Seeking quadrants and Avoiding and Sensitivity quadrants, 

respectively.6 TD participants in our study typically fell within the expected standardized range of 

40-60 in both hypo- and hyper-responsivity1 (Fig. 2.1A-B). The RTT group exhibited much higher 

scores compared to TD—indicating more sensory challenges—in both hypo-responsivity (scores 

ranging from 43-168) and hyper-responsivity (scores ranging from 44-115) (P < .001 in both cases) 

(Fig. 2.1A-B).  

We next asked whether it was possible that the same participants had sensory challenges in 

both domains (i.e. whether the same participants were reported to be both hyper- and hypo-

responsive to sensory stimuli, as opposed to two subgroups within the RTT group where some 

participants were hypo-responsive and some hyper-responsive). Strikingly, these measures were 

highly positively correlated with each other in both RTT (r=.52; P<.01) and TD (r=.74; P<.001) 

(Fig. 2.1C).  

We then focused on two sensory modalities that have been studied in RTT and could be 

reliably measured using ERP techniques128,153: audition and vision. Similarly to above, the RTT 

group had significantly higher scores in both visual (Fig. 2.1D) and auditory (Fig. 2.1E) 

responsivity (P<.001 in both cases). Importantly, these scores reflected sensory modality-specific 

questions coded for both hypo- and hypersensitivity.  

 These results highlight a compelling “Sensory Paradox,” in Rett syndrome, where a single 

individual can exhibit both hypo- and hyper-responsivity to sensory stimuli. We therefore set out 
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to test whether neural response variability, as measured by ITPC, could help explain the Sensory 

Paradox.    

 

 

Figure 2.1 Atypical responsivity to sensory stimuli in RTT. Circles represent individual 
participant scores on the Sensory Profile 2. TD participants (n=25) are shaded in blue and RTT 
participants (n=29) are shaded in red. Statistical significance is indicated as follows: *** indicates 
P<0.001, ** indicates P<0.01, and * indicates P<0.05. (A, B) Violin plots of overall hypo- and 
hyper-responsivity scores for each group. Violin widths represent kernel density estimates; dashed 
horizontal lines indicate group means. (C) Association between overall hypo- and hyper-
responsivity for each group. Shaded areas indicate 95% confidence intervals around linear 
regression lines. (D, E) Violin plots of sensory modality–specific responsivity scores for each 
group (visual in C, auditory in D). Violin widths represent kernel density estimates; dashed 
horizontal lines indicate group means. 
 

ERP amplitudes are dampened in RTT  

We first replicated previous data showing atypical ERPs in Rett syndrome compared to TD 

in both visual- and auditory-evoked potentials. We plotted the grand average VEP waveform (Fig. 

2.2A) in the standard time domain as a function of voltage. Color maps demonstrating voltage in 

all electrodes across the scalp are displayed to demonstrate the chosen region-of-interest at the two 
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components chosen for analysis: N1 (Fig. 2.2B) and P1 (Fig. 2.2C). We extracted the mean 

amplitude at each component for every participant and found that as expected, individuals with 

RTT had significantly reduced VEP amplitude compared to TD in both the N1 (P<.05, Fig. 2.2D) 

and P1 (P<.01, Fig. 2.2E). The grand average AEP waveform was similarly plotted (Fig. 2.2F), 

with scalp topographies at component timepoints: P1 (Fig. 2.2G) and N1 (Fig. 2.2H). Although a 

clear difference between groups is visible, group differences in extracted P1 (Fig. 2.2I) and N1 

(Fig. 2.2J) amplitude alone did not reach statistical significance. 

 

 

Figure 2.2. Diminished ERP amplitudes in RTT. ERPs in response to visual and auditory stimuli 
are shown for RTT (red) and TD (blue) participants. For VEP panels (A–C), RTT n=31 and TD 
n=28; for AEP panels (D–F), RTT n=27 and TD n=26. Statistical significance is indicated as 
follows: *** indicates P<0.001, ** indicates P<0.01, and * indicates P<0.05. (A) Grand average 
VEP waveforms, analyzed at occipital electrode Oz. N1 and P1 components are indicated. Shaded 
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areas represent the 25th to 75th percentile range across participants. Vertical dashed lines indicate 
stimulus onset (0ms) and 100ms post-stimulus. (B, C) Topographic color maps display voltage in 
all 128 electrodes at each component. (D, E) Violin plots of corresponding VEP N1 and P1 
amplitudes at Oz, where circles represent individual participants. Violin widths represent kernel 
density estimates; dashed horizontal lines indicate group means. (F) Grand average AEP 
waveforms, analyzed at frontal-central electrode Fz. P1 and N1 components are indicated. Shaded 
areas represent the 25th to 75th percentile range across participants. Vertical dashed lines indicate 
stimulus onset (0ms) and 100ms post-stimulus. (G, H) Topographic color maps display voltage in 
all 128 electrodes at each component. (I, J) Violin plots of corresponding AEP P1 (E) and N1 (F) 
amplitudes at Fz, where circles represent individual participants. Violin widths represent kernel 
density estimates; dashed horizontal lines indicate group means. 

 

It has been well-documented that the morphology of the AEP changes with development 

in both TD151,193 and RTT,128,144 and when separated by age (above or below 10 years old), 

significant differences emerged in the AEP P1 and N1 amplitude for the >10 year old subset (Fig. 

S2.1A-D). To further clarify the impact of age on ERP amplitude in our dataset, we performed 

linear regression analyses: VEP P1 (but not N1) amplitude was significantly associated with age, 

declining as age increased in both groups (RTT: r = -.42, P<.05, TD: r=-.41, P<.05) (Fig. S2.2A-

B), as was AEP P1 amplitude in the RTT group (RTT: r=-.46, P<.05) (Fig. S2.2C). In the TD group, 

AEP N1 amplitude increased with age (TD: r=-.58, P<.01) (Fig. S2.2D). These results are 

consistent with previous work.128,145,153 We chose to analyze all ages together to preserve statistical 

power for further analyses and avoid diluting group-level effects (as in Brima et al, 2024). Where 

relevant, we included age as a covariate to account for its influence. 

 

Inter-trial phase coherence is lower in RTT and correlates with ERP amplitude 

To test whether increased neural response variability could contribute to the atypical 

sensory processing and diminished ERP amplitudes in individuals with RTT, we next analyzed 

ITPC in both visual and auditory-evoked potentials. ITPC measures the phase coherence across 
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single trials for each participant; low ITPC indicates high variability in the phase-locked response, 

and high ITPC indicates low variability, or a more stable response.  
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Figure 2.3. Reduced ITPC in RTT: visual-evoked potentials. ERPs were analyzed at occipital 
electrode Oz. RTT participants are shown in red (n=31), TD participants in blue (n=28). Statistical 
significance is indicated as follows: *** indicates P<0.001, ** indicates P<0.01, and * indicates 
P<0.05. (A) Grand average VEP waveforms for each group, where the gray shaded box indicates 
the N1 time window; blue and red shaded areas represent the 25th to 75th percentile range across 
participants. (B) Top: time–frequency plot shows group-averaged ITPC values for TD. Bottom: 
time–frequency plot shows group-averaged ITPC values for RTT. (C) Violin plot comparing 
corresponding ITPC in the VEP N1 between groups, where circles represent individual 
participants. ITPC for each participant was averaged across the shaded N1 time window and 8–30 
Hz frequencies. Violin widths reflect kernel density estimates; horizontal dashed lines indicate 
group means.  (D) Association between VEP N1 ITPC and VEP N1 amplitude for each group. 
Shaded areas indicate 95% confidence intervals around linear regression lines; age was included 
as a covariate and regressed out. (E-H) All figures and analyses are repeated for the P1 
component of the VEP.   

 

For both the VEP and AEP, we first plotted ITPC dynamics in a time-frequency figure 

across the entire ERP and from 8-30 Hz, averaging across groups. In TD participants, ITPC was 

low until after stimulus onset (at timepoint 0) and then increased, peaked, and went down as the 

effects of the stimulus faded. Visually, it is immediately apparent that although present, ITPC was 

much lower in RTT compared to TD across many frequencies in both sensory modalities. We then 

quantified ITPC for each individual and compared RTT to TD, focusing on the same two ERP 

components as above and averaging across frequencies (as in Brima et al, 2024). For each 

component, we also asked whether ITPC in that time window (as shown in Fig. 2.3 and 2.4, left) 

was associated with the observed amplitude (as shown in Fig. 2.2). Note that to account for effects 

of age on ERPs as described above, age was included as a covariate and regressed out in the linear 

regression analyses. 

The N1 component of the VEP is indicated in the VEP waveform in Fig. 2.3A, with 

corresponding ITPC shown for each group in Fig. 2.3B. RTT participants had significantly lower 

ITPC in the VEP N1 compared to TD (P<.001) (Fig. 2.3C), and ITPC was strongly correlated with 
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VEP N1 amplitude in the RTT group (r=-.50, P<.01) and TD group (r=-.82, P<.001) (Fig. 2.3D). 

Similarly, The P1 component of the VEP is indicated in the VEP waveform in Fig. 2.3E, with 

corresponding ITPC in Fig. 2.3F. RTT participants had significantly lower ITPC in the VEP P1 

compared to TD (P<.001) (Fig. 2.3G), and ITPC was once again strongly correlated with VEP P1 

amplitude in the RTT group (r=.53, P<.01) and TD group (r=.65, p<.001) (Fig. 2.3H). 

The P1 component of the AEP is indicated in the AEP waveform in Fig. 2.4A, with 

corresponding ITPC shown for each group in Fig. 2.4B. RTT participants had significantly lower 

ITPC in the AEP P1 compared to TD (P<.01) (Fig. 2.4C), and ITPC was strongly correlated with 

AEP P1 amplitude in the RTT group (r=.67, P<.001) but not in the TD group (Fig. 2.4D). The N1 

component of the AEP is indicated in the AEP waveform in Fig. 2.4E, with corresponding ITPC 

in Fig. 2.4F. RTT participants had significantly lower ITPC in the AEP N1 compared to TD (P<.01) 

(Fig. 2.4G), but ITPC was not associated with AEP N1 amplitude in either group (Fig. 2.4H).  

These results indicate that higher neural response variability, as measured by ITPC, may 

contribute to the diminished ERP amplitudes that have been reported in RTT.    

 



 
 

40 

 

Figure 2.4. Reduced ITPC in RTT: auditory-evoked potentials. ERPs were analyzed at frontal-
central electrode Fz. RTT participants are shown in red (n=27), TD participants in blue (n=26). 
Statistical significance is indicated as follows: *** indicates P<0.001, ** indicates P<0.01, and * 
indicates P<0.05. (A) Grand average AEP waveforms for each group, where the gray shaded box 
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indicates the P1 time window; blue and red shaded areas represent the 25th to 75th percentile range 
across participants. (B) Top: time–frequency plot shows group-averaged ITPC values for TD. 
Bottom: time–frequency plot shows group-averaged ITPC values for RTT. (C) Violin plot 
comparing corresponding ITPC in the AEP P1 between groups, where circles represent individual 
participants. ITPC for each participant was averaged across the shaded P1 time window and 8–30 
Hz frequencies. Violin widths reflect kernel density estimates; horizontal dashed lines indicate 
group means.  (D) Association between AEP P1 ITPC and AEP P1 amplitude for each group. 
Shaded areas indicate 95% confidence intervals around linear regression lines; age was included 
as a covariate and regressed out. (E-H) All figures and analyses are repeated for the N1 
component of the AEP.   
 

 ITPC in visual-evoked potentials is associated with visual responsivity and behavioral symptom 

severity, and impacted by mutation severity in RTT   

We next tested whether ITPC was associated with sensory responsivity as measured by the 

SP2 and shown in Figure 2.1. Indeed, lower ITPC in both components of the VEP were associated 

with higher visual responsivity scores in the RTT group (N1 ITPC: r=-.42, P<.05; P1 ITPC: =-.43, 

P<.05) (Fig. 2.5A-B). ITPC was not associated with auditory responsivity in either component of 

the AEP (Fig. 2.5C-D).  

Sensory processing is a foundation upon which advanced cognitive function, social 

behavior, and many other skills build, and deficits could contribute to some of the broader 

impairments in Rett syndrome.8–10,112 Therefore, we also assessed the relationship between ITPC 

and several other outcome measurements which could be affected by neural response variability. 

Clinical severity (as measured by the clinician-completed CSS and CGI-S) did not correlate with 

ITPC in any ERP component tested. Lower ITPC was, however, significantly correlated with 

higher behavioral symptom severity in RTT (quantified using a single aggregate score from the 

parent-reported RSBQ) in the N1 (r=-.37, P<.05) and P1 (r=-.37, P<.05) of the VEP (Fig. S2.3A-

B), but not in any component of the AEP (Fig. S2.3C-D).  
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Figure 2.5. VEP phase coherence is associated with visual responsivity in RTT. Association 
between ITPC in VEP components and visual responsivity (RTT n=24, TD n=25) (A-B), and 
between ITPC in AEP components and auditory responsivity (RTT n=24, TD n=23) (C-D). Shaded 
areas indicate 95% confidence intervals around linear regression lines. Statistical significance is 
indicated with r and P values, where: *** indicates P<0.001, ** indicates P<0.01, and * indicates 
P<0.05. 

 

Given established genotype-phenotype relationships32,33,35–37, we then asked whether in the 

RTT group, the type of MECP2 mutation (categorized as mild, intermediate, or severe) impacted 

ITPC in any ERP component. Pairwise comparisons revealed no significant difference between 

mutation severities in ITPC in either the P1 or N1 of the AEP (Fig. S2.4A-B). Interestingly, the 

TD group was only significantly different from the severe MECP2 mutation group in both the P1 
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and N1 components (P<.01) but not the mild or intermediate groups, indicating that participants 

with severe mutations may have driven the differences between RTT and TD in AEP ITPC (note 

that most participants in our dataset had severe mutations, so this was the largest group) (Fig. 

S2.4A-B). There was a significant difference between mild and severe mutations (P<.01) and 

between mild and intermediate mutations (P<.05) in ITPC in the N1 of the VEP, and between mild 

and severe mutations (P<.05) in ITPC in the P1 of the VEP, with surprisingly higher ITPC in more 

severe mutations (Fig. S2.4C-D). The TD group was significantly higher than all three categories 

of MECP2 mutations in ITPC in both the N1 and P1 of the VEP (P<.001 in all three cases) (Fig. 

S2.4C-D). Rett diagnosis (atypical vs typical) and seizure frequency did not significantly impact 

ITPC. 

Lastly, ITPC was not significantly associated with age in either component of the VEP for 

either group (Fig. S2.5A-B). However, we found ITPC to increase with age in the P1 component 

of the AEP in both the RTT group (r=.49, P<.01) and the TD group (r=.79, P<.001), and in the N1 

component of the AEP in the TD group (r=.75, P<.001) (Fig. S2.5C-D).  

Together, these results indicate that increased variability in neural responses to visual 

stimuli could contribute to atypical visual responsivity in Rett syndrome, as well as other cognitive 

and behavioral outcomes.  

 

Discussion   

 

Atypical responsivity to sensory stimuli is a key feature of many neurodevelopmental 

disorders including Rett syndrome, significantly affecting cognitive functioning, social behavior, 

and overall quality of life.8–10,112 In this study we characterized responsivity to sensory stimuli and 
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recorded the visual- and auditory-evoked potential from infants, children and adults with and 

without Rett syndrome. We found elevated hypo- and hyper-responsivity to sensory stimuli in 

RTT compared to TD, and these two measures were highly correlated with each other. 

Furthermore, auditory and visual responsivity were both elevated in RTT. This observed “Sensory 

Paradox” phenotype, where one individual can be both hypo- and hyper-responsive to sensory 

stimuli—even those in the same sensory modality—drove us to investigate whether neural 

response variability could be playing a role in the dampened ERP amplitudes previously observed 

in RTT and eventually behavior. To investigate this, we first replicated previous work showing 

attenuated amplitude in both the N1 and P1 of the VEP in RTT as well as age-dependent 

differences in AEP P1 and N1 amplitude. ITPC analysis revealed striking differences between 

RTT and TD in phase coherence within both auditory and visual ERPs, with response consistency 

significantly reduced in RTT in all components analyzed. We found that ITPC was strongly 

associated with ERP amplitude in both the N1 and P1 of the VEP, and the P1 of the AEP in the 

RTT group. ITPC in both components of the VEP was correlated with higher visual responsivity 

in participants with Rett syndrome, as well as behavioral symptom severity. Mutation severity also 

impacted ITPC in both components of the VEP.  

 It is important to consider the possible sources of increased variability in sensory processing 

within RTT cortical circuitry. Whether the brain is hyper- or hypo-responsive to a given stimulus 

depends on a variety of factors, such as arousal state, attention, or environmental context. On a 

moment-to-moment basis, these factors alter how the brain filters, amplifies, or dampens sensory 

information.  At the circuit level, both hyper- and hypo-responsivity may emerge from disruptions 

in the balance between excitatory and inhibitory (E/I) activity in cortical networks—a hallmark of 

many neurodevelopmental disorders including RTT. In Rett syndrome, mutations in the MECP2 
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gene are known to lead to widespread dysregulation of synaptic transmission and plasticity. E/I 

balance is not static within an individual; it changes dynamically depending on the state of the 

circuit at a given time.194  

Multiple studies have demonstrated that GABAergic inhibitory interneurons are 

preferentially effected by loss of Mecp2.90,94 In Mecp2 knockout mice, it has been shown in the 

visual cortex that parvalbumin-positive (PV+) interneurons exhibit increased connectivity and 

activity,86 and that they receive stronger excitatory input from the thalamus.87 Revealingly, specific 

deletion of Mecp2 from forebrain GABAergic neurons was sufficient to produce AEP deficits, and 

a rescue of the AEP was possible by restoring Mecp2 expression to PV+ or somatostatin-positive 

(SOM+) interneurons.67 Altogether, increased inhibitory tone (and less active excitatory pyramidal 

neurons) is apparent, but more work is needed to understand how and which of these circuit 

dynamics—both local and thalamocortical—result in lower ITPC in ERPs in RTT, and how both 

hyper- and hypo-responsivity to sensory stimuli is achieved. Future studies using mouse models 

that selectively manipulate GABAergic neuron function—either through cell-type specific 

restoration of Mecp2 or pharmacological modulation of inhibitory signaling—could directly test 

whether enhancing inhibitory-excitatory balance is sufficient to normalize ERP phase coherence. 

Surprisingly, participants with MECP2 mutations categorized as more severe had 

significantly higher ITPC—indicating less variability—in both components of the VEP compared 

to more mild mutations. This raises interesting questions about how specific MECP2 mutations 

differentially impact neural circuit function and response consistency. Future work could employ 

mouse models carrying distinct patient-derived MECP2 mutations to systematically examine how 

genotype influences phase coherence in ERPs, and to probe the underlying cellular and circuit-
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level mechanisms—such as differing changes to synaptic dynamics and E/I balance—that may 

drive variation in ITPC across mutation types.  

Additionally, given the wide age range in our sample, longitudinal studies are needed to 

assess whether for a single individual with RTT, ITPC deficits emerge early and remain stable, or 

whether variability increases with disease progression. Such work would also help establish the 

potential for ITPC as a functional biomarker that could help track disease progression and/or 

treatment efficacy, ultimately helping to bridge the gap between molecular pathology and clinical 

phenotype in RTT. 

Interestingly, we found some evidence for a sensory-modality specific effect: although 

phase coherence was significantly affected in both the VEP and AEP, reduced ITPC was only 

associated with sensory responsivity and other outcome measures in VEP components (decreasing 

with higher visual responsivity and higher behavioral symptom severity). Moreover, ITPC in the 

AEP and ITPC in the VEP were not correlated with each other (Fig. S2.6). It is possible that 

individuals with RTT syndrome rely more heavily on visual processing compared to auditory 

processing, or it may be that visual and auditory circuits are differentially vulnerable to loss of 

MECP2. For example, in the visual system, Mecp2 knockout mice demonstrate a regression in 

visual acuity and decreased activity in visual cortex,78 including disruptions to critical periods in 

ocular dominance experience-dependent plasticity.85 In Mecp2 heterozygous rats, spontaneous 

firing in auditory cortex is similarly reduced, but stimulus-evoked responses become 

hyperexcitable (though significantly delayed).147 Further work is needed to parse out differences 

in cortical processing deficits and resulting behavior between sensory modalities.  

Moreover, higher-order cognitive processes often begin with the integration of information 

across multiple sensory modalities, and growing evidence suggests that neural oscillations in 
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specific frequency bands support this process by integrating multi-modality information and 

coordinating activity across distributed brain regions.195 While we focused on one sensory 

modality at a time, future work could extend these findings by incorporating multi-modality 

stimuli or paradigms that probe integrative sensory processing. It is also possible that ITPC is 

modulated in Rett syndrome based on factors such as stimulus saliency, required cognitive load, 

or arousal state, and future work could systematically vary these factors to assess their influence 

on phase consistency. Some examples include utilizing speech vs nonspeech sounds (which has 

been done in ASD),173,196 varying acoustic complexity197, or presenting faces with variable 

emotions (which reliably elicits differential ERPs in TD infants).198 Additionally, even without 

relying on verbal communication, paradigms that contrast passive and active engagement (e.g., 

visual tasks using eye tracking) could clarify the effects of attentional modulation on ITPC in RTT.  

In conclusion, taken altogether, our data demonstrate a Sensory Paradox in Rett syndrome, 

with co-occurring hypo- and hyper-responsivity to sensory stimuli, and uncover neural response 

variability (measured here using ITPC) as a potential underlying contributor to dampened ERPs, 

atypical sensory responsivity, and overall symptom severity in RTT. Given that atypical sensory 

processing is a common feature across many neurodevelopmental conditions (including both 

syndromic and idiopathic ASDs), these findings may also have broader implications for 

understanding shared neurophysiological mechanisms, developing generalizable biomarkers of 

neural response variability, and informing trans-diagnostic therapeutic strategies. 
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Chapter 3. Transient Beta Events on EEG in Autism and Related 
Neurogenetic Conditions 
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Abstract 

 

Traditionally, the search for biomarkers relevant to autism spectrum disorder (ASD) relies 

on current phenotypic or genetic definitions.  Transient beta events (TBE) during baseline neural 

oscillations reflect thalamocortical function, which bridges genotype to phenotype. Compared to 

typically developing controls, we found elevated TBE-rate in some children with idiopathic ASD 

and a majority of children with three neurogenetic conditions associated with atypical 
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neurodevelopment. TBE-rate thus offers promise as a stratification biomarker with divergent and 

convergent properties across ASD and neurogenetic conditions, respectively.  
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Autism spectrum disorder (ASD) is a prevalent neurodevelopmental condition199 often 

associated with atypical sensory responsivity.200,201 Precise characterization of sensory 

responsivity is complicated by the vast genotypic and phenotypic heterogeneity in ASD, as well 

as the reliance on subjective clinician and self- or parent-report instruments to quantify sensory 

features. Studying ASD alongside distinct neurogenetic conditions with increased rates of ASD 

may help stratify biologically meaningful subgroups within ASD and characterize shared 

underlying mechanisms affecting sensory responsivity.  

Atypical tactile responsivity is common in autistic individuals and animal models of 

ASD.202–209 In humans, these sensory differences can impede daily activities, increase likelihood 

for co-occurring anxiety, depression and attention problems, and negatively affect quality of 

life.208,210–214 

Brief increases in high power electroencephalography (EEG) cortical activity in the beta-

band, referred to as transient beta events (TBEs), are one measure reflecting tactile responsivity. 

TBEs in sensorimotor cortex have been well-studied in animal models, computational circuits, and 

neurotypical humans.215–219 Across-species studies have suggested that TBEs arise from a  broad 

burst of excitatory synaptic drive from lemniscal thalamus to the proximal dendrites of cortical 

pyramidal neurons in the infragranular layers that is simultaneous with a faster and stronger ~50ms 

burst of drive from nonlemniscal thalamus to distal pyramidal neuron dendrites in supragranular 

layers.215,217 These synaptic drives create transient events (or bursts) of high-power activity in the 

15-29 Hz (beta) frequency range that have a characteristic waveform and typically last less than 

150 ms.17,20 TBEs are functionally distinct from more traditionally studied averaged broad-band 

beta power.220 
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TBEs measured across the somatosensory cortex are reliable predictors of tactile 

perception.17–19   Higher TBE rates before a tactile stimulus predict a suppression of perception, 

and a TBE occurring just before a tactile stimulus suppresses sensory perception, whereas a TBE 

simultaneous with a tactile stimulus facilitates perception.216,217 This is particularly relevant to 

ASD, where differences in tactile processing can take the form of hyper- or hypo-responsivity.206 

TBEs measured during resting EEG, an accessible and scalable methodology, thus offer a 

compelling window into neurophysiological mechanisms that underlie differences in tactile 

processing. Despite this promising lens through which to investigate sensory processing, no study 

has characterized TBE rates (TBE-rates) in ASD or related conditions.  

 

Materials and Methods 

 

Participants 

Study participants were drawn from two studies of idiopathic ASD and three additional 

studies comprising five neurogenetic conditions commonly associated with ASD. Data and 

ethnicity are per report from the parent or legal guardian of each participant, using classification 

terms provided by the research team. The definition of “usable” EEG data is below in the section 

on “EEG preprocessing”, and quantification of EEGs excluded are described in Supplementary 

Table 3.7. 

 

Autism Biomarkers Consortium for Clinical Trials (ABC-CT) 

Data were collected from six to eleven year old TD and ASD children longitudinally–two 

visits, six weeks apart–from five sites: Boston Children’s Hospital; University of California, Los 
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Angeles; University of Washington; Duke University; and Yale University. ASD diagnoses were 

confirmed using rigorous standardized diagnostic measures (Autism Diagnostic Observation 

Schedule, Second Edition (ADOS-2 and DSM-5 criteria by reliable clinicians).221 Study details 

have been previously described.159,222 117 TD and 262 ASD participants provided usable EEG data 

at the first timepoint (T1), and of these 108 TD and 247 ASD participants provided usable EEG 

data at the six-week timepoint (T2). Exclusionary criteria included neurological conditions 

(including epilepsy), known genetic conditions causally related to ASD, or full scale IQ that fell 

outside of 60-150 on the Differential Ability Scales, Second Edition (DAS-II).223 Medication was 

allowed given a stable regimen of at least eight weeks preceding enrollment. The protocol was 

approved and overseen by a central IRB at Yale University (HIC#: 1509016477; FWA00002571). 

Written informed consent from all guardians, and assent for all participants, was obtained after 

procedures were fully explained and the opportunity to ask questions offered. 

 

Sensory Processing and Adaptation (SPA) Study 

Data were collected from three- and four-year-old TD and ASD children at Boston 

Children’s Hospital at a single time point. 26 TD and 26 ASD participants provided usable EEG 

data. Group placement was confirmed by the ADOS-2221 conducted by a research reliable 

examiner, as well as structured developmental history. Mullen Scales of Early Learning224 were 

conducted to confirm that social communication challenges could not be better accounted for by 

cognitive or language delays. Exclusionary criteria included a first-degree relative with ASD for 

the TD group, deafness, blindness, inability to complete procedures in English, and motor 

challenges that preclude participation in testing. The protocol was approved and overseen by the 

IRB at Boston Children’s Hospital (IRB-P00029639). Informed consent from all guardians—and 
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assent for all participants developmentally able to assent—was obtained after procedures were 

fully explained and the opportunity to ask questions offered. 

 

Developmental Synaptopathies Consortium (DSC) 

Data were collected from two- to 11-year-old children with TD, Phelan McDermid 

Syndrome (PMS), Tuberous Sclerosis Complex (TSC), and PTEN Hamartoma Tumor Syndrome 

(PHTS) at one time point from seven sites (Boston Children’s Hospital; University of California, 

Los Angeles; Cincinnati Children’s Medical Hospital, Cleveland Clinic, National Institute of 

Health and Icahn School of Medicine at Mount Sinai). 22 TD, 25 TSC, 41 PMS and 12 PHTS 

provided usable EEG data. Exclusionary criteria included taking an investigational drug as part of 

another research study within 30 days prior to study enrollment, behaviors that could prevent EEG 

lead placement and data collection, and inability to comply with study procedure/assessments. 

Additional exclusions for typically developing controls were uncorrected auditory or visual 

impairments. Autism diagnostic confirmation was provided by Clinician Best Estimate informed 

by gold-standard measures including the Autism Diagnostic Interview-Revised (ADI-R),225 

ADOS-230 (Childhood Autism Rating Scale-2, CARS-2,226 for telehealth visits during the COVID-

19 pandemic), DSM-5 Checklist,201 medical history, and clinical certainty ratings. In cases where 

data was unavailable or invalid (e.g., due to extremely low cognition), information on autism 

diagnosis was marked as “missing.” The protocol was approved and overseen by a central IRB. 

Informed consent from all guardians, and assent for all participants where cognitively and 

developmentally feasible, was obtained after procedures were fully explained and the opportunity 

to ask questions offered. 

 

https://paperpile.com/c/pKXhAN/NHRW
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SYNGAP1-Related Disorder (SYNGAP1) 

Data were collected from two- to 11-year-old SYNGAP1 participants at one timepoint from 

two sites: Boston Children’s Hospital and University of California, Los Angeles. Nine SYNGAP1 

participants provided usable EEG data. Exclusion criteria centered on whether the SYNGAP1 

variant could be validated by the Citizen SYNGAP1 Natural History registry. Autism diagnosis was 

based on parent report of whether the child had previously received an autism diagnosis from a 

clinician. The protocol was approved and overseen by a central IRB at Boston Children's Hospital 

(IRB-P00039324). Informed consent from all guardians, and assent for all participants 

developmentally able to assent, was obtained after procedures were fully explained and the 

opportunity to ask questions offered. 

 

RTT Syndrome Biomarkers Study (RTT) 

Data were collected from one- to 25-year-old TD and RTT participants at Boston Children’s 

Hospital. 15 TD and 15 RTT participants provided usable data. In the RTT group, inclusion criteria 

included a diagnosis of RTT with a previously identified pathogenic or likely pathogenic variant 

in the methyl-CpG binding protein 2 (MECP2) gene. Exclusionary criteria included taking an 

investigational drug as part of another research study within 30 days prior to study enrollment. 

Additional exclusion criteria for the TD group included no diagnoses or medical conditions 

associated with increased risk of ASD or intellectual disability. ASD diagnostic status was not 

included in this study as limited motor skills in many of the participants precluded accurate 

assessment of developmental and cognitive level which in turn precluded assessment of whether 

social communication skills were impaired out of proportion to cognitive skills, as would be 

necessary to determine ASD diagnostic status. The protocol was approved and overseen by the 
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IRB at Boston Children's Hospital (IRB-P00038294). Informed consent from all guardians, and 

assent for all participants developmentally able to assent, was obtained after procedures were fully 

explained and the opportunity to ask questions offered. 

Demographics and clinical characteristics for all cohorts can be found in Supplementary 

Tables 3.1 and 3.2.  

 

Phenotypic Data Collection 

 

Sensory Profile 2  

A subset of participants (SPA_ASD n = 22; SPA_TD n = 20; Supplementary Table 3.5) 

completed the Sensory Profile 2 Caregiver questionnaire (SP2),176 a norm-referenced 

questionnaire that evaluates a child’s sensory processing across home, school, and community 

contexts. For the current study, three summary scores were extracted: the overall Touch Subscale, 

and Tactile Hyper-Responsivity and Tactile Hyper-Responsivity scores. As previously described5, 

the Tactile Hyper-Responsivity score was the sum the following items (each scored on a Likert 

scale from 1 to 5): “Shows distress during grooming,” “Becomes irritated by wearing shoes or 

socks,” “Shows an emotional or aggressive response to being touched,” “Becomes anxious when 

standing close to others,” and “Rubs or scratches a part of the body that has been touched.” The 

tactile Hypo-Responsivity score was the sum of the following items: “Touches people or objects 

to the point of annoying others,” “Displays need to touch toys, surfaces, or textures,” “Seems 

unaware of pain,” “Seems unaware of temperature changes,” “Touches people and objects more 

than same-aged children,” and “Seems oblivious to messy hands or face.” Of note, some studies 

have called this “Hyper-Reactivity”5 but we use the term “Hyper-Responsivity” to better reflect 

behavioral responsivity as recommended by He et al.177  

https://paperpile.com/c/pKXhAN/6UsI
https://paperpile.com/c/pKXhAN/6UsI
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Nonverbal Intelligence Quotient (NVIQ) 

To assess non-verbal cognitive ability, participants in the ABC-CT, SPA, and DSC cohorts 

were administered either the Mullen Scales of Early Learning,224 the Differential Ability Scales, 

2nd edition (DAS-II),223 or the Stanford Binet-5 (SB-5).227 NVIQ was compiled based on the test 

given: for the Mullen and the SB-5, the NVIQ was taken; for participants given the DAS-II, the 

nonverbal reasoning standard score was taken. No formal cognitive assessments were done as part 

of the RTT study (due to concerns that motor abilities may preclude accurate assessment) or 

SYNGAP1 study.  

 

EEG Data Collection 

EEG data were collected in the resting condition using similar protocols across all studies, 

as described below. Given the variable abilities of study participants to follow instructions, 

“resting” EEG is defined here as data collected during an awake quiet state with eyes open and 

without any time-locked stimulus or task. 

ABC-CT: EEG data were collected in full lighting, using a 128-channel Hydrocel Geodesic 

Net (Electrical Geodesic, Inc., Eugene, OR) and NetStation software (Geodesic, Inc) with a 

sampling rate of 1000 Hz. Children watched an approximately three minute video, comprising six 

soundless videos akin to screensavers. Each video played forward for 15 seconds and then in 

reverse for 15 seconds. The six videos were played in three blocks of two videos each at 30 frames 

per second. Video display was limited to 7 × 9.3 cm to minimize eye movement during task 

completion. A behavioral assistant sat in the room with the participant to direct the child to pay 

attention to the screen.  
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SPA: EEG data were collected in dim lighting, and methods were otherwise identical to 

those described for the ABC-CT cohort.  

DSC: EEG data were collected in dim lighting, and for the Cleveland Clinic site, was 

recorded on Brain Vision system with Brain Vision 64 channel cap. Methods were otherwise 

identical to ABC-CT. 

RTT: Children watched an extended version of the video described above, lasting for 

approximately 5 minutes. Methods were otherwise identical to the SPA and SYNGAP1 cohorts. 

SYNGAP1: EEG data were collected in dim lighting, and methods were otherwise identical 

to those described for the ABC-CT cohort.  

 

Data Analysis 

 

EEG Pre-Processing 

EEG data from all cohorts were exported to MATLAB and pre-processed using the Batch 

EEG Automated Processing Platform.188 Data were filtered using a bandpass filter from 0.1-100 

Hz and resampled to 250 Hz. Artifact detection and correction was completed using the Harvard 

Automated Preprocessing Pipeline for EEG (HAPPE) pipeline, which is optimized for short 

recording EEG data collected from children with neurodevelopmental conditions.189 HAPPE 

applies line noise removal at 60 Hz, then detects and removes bad channels and artifacts in the 

data, such as eyeblinks and eye or muscle movements, using wavelet-enhanced independent 

component analysis (w-ICA) and ICA with the multiple artifact rejection algorithm (MARA).190,191 

The following channels, in addition to the 10–20 electrodes, were used for ICA with MARA: FC3, 

CP3, C1, C5, FC4, CP4, C2, C6, AF3, F1, AFz, AF4, F2. Electrodes were spread evenly across the 
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scalp, and the number of electrodes was chosen relative to our recording length to maximize ICA 

performance and prevent overfitting of the algorithm.188,228 Following artifact removal, bad 

channels were interpolated, and data were re-referenced to an average reference. Data were then 

segmented into 5 s windows. Segments were inspected again for artifact and segments rejected 

using HAPPE’s recommended amplitude cutoff (40 μV cutoff) and joint probability criteria. The 

40 μV cutoff reflects the smaller amplitude that results from the wavelet thresholding and ICA 

steps during artifact detection.189  

 

EEG Rejection Criteria 

EEGs were rejected if they had fewer than 25 segments (125 sec) or fell outside of 3 

standard deviations from the mean across participants on the following HAPPE quality control 

parameters: percent good channels (3 SD: < 76%), mean retained artifact probability (3 SD: > 

0.27), median retained artifact probability (3 SD: > 0.25), percent of independent components 

rejected as artifact (3 SD: > 75%), and percent of EEG signal variance retained after artifact 

removal (3 SD: < 15%). Based on the above criteria 20 of 594 (3.4%) EEGs collected were 

rejected.  

For all participants who had more than 25 segments available, Spearman’s correlation 

revealed no significant association between segment number and TBE-rates (p = .864). See 

Supplementary Table 3.7 for a summary of EEG exclusion by cohort. “Usable” EEGs for each 

cohort are defined as EEGs that were collected and not rejected based on the above criteria.  

 

Transient Beta Event Detection and Event Rate Calculation 
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Transient beta events were detected in single trial segmented data from using the 

SpectralEvents Toolbox.229 Each 5-second segment was convolved with 5-cycle Morlet wavelets 

to calculate the time-frequency response (TFR) every 4 Hz between 13 and 30 Hz.230 Each TFR 

was then normalized by the median power in each frequency; thus, units of the normalized TFR 

are in factors of median. Transient events were then detected using the “minimal overlap” option 

of the toolbox; local maxima were found in the normalized TFR using MATLAB’s imregionalmax 

function (R2021a). The TFR was thresholded to a cutoff of 6 factors of median, and the center of 

each beta event was then defined as the single local maximum in each suprathreshold region of the 

TFR. 

The rate of event occurrence was found in each segment by counting the number of 

detected events and dividing by 5, in order to yield an event rate in Hertz for each 5-second 

segment. For each participant, the TBE-rates was defined as the average of this value across all 

segments of a channel’s data. The averaged TBE-rates in channels C3 and C4 for each individual 

were used for all analyses because prior studies of TBE have primarily focused on somatosensory 

cortex.216,219 Topoplots (Figure 3.2) show TBE-rates in other channels. 

 

Statistical Analyses 

Prior to analyses, we confirmed that TBE-rates did not vary for TD participants across 

cohorts using a Kruskal-Wallis test (Figure S3.1) and therefore collapsed all TD participants into 

one group. Because our EEG data were non-normally distributed, we used non-parametric tests 

for all EEG analyses. All analyses were performed by IBM SPSS Statistics version 27.231  

 

Comparing Transient Beta Event Rate  
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Provided (1) we only had sensory phenotyping data for ASD participants in the SPA cohort 

and (2) the study description in SPA may have self-selected for participants with elevated sensory 

processing difficulties, the ASD participants from the SPA and ABC-CT cohorts are treated as 

separate groups (hereafter referred to as ASD_SPA and ASD_ABC-CT). To compare transient beta 

event rate, we tested whether TBE-rates at C3/C4 in ASD participants (ASD_SPA and ASD_ABC-

CT) differed significantly from our collapsed TD group via two independent samples Mann-

Whitney U tests.   

We next evaluated TBE-rates in a variety of neurogenetic conditions, all of which increase 

the likelihood of ASD. Specifically, we used five Mann-Whitney U tests, Bonferroni corrected for 

five comparisons, to evaluate whether TBE-rates in TD participants significantly differed from 

TBE-rates in each neurogenetic group (PMS, TSC, PHTS, RTT, SYNGAP1).  

 

Evaluating the test-retest reliability of TBE-rates across two time points  

Since evaluation of TBE-rates in EEG and in neurodevelopmental conditions more 

generally is a novel analysis, and with an eye towards potential utility of TBE-rates as a clinically 

relevant biomarker of atypical sensory processing in these conditions, we also wished to assess the 

test-retest reliability of TBE-rates. For participants in the ABC-CT cohort with usable EEG data at 

both visits, we ran intraclass correlations (ICC) to assess the short-term test-retest reliability of 

TBE-rates. First, we ran ICCs with TD and ASD collapsed into one group and subsequently ran 

ICCs by diagnostic group. ICC values were interpreted as poor (< 0.4), fair (0.4 to .59), good (0.6 

to 0.74), or excellent (0.75 to 1.0).232 

 

Evaluating the relationship between TBE-rates and Tactile Sensory Processing 
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For participants who provided sensory data (from the SPA study), we evaluated the 

relationship between TBE-rates and tactile processing using Spearman’s rank correlations for the 

ASD and TD groups separately. Our reason for examining groups separately is that ASD is known 

to be associated with atypical sensory responsiveness and we wanted to ensure our findings 

reflected sensory responsiveness rather than differences in diagnostic groups. First, we correlated 

TBE-rates with the SP2 touch domain score. Next, to evaluate how TBE-rates related to sub-

domains of touch, we carried out four separate Spearman’s rank correlations to test the relationship 

between TBE-rates and Tactile Hyper-responsivity and Tactile Hypo-responsivity, within the ASD 

and TD groups separately. For these subdomain analyses, we thus use p-values Bonferroni 

corrected for 4 comparisons. 

 

Evaluating the relationship between TBE-rates and other demographic and clinical characteristics 

We evaluated whether other demographic and clinical characteristics (age, NVIQ, epilepsy, 

medications, ASD) could account for a positive association between TBE-rates and tactile 

responsivity. We used Spearman’s rank correlations to evaluate the relationship between TBE-rates 

and age for all participants. We used Spearman’s rank correlations to evaluate the relationship 

between TBE-rates and NVIQ for all participants in whom NVIQ data were available (ABC-CT, 

SPA, DSC). Across all neurogenetic conditions that measured ASD (DSC, SYNGAP1), we used 

one Mann-Whitney U-test to evaluate whether TBE-rates differed in participants with or without 

co-occurring ASD. Since neurogenetic conditions had higher rates of seizures than idiopathic ASD, 

across all neurogenetic conditions we compared TBE-rates in participants with versus without 

history of seizures using a Mann-Whitney U-test. To determine whether medications could 

contribute to particularly elevated TBE-rates, the small numbers of participants taking a wide 



 
 

68 

variety of medications precluded direct statistical comparisons. Instead, we compiled medication 

lists for participants with “extreme” TBE-rates. TBE-rates was defined as “extreme” if it was an 

outlier based on the TD group’s threshold (i.e., if it fell above the top TD “whisker”, exceeding the 

75th percentile by more than 1.5 x the IQR value) (Supplementary Table 3.4). 

 

Results 

 

Demographics and clinical characteristics of transdiagnostic, multi-site participants in our 

sample are reported in Tables S3.1 and S3.2. We first tested whether TBE-rates differ in ASD 

relative to typically developing (TD) participants, using EEG at rest from two studies of idiopathic 

ASD with different recruitment goals. “Sensory Processing and Adaptation” (SPA) studied sensory 

processing in preschoolers (ASD_SPA; n=26). The “Autism Biomarkers Consortium for Clinical 

Trials” studied biomarkers of social communication in school-aged children (ASD_ABC-CT; 

n=262). TD participants were recruited from these studies and studies of 5 neurogenetic conditions 

described below (n=180; Supplementary Table 3.1).  

We calculated TBE-rates (Hz) from electrodes over somatosensory cortex (C3/C4) 

(Supplementary Table 3.3). Since TBE-rates did not differ for TD participants by study (Fig. S3.1), 

we collapsed them into one group. Next, we tested whether TBE-rates in ASD participants from 

ASD_SPA and/or ASD_ABC-CT differed from TD. TBE-rates were higher in ASD_SPA (p < .001) 

but not ASD_ABC-CT relative to TD.  
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Figure 3.1. Transient Beta Event Rate measured over electrodes C3/C4 across diagnostic 
groups. Each shape reflects one participant. Within each box, horizontal middle line denotes group 
median; boxes extend over each group’s interquartile range (IQR); vertical dashed whiskers denote 
values 1.5 times the IQR value. (a) * indicates significant group differences assessed using a 
Mann-Whitney U test (p < .001). TBE-rates did not differ between TD and ASD_ABC-CT (p = 
.127). (b) * indicates significant group differences assessed using repeated Mann-Whitney U tests 
(p < .001, Bonferonni corrected for five comparisons). TBE-rates did not significantly differ 
between TD and TSC or PHTS (both adjusted p = 1.0).  

 

Considering the heterogeneity of ASD and the findings above, we next aimed to understand 

whether TBE-rates could stratify biologically meaningful sub-groups. To this end, we evaluated 

TBE-rates in five neurogenetic conditions associated with ASD (Phelan McDermid Syndrome 

(PMS; n=41); Tuberous Sclerosis Complex (TSC; n=25); PTEN Hamartoma Tumor Syndrome 

(PHTS; n=12); Rett syndrome (RTT; n=15); and SYNGAP1-Related Disorder (SYNGAP1; n=11). 

TBE-rate was elevated in PMS, RTT, and SYNGAP1 participants relative to TD (all adjusted p’s < 

.001). TBE-rates did not significantly differ between TD and TSC or PHTS. Across neurogenetic 

groups, there was no significant difference in TBE-rates based on co-occurring ASD diagnostic 
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status (Supplementary Table 3.4; p = .379). These results show that TBEs occur more frequently 

in some ASD and a subset of ASD-related neurogenetic conditions (Fig. 3.1, Fig. 3.2, 

Supplementary Table 3.3), but ASD itself does not seem to be the primary driver of elevated TBE-

rates. 

 

Figure 3.2. Difference in transient beta event rate across the scalp and across diagnostic 
groups. Topoplots showing (a) Difference in TBE-rates (Hz) across the scalp (Cohort minus TD) 
and (b) TD TBE-rates values. 

 

To begin considering potential clinical utility of TBE-rates, we next evaluated its short-

term reliability. We utilized longitudinal data from the ABC-CT cohort collected six weeks post 

initial visit. TBE-rates showed fair test-retest reliability when TD (n=108) and ASD (n=247) 

groups were collapsed (intraclass correlation (ICC) .547, 95% CI [.470, .616]) (Fig. S3.2). When 

separated by diagnostic group, TBE-rates test-retest reliability was poor for the TD group, (ICC 

.365, 95% CI [.189, .517]) and good for the ASD group (ICC .606, 95% CI [.520, .679]) (Fig. 

S3.2). These results support the reliability of TBE-rates as a functional biomarker for ASD.  
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Finally, we used the Sensory Profile 2 (SP2),176 a caregiver-reported questionnaire 

collected from a subset of our SPA sample to test whether thalamocortically-driven TBE-rates may 

act as a biomarker for atypical tactile responsivity. We evaluated the overall Touch subscale and 

two subdomains: Tactile Hyper-responsivity and Tactile Hypo-responsivity (Supplementary Table 

3.5). We evaluated the association between tactile processing and TBE-rates for the ASD (n=22) 

and TD (n=20) groups separately to ensure our findings reflected sensory responsivity rather than 

group differences, since ASD is known to be associated with atypical sensory responsivity (Figure 

3.3a). 

 

 

Figure 3.3. Transient beta event rate is associated with tactile responsivity. Each dot represents 
one participant. ASD blue circles; TD pink squares. Dashed lines reflect lines of best fit. r = 
Spearman’s Rank correlation coefficients. (a) TBE-rates and SP2 Touch subscale were positively 
correlated in ASD (r = .475, p = .026), but not TD (r = -.360, p = 0.119). (b) TBE-rates and Tactile 
Hyper-responsivity were positively correlated in ASD (r = .559, adjusted p = .028) but not TD (r 
= -.014, adjusted p = 1.000). (c) TBE-rates and Tactile Hypo-responsivity were not significantly 
correlated for either group (ASD: r = .275, adjusted p = .859; TD: r = -.465, adjusted p = .156). 
(b,c) p-values Bonferroni corrected adjusting for 4 comparisons.  
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The overall Touch subscale and TBE-rates were positively correlated in ASD (rho=.475, 

p=.026), but not TD. Furthermore, Tactile Hyper-responsivity and TBE-rates were positively 

correlated in the ASD group (rho=.559, adjusted p = .028; Figure 3.3b). Tactile Hypo-responsivity 

and TBE-rates were not significantly correlated for either group (Figure 3.3c). These data 

demonstrate TBEs behavioral relevance to a tactile Hyper-responsivity phenotype.  

Neither age (rho = -.038, p = .360) nor NVIQ (rho = -.021, p=.611) were significantly 

associated with TBE-rates. Medication likely does not account for high TBE-rates as there was no 

consistent pattern of medications for participants with extreme TBE-rates values (Supplementary 

Table 3.6). Among neurogenetic conditions, TBE-rates were not significantly higher based on 

seizure history (p=.150).  

 

Discussion   

 

Taken together, TBE-rates do not appear to be a diagnostic biomarker for autism itself, but 

rather a transdiagnostic biomarker associated with tactile hyper-responsivity. Biomarker 

development is a crucial unmet need necessary to support clinical trials in neurodevelopmental 

conditions.233 Across a wide range of individuals with varying types and severities of 

neurodiversity, addressing sensory processing challenges is repeatedly noted as a common goal 

that would improve quality of life1,162,206,234; TBE-rates reflect a step towards this shared goal. We 

find that TBE-rates are elevated in multiple rare neurogenetic conditions associated with atypical 

neurodevelopment (i.e., PMS, RTT, and SYNGAP1), and for a subset of children with idiopathic 
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ASD, suggesting shared atypicalities of neural circuit function and thus potential shared 

opportunities for treatment in these conditions.  

The thalamocortical mechanisms underlying TBE and the relationship between TBE and 

tactile processing have been previously well described in wild type animal, computational, and 

neurotypical human models.215–217 This knowledge, in combination with the present findings 

describing atypical TBE-rates in neurodiverse populations, suggests multiple future directions 

spanning the bench-to-bedside spectrum. Since bursting activity from thalamus is sufficient to 

drive TBE,217 it will be of benefit to determine whether TBEs originate primarily in thalamus or 

whether these bursts are driven by more central (“top-down”) or peripheral (“bottom-up”) activity. 

This work will inform targets for potential interventions addressing sensory hyper-responsivity 

and offer clues as to whether TBE-rates may be best used as a biomarker for stratification and/or 

outcome monitoring in clinical trials. Notably, shared treatments for tactile hyper-responsivity in 

mouse models of PMS and RTT are already being developed,10 and future studies can measure 

TBE-rates in mouse models of various ASD-related neurogenetic conditions (e.g. Shank3b, 

Mecp2), including before and after genetic or pharmacological treatment in the periphery, 

thalamus, or cortex.  

In the present study, we focused on tactile processing and evaluated TBE-rates over 

somatosensory cortex (C3/C4) due to previous literature relating transient beta events and tactile 

perception. However, TBEs were found across the scalp and TBE-rate was elevated at many 

electrode locations (particularly in individuals with RTT, who exhibited the highest TBE-rate of 

all diagnostic groups) as shown in Figure 3.2. Further work is needed to characterize TBEs in other 

electrodes (Oz, Fz) and investigate their relationship to sensory responsivity in other modalities 

such as vision and audition.   

https://paperpile.com/c/pKXhAN/9UUP
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Clinically, our findings suggest strong scalability for TBE-rates in future clinical trials. We 

leveraged resting EEG data from 9 collection sites, across ages 1-25 years, and 2 EEG acquisition 

setups. However, our findings also highlight an unmet need for further characterization of sensory 

processing challenges in neurodevelopmental and neurogenetic conditions. To date, while detailed 

sensory phenotyping has begun in several studies of the conditions we include here,235,236 many of 

the large consortia developing and testing biomarkers for these conditions did not initially include 

targeted measures of sensory processing; this should be rectified in future iterations of these 

studies. Inadvertent recruitment biases should also be considered. For example, we suspect that 

the study titled, “Sensory Processing and Adaptation” likely over-enrolled children with sensory 

processing challenges (and thus children with elevated TBE-rates, leading to group differences in 

TBE-rates for SPA_ASD vs. TD), which did not occur in ABC-CT. (Ages were also different in 

these samples; however, we found no association between age and TBE-rates). Determining 

expected population distributions of TBE-rates will also be of benefit; we suspect that higher test-

retest reliability of TBE-rates in our ASD group may be the result of low inter-individual 

variability, rather than high intra-individual variability, in the TD group, since ICC depends on 

both values.  

In summary, TBE-rates reflect an opportunity to develop a meaningful transdiagnostic 

biomarker relevant to neural circuit functions relevant to several genotypes and conditions. 

Whether they reflect an aspect of daily function (e.g. tactile hyper-responsivity) requires further 

investigation by the scientific community given its clear contribution to quality of life in 

neurodivergent individuals. TBE-rates may thus serve as a springboard and model for further 

understanding, measurement, and eventual treatment for clinically and biologically meaningful 

subgroups of individuals with neurodevelopmental and neurogenetic conditions. 
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Data Availability 

 

The data that support the findings of this study are available, in collaboration with the 

principal investigator for each respective study, upon reasonable request. Data from the Autism 

Biomarkers Consortium for Clinical Trials are also available via the NIMH Data Archive 

(identifier: 2288; https://nda.nih.gov/edit_collection.html?id=2288).  

 

Code Availability  

 

EEG preprocessing was conducted using the Batch EEG Preprocessing Platform (BEAPP), 

available at https://github.com/lcnbeapp/beapp. Within BEAPP we used the Harvard Automated 

Preprocessing Pipeline for EEG (HAPPE), which is embedded in BEAPP and available separately 

at https://github.com/PINE-Lab/HAPPE. To calculate TBE-rates we used the SpectralEvents 

Toolbox, available at https://github.com/jonescompneurolab/SpectralEvents.  
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Chapter 4. Altered oscillatory coupling reflects possible inhibitory interneuron 
dysfunction in Rett syndrome 
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Abstract  

 

Rett syndrome is a rare neurodevelopmental disorder caused primarily by pathogenic 

variants in the MECP2 gene, leading to lifelong cognitive impairments. To understand the broad 

neural disruptions in Rett syndrome, it is essential to examine large-scale brain dynamics at the 

level of neural oscillations. Phase-amplitude coupling—a form of cross-frequency interaction that 

supports information integration across temporal and spatial scales—is a promising candidate 

measure for capturing such widespread neural dysfunction. Phase-amplitude coupling depends on 

the coordinated activity of specific neuronal subtypes, and while multiple subtypes are implicated 

in different aspects of the Rett syndrome phenotype, their role in shaping large-scale oscillatory 

dynamics in Rett syndrome is not well understood. To investigate this, we utilized a multi-level 

approach, combining EEG recordings with computational modeling to identify alterations in 

phase-amplitude coupling in Rett syndrome and probe their underlying cellular and circuit-level 

mechanisms. 

We recorded resting-state EEG from 38 individuals with Rett syndrome and 30 age- and 

sex-matched typically developing individuals. Phase-amplitude coupling was quantified: 

modulation index was obtained to determine coupling strength, and phase bias was assessed to 

examine the preferred phase of coupling. We characterized phase-amplitude coupling across all 
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low and high frequency combinations and electrodes, as well as within canonical theta-gamma and 

alpha-gamma frequency pairs across four predefined cortical regions. Finally, we modeled a 

biophysically-constrained Layer 4 cortical network to propose a possible mechanism underlying 

changes to oscillatory dynamics.  

We found significantly stronger phase-amplitude coupling in Rett syndrome across 

widespread cortical regions and frequency pairs, with a pronounced increase in theta-gamma and 

alpha-gamma coupling in anterior, posterior, and whole-brain regions (P < 0.05). Individuals with 

Rett syndrome also exhibited a more positive alpha-gamma phase bias in anterior and whole-brain 

regions (P < 0.05). Biophysically constrained modeling demonstrated that reduced VIP-expressing 

interneuron activity alone could recapitulate the pattern of increased theta-gamma and alpha-

gamma phase-amplitude coupling observed in Rett syndrome (P < 0.001). 

These findings identify alterations in awake-state phase-amplitude coupling in Rett 

syndrome and propose a mechanistic link to VIP+ interneuron dysfunction. Elevated phase-

amplitude coupling may serve as a promising biomarker of cortical dysfunction and a translational 

bridge from neural circuitry to clinically observable EEG signatures. By implicating VIP+ 

interneurons, our results open new avenues for testing interventions in preclinical models to 

identify potential novel therapeutic targets for individuals with Rett syndrome. 
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Introduction 

 

Rett syndrome (RTT) is a rare X-linked neurodevelopmental disorder that presents with an 

initial period of typical development followed by rapid regression resulting in profound cognitive, 

motor, and autonomic impairments including loss of purposeful hand use and spoken language.13,16 

The majority of RTT cases are caused by de novo pathogenic variants in the X-linked MECP2 
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82 

gene, which encodes methyl-CpG-binding protein 2 (MeCP2).22 Although MeCP2 is expressed 

widely throughout the body, its levels are 5 to 10-fold higher in neurons compared to other cell 

types, and neuronal dysfunction is central to RTT pathology.50 MeCP2 influences the brain’s 

cellular and network development across the lifespan: its function affects prenatal neurogenesis, 

development of neuronal circuitry, and maintenance of adult neural function.55–57,237 Given these 

widespread alterations across diverse brain regions and functions, understanding RTT 

pathophysiology requires investigating neural dynamics at the level of large-scale brain 

networks.13,117  

Brain-wide dynamics rely heavily on coordination of and by neural oscillations—rhythmic 

patterns of neuronal activity characterized by frequency, amplitude, and phase—that facilitate 

communication between distant cortical regions and support cognitive processing.113 

Electroencephalography (EEG) provides a valuable non-invasive and clinically relevant tool to 

assess these oscillations and is particularly suitable for use in RTT populations as it can be recorded 

without requiring active task engagement. Clinical EEG in RTT has long revealed visually 

observed abnormalities such as epileptiform discharges and diffuse slowing of activity that persists 

into adulthood.118,119,121 Recent quantitative studies have expanded upon these findings, revealing 

evidence of region-specific disturbances to spectral power (which examines the power of each 

individual frequency present in the signal), including increases in delta  (1-3 Hz) and theta  power 

(4-7 Hz), reductions in alpha power (8-12 Hz), and alterations in the 1/f spectral slope.122,123 While 

spectral power analyses offer insight into the overall magnitude of neural oscillations, they provide 

limited information about how these oscillations dynamically interact to support cognitive 

processes, or how circuit-level dysfunction in RTT can disrupt communication between brain 

regions or alter precise timing mechanisms essential for cognition.  
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Phase-amplitude coupling (PAC), which evaluates how the phase of low-frequency 

oscillations modulates the amplitude of high-frequency activity, has been proposed as a 

fundamental mechanism of neural coordination across spatial and temporal scales.238–240 PAC has 

been observed in diverse electrophysiological signals, from intracellular recordings to scalp EEG, 

highlighting its relevance across different levels of neural activity. It is thought that PAC serves 

as a clocking mechanism, generating temporal windows that allow for the integration of relevant 

information.241 Notably, PAC strength and phase bias—the phase of the slow wave at which 

coupling occurs—can vary by cortical layer and are influenced by interneuron function.242–244  

PAC between canonical frequency pairs is particularly relevant to specific domains of brain 

function and has been shown to be functionally important to a range of core cognitive processes. 

Theta-gamma coupling is implicated in working memory, with theta phase modulating gamma 

amplitude to organize memory encoding and retrieval in the hippocampus and prefrontal 

cortex.245–248 Alpha-gamma coupling, meanwhile, has been linked to computations in visual 

cortical areas, where alpha phase modulates local gamma activity, facilitating selective attention, 

visual information integration, and prioritization of sensory input based on stimulus saliency.249 

Altered PAC has been reported in autism spectrum disorder (ASD) and other neurogenetic 

disorders, both in resting-state EEG26 and during specific cognitive tasks.251–255 In RTT, abnormal 

PAC has recently been identified during slow-wave sleep,256 but its presence during the awake 

state—particularly at faster frequency pairs associated with memory and attention—has not yet 

been studied. Moreover, precisely which neuronal subpopulations and circuit mechanisms drive 

RTT-related oscillatory abnormalities remains an area of active investigation. 

In Mecp2 mutant mice, which replicate key aspects of the RTT phenotype, cortical circuit 

dysfunction is characterized by an imbalance in excitatory-inhibitory signaling,78,83,86 and studies 
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employing techniques such as selective deletion of Mecp2 from specific neuronal subtypes have 

clarified how distinct cell populations individually contribute to these network disruptions.94–96 

Pyramidal (PYR) neuron activity is significantly reduced, particularly in sensory cortical regions, 

leading to progressive silencing of visual circuits and decreased visual acuity.78,83,257 Alterations 

in GABAergic interneurons have also been strongly implicated90: parvalbumin-positive 

interneurons (PV+INs), which normally provide fast-spiking inhibition to PYR neurons, exhibit 

increased connectivity and activity in Mecp2 mutant mice.86 Vasoactive intestinal peptide-

expressing interneurons (VIP+INs) in particular have emerged as especially relevant to circuit and 

oscillatory dysfunction. VIP+INs synapse onto both PYR cells and other interneurons,92,93 

modulating sensory gain258–262 and driving oscillatory activity.263,264 Early disruptions in VIP+IN 

activity broadly compromise cortical circuits, resulting in weakened synaptic inhibition, impaired 

experience-dependent plasticity, and abnormal cortical maturation.258 Deficits in VIP+IN 

excitability and modulation have been reported in mouse models of other neurodevelopmental 

disorders265,266 that share some clinical features with RTT.267,268 Notably, recent studies 

demonstrate that selective deletion of Mecp2 from VIP+INs alters their intrinsic activity and 

recapitulates core phenotypic features of RTT94, positioning VIP+IN dysfunction as a compelling 

avenue for understanding altered cortical dynamics in RTT. 

In the present study, we adopted a multi-level approach, characterizing neural dynamics 

from both top-down and bottom-up perspectives. We first investigated phase-amplitude coupling 

patterns during awake resting state EEG in individuals with RTT. Since the specific frequencies 

and cortical regions where PAC may be disrupted in RTT are currently unknown, we initially 

conducted a data-driven analysis examining coupling comprehensively across all possible 

frequencies and brain regions. Subsequently, we focused our analyses on two canonical frequency 
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pairs—theta-gamma and alpha-gamma—given their established roles in cognitive processing, and 

to allow for more detailed assessments of the distribution of PAC across each group. We identified 

abnormal PAC in individuals with RTT compared to typically developing controls, revealing 

significantly elevated coupling across multiple frequency bands and cortical regions, particularly 

in the alpha-gamma and theta-gamma ranges.  

To identify potential neuronal and network mechanisms underlying the increased theta-

gamma and alpha-gamma coupling seen in RTT, we then took a bottom-up approach by 

constructing a biophysically-constrained network model of cortical Layer 4 (L4) comprising 

pyramidal neurons and three key inhibitory interneuron classes: somatostatin (SOM+), PV+, and 

VIP+ interneurons. We focused our investigation on L4 for three reasons: (1) a major source of 

cortical alpha is thought to come via thalamocortical interactions which include L4242,269; (2) 

increased theta-gamma coupling has been associated with thalamocortical dysfunction270; (3) 

interneurons are key mediators of oscillatory brain activity271–273 and L4 consists of a relatively 

large 7/1 ratio of inhibitory to excitatory neuronal subtypes.274 Of note, biophysically-constrained 

models have been instrumental in revealing the connection of interneuron activity to rhythmic 

network dynamics.115,275,276 Here, our computational model suggests that decreased excitability of 

VIP+ interneurons alone could account for the observed PAC alterations in L4 dynamics. 

By integrating clinical EEG findings with mechanistic insights from animal models and 

computational modeling, our approach provides a unique translational framework for linking 

electrophysiological biomarkers with underlying cellular and circuit-level disruptions in RTT. 

Establishing PAC as a quantitative marker of cortical dysfunction could enable more precise 

tracking of disease progression and facilitate the evaluation of therapeutic interventions, and 
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importantly, our findings open new potential pathways to test in preclinical models in order to 

identify potential novel therapeutic targets in individuals with RTT. 

 

Materials and Methods 

 

Participants  

Participants were enrolled in one of two studies whose data were combined for the analyses 

presented here:  

1. Natural History Study of Rett and Related Disorders (NHS) (U54 HD061222; 

NCT02738281).277 Data were acquired across three study locations (Boston Children’s 

Hospital (BCH), Vanderbilt University Medical Center (VUMC), or Children’s Hospital 

Colorado (CHCO). The experimental protocol was approved and overseen by the 

Institutional Review Boards at each site. 

2. IDDRC Rett Syndrome Biomarkers Study (RSBS). Data were acquired only at BCH. The 

experimental protocol was approved and overseen by the Institutional Review Board at 

Boston Children’s Hospital.  

Participants were 1-46-year-old individuals with Rett Syndrome (RTT; n = 51) and typical 

development (TD; n = 30). While many prior studies in RTT have focused on a narrower age range, 

we chose this wider range to capture the full spectrum of the disorder, and examined the effects of 

age on our analyses as described below. Participants were recruited through hospital-based Rett 

clinics, a research registry, clinical referrals, community sources, and word of mouth. Informed 

consent was obtained from all guardians or participants above 18 years old, and assent from all 

participants developmentally able.  
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In the RTT group, inclusion criteria included being 12 months to 50 years old at time of 

enrollment and a diagnosis of RTT with a previously identified pathogenic or likely pathogenic 

variant in the MECP2 gene. TD participants were recruited to be approximately age and sex-

matched to the RTT participants and were included if they had no underlying genetic diagnoses or 

prior medical conditions associated with increased likelihood of ASD or intellectual disability. In 

both groups, the primary language of participants and caregivers was English. Exclusion criteria 

for the RTT group included taking an investigational drug as part of another research study within 

30 days prior to study enrollment.  

Demographic and other characteristics are reported in Table 4.1. 

 

EEG data collection 

Participants in the RSBS study watched an approximately five-minute video consisting of 

repeating silent videos akin to screensavers which directed their attention to the monitor. Each 

video played forward for 15 seconds and then in reverse for 15 seconds and video display was 

limited to 7 x 9.3 cm to minimize eye movement during task completion. The procedure for the 

NHS study differed slightly, in that participants watched a silent video of their choice. A behavioral 

assistant sat in the room with the participant to keep them as calm as possible. 

Continuous EEG data were recorded at "rest" (i.e., with no time-locked stimuli), during the 

awake quiet state in dim lighting via a Net Amps 400 amplifier using the 128-channel Hydrocel 

Geodesic Net (Electrical Geodesic, Inc., Eugene, OR) with a sampling rate of 1000 Hz. 

 

EEG data pre-processing 
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EEG data preprocessing was conducted using the Batch EEG Automated Processing 

Platform (BEAPP).188 Within BEAPP, data were artifact detected and corrected using the Harvard 

Automated Processing Pipeline for Electroencephalography (HAPPE) 1.0, a pipeline optimized 

for EEG data collected from young children with neurodevelopmental disorders.189 Data were first 

bandpass filtered using a high pass (1 Hz) and low pass (100 Hz) filter and resampled to 250 Hz. 

Only the 18 electrodes in the international 10–20 system were chosen for further processing and 

analysis.  HAPPE applied line noise removal at 60 Hz via CleanLine's multi-taper method and then 

automatically detected and rejected bad channels, movement, muscle, and eye blink artifact with 

wavelet-enhanced independent component analysis (ICA) and ICA with Multiple Artifact 

Rejection Algorithm (MARA).190,191 Following artifact removal, bad channels were interpolated 

using spherical interpolation and data were re-referenced to an average reference. Data were then 

segmented into overlapping 6 second segments (20% overlap), and a 2-second buffer was included 

at the beginning and end of each EEG segment to avoid edge effects from filters. (In other words, 

the buffer resulted in 10-second segments, but only the middle 6 seconds were analyzed). Segments 

were rejected based on HAPPE's recommended amplitude cut off (40μV) and joint-probability 

rejection criteria. 55 randomly selected segments were chosen for each participant for subsequent 

analysis. 

 

EEG rejection criteria  

Participants were rejected if they had fewer than 55 EEG segments (330 seconds) of usable 

data or fell outside of 3 standard deviations from the mean on the following HAPPE quality control 

parameters: percent good channels, mean retained artifact probability, median retained artifact 

probability, percent of independent components rejected as artifact, and percent of EEG signal 



 
 

90 

variance retained after artifact removal. Based on the above criteria 13 of the 81 EEGs collected 

were rejected (these were all from RTT participants, likely due to movement artifact) (Table 4.1).  

 

Phase-amplitude coupling  

As previously described in Mariscal278 and Peck250, the following PAC computations were 

computed using the pactools Python toolbox. For each segment, first narrowband neural 

oscillations at low (2-20 Hz in 2 Hz steps) and high (20-100 Hz in 4 Hz steps) frequencies were 

extracted. Low frequencies were filtered using a constant bandwidth of 2 Hz, while high 

frequencies were filtered using an upper sideband variable bandwidth, equal to the low frequency 

of interest.279 Filtering at this step consisted of a zero-phase cosine-based filter to extract the real 

component and then a sine-based filter to extract the imaginary component, resulting in a complex-

valued output signal.280 

The low frequency phase and high frequency amplitude time series were obtained from the 

filtered signals. The phases of the low frequency signals were binned into 18 20-degree intervals 

(-180° to 180°), and the mean of the amplitude of the high frequency signals within each phase bin 

was calculated. The amplitude values were then normalized by dividing each bin average by the 

sum of all bin averages. The resulting phase-amplitude distributions were averaged across all 55 

segments within participant to minimize noise.  

After averaging the phase-amplitude distribution across segments, coupling strength, also 

known as the Modulation Index (MIraw), was computed as the Kulback-Leibler divergence of the 

phase-amplitude distribution from a uniform distribution (this is embedded in pactools).281 To 

isolate the effect of PAC strength from related factors that may generate spurious phase-amplitude 

coupling (e.g. spectral power), phase amplitude distributions and coupling strength were also 
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computed from a surrogate dataset that did not represent real effects of PAC. This surrogate dataset 

(MIsurr) was generated by offsetting the high frequency and low frequency signals randomly from 

.1 to 1.9 seconds. The modulation index was computed for 200 different iterations of this surrogate, 

null phase-amplitude coupling data. Next, a normalized z-scored modulation index was computed 

using the surrogate distribution; this method was proposed in Dupré La Tour.280 In carrying out 

these steps three measures were obtained from the original PAC strength: MIraw, MIsurr, and 

MInorm, where MInorm is computed as the z-score of the MIraw compared to the distribution of 

MIsurr values (previously termed z-MI in Mariscal278). 

 

Phase-amplitude coupling strength: all frequencies and regions  

To characterize diagnostic differences in patterns of PAC agnostic to canonical frequency 

bands, a data-driven approach was first employed, where analysis was performed across all 

frequency pairs and all channels.  

To identify which frequency pairs and channels had statistically significant PAC within 

each group, a cluster-based approach was utilized, similar to Mariscal.278 The following steps were 

repeated for the RTT and TD groups separately. 

1. For each low and high frequency pair within every channel, a t-test was conducted to 

compare the MIraw values across all files within the group to the mean MIsurr values 

across all files within the group. 

2. “Frequency grouping” size was identified as the number of adjacent significant 

frequency pairs within a channel, excluding diagonals.  

To determine the significance of these frequency grouping sizes, MIraw and MIsurr were 

flipped in a randomly selected subset of half the participants ranging from 1 to half the sample, 
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and the same test statistics and frequency grouping sizes were computed (steps 1 and 2 above). 

This process was repeated 1000 times to generate a null distribution of frequency grouping size. 

Finally, the original frequency grouping sizes that were larger than the 95th percentile of this null 

frequency grouping size distribution were determined to reflect significant PAC.  

To determine differences in PAC strength (MInorm) between groups, a cluster-based 

approach was utilized again. The same analysis steps were conducted, now comparing MInorm 

from each group (rather than MIraw and MIsurr from all files). In this analysis, t-tests were 

similarly conducted to compare MInorm between groups at each frequency pair, and frequency 

grouping sizes that exceeded the permutation-generated null frequency grouping size distribution 

were determined to reflect statistically significant differences in PAC strength between groups.  

 

Phase-amplitude coupling strength: a-priori defined regions of interest and canonical 

wavebands 

Next, a-priori defined regions of interest and canonical wavebands were examined. Group 

differences in PAC strength were evaluated using the modulation index averaged over all segments 

for each individual normalized by the surrogate distribution (MInorm). PAC strength was 

calculated across four brain regions of interest: anterior (FP1, FP2, F3, F4, F7, F8, Fz), posterior 

(O1, O2, T5, T6, Pz), midline (C3, C4), and whole-brain (all 10-20 channels), and in the following 

frequency pairs: theta (4-7 Hz) and gamma (28-56 Hz) and alpha (8-12 Hz) and gamma (28-56 

Hz). A series of independent samples t-tests were used to test whether any differences between 

groups were significant.  

 

Phase bias analysis  
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While the MI value represents the overall strength of phase-amplitude coupling, phase bias (or 

phase preference) reflects whether the high-frequency amplitude is preferentially modulated 

during specific phases of the low-frequency oscillatory cycle. To compute phase bias, the 

amplitude of the high-frequency oscillation was averaged across 18 phase bins spanning one full 

low frequency cycle for each participant. For each frequency pair, phase bias was calculated as the 

proportion of the high frequency amplitude occurring in the positive phase range (0° to +180°), 

divided by the total amplitude across all bins, and then centered by subtracting 0.5. This yielded a 

scalar value per participant per frequency pair, where: 

• Positive values indicate greater high frequency amplitude during the falling phase of the 

low frequency oscillation, 

• Negative values indicate greater amplitude during the rising phase, 

• Values near zero indicate no consistent phase preference. 

The low frequency phase was derived using a cosine-based filter, with 0° corresponding to the 

waveform peak, ±90° to the zero crossings (rising at –90°, falling at +90°), and ±180° to the trough. 

Group-level comparisons of phase bias were performed using Mann–Whitney U tests. 

 

Phenotypic Assessments  

Associations between PAC metrics in all canonical brain regions and frequency pairs and 

age as well as clinical severity were examined. Clinical severity was assessed by clinicians using 

the Clinical Severity Scale (CSS)36 and Clinical Global Impressions of Severity (CGI- S).178,179 

For RSBS participants only, associations with several other phenotypic measurements were also 

evaluated using parent-reported questionnaires: Rett Syndrome Behavior Questionnaire 

(RSBQ),180–182 Sensory Profile 2 (SP2),1,176 Vineland Adaptive Behavior Scales,282,283 and Anxiety 
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Depression and Mood Scale (ADAMS).284,285 Scores and questionnaires were obtained close to or 

on the same day as the EEG recording. Linear regression analyses were computed separately for 

the RTT and TD groups, and False Discovery Rate was used to correct for multiple comparisons 

and applied to p-values. MATLAB was used to run all statistical analyses. 

 

Modeling PAC 

We constructed a biophysical model of Layer 4 cortical networks using single-

compartment neurons with Hodgkin-Huxley-type dynamics (Fig. 4.5). The network model 

included excitatory pyramidal neurons or stellate neurons (PYR) and inhibitory interneurons. The 

interneuron populations consisted of the three most common types of interneurons found in cortex: 

PV+INs, SOM+INs and 5HT3aR+INs.286 We used the VIP+IN subtype of 5HT3aR+ INs in our 

model since we were particularly interested in how VIP+IN activity affects network dynamics—

VIP+INs have been implicated in mediating Rett symptoms by specific deletion of MeCP2 in VIP+ 

cells.94 The model VIP+INs had D-, M- and T-currents which allowed for bursts of spikes at a delta 

time scale. L4-targeting SOM+INs (also known as X94 SOM+ interneurons) have a unique 

electrophysiological profile among cortical SOM+ cells, which includes stuttering behavior at 

alpha frequency94,287. Our model L4 SOM+INs had D-, A- and h-type membrane currents that 

produced the alpha frequency stuttering. We note that rodent L4 differs in cell types and circuits 

depending on cortical area. Specifically, rodent S1—the cortical areas mediating the rodent’s more 

specialized sense of somatosensation—includes X94 SOM+ cells, whereas rodent V1 does not. 

We chose the more specialized cortical area of rodent S1 to model human L4. The PV+INs and 

PYRs were modeled using previous formulations of these cell types.288 Each cell type was 

connected to other types of neurons and to other cells of its own type with varying types, strengths 
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and degrees of connectivity constrained by existing literature that we were familiar with (see 

Appendix for more details). The network consisted of 110 neurons, with the number of each cell 

type roughly proportional to their prevalence in cortex.286 All neuronal subtypes were connected 

to each other through excitatory (AMPA) or inhibitory (GABAa) synapses, with weights assigned 

according to available information. All neurons within the same class were connected to each by 

electrical and/or chemical synapses. 

We studied the network activity under typical (baseline) and low VIP+IN activity levels, 

running 20 simulations for each condition. To decrease the activity of VIP+INs we lowered the 

maximal sodium current conductance of the VIP+INs by 22.5 mS/cm2, which lowered the spiking 

rate of VIP+INs, but did not silence them. In simulations where specific types of interneurons were 

removed from the network, we sufficiently lowered either the maximal sodium conductance or the 

background excitation to those neurons such that spiking was eliminated in that neuronal subtype. 

We ran 7 simulations under each condition of removing one type of interneuron. 

The local field potential (LFP), which is similar to the EEG in that it records extracellular 

voltage fluctuations but is different in that it is more spatially restricted than EEG, was modeled 

as the sum of all excitatory currents among PYR neurons in the network (as in Adam et al., 

2024).289 To compute phase-amplitude coupling we followed the methods in Kramer et al., 2016.290 

Phase amplitude coupling was determined by first bandpass filtering the model LFP at gamma, 

theta and alpha frequencies (where the ranges of all frequencies were the same as those used for 

the clinical EEG data) followed by extraction of phase and amplitude information of the low (theta 

and alpha) and high (gamma) frequencies, respectively using the Hilbert transform; this procedure 

generates phase and amplitude time-series vectors. We then computed the average amplitude of 

gamma for each phase of the low frequency oscillations and found the difference (h) between the 
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maximum and minimum values of the average amplitude. To determine the statistical significance 

of h, we compared h to the difference between the maximum and minimum values of h produced 

from 1000 surrogate phase-amplitude vectors generated by randomly permuting the amplitude 

time series to assign each time point of the phase vector to a random amplitude. Significant phase-

amplitude coupling was determined by calculating the p-value, which was computed as the 

proportion of h-values from the surrogate phase-amplitude data greater than the h-value from the 

non-randomized phase-amplitude data. The raw modulation index (MI) for each high and low 

frequency pair was calculated using the method described above (Kulback-Leibler divergence of 

the phase-amplitude distribution from a uniform distribution).281 A two-sample t-test was used to 

evaluate for a significant difference between the mean of the MI values for simulations run under 

different conditions.  

The code for the model was written in C++. Both the analysis of data and the graphics used 

MATLAB. All code will be made available on GitHub. See Appendix for more details.  

 

Results 

 

To investigate brain-wide oscillatory dynamics in RTT, we analyzed phase-amplitude 

coupling during resting awake-state EEG recorded from 38 individuals with a confirmed diagnosis 

of RTT and 30 typically developing participants. We obtained low frequency phase and high 

frequency amplitude time series from the EEG data and extracted phase-amplitude distributions, 

used throughout the following analyses (see Methods).  

 

PAC in Rett syndrome and typical development across all possible frequencies and regions   
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We used a data-driven approach agnostic to pre-defined canonical frequency ranges to 

characterize any patterns in PAC that may not be captured otherwise, evaluating coupling between 

all possible frequency pairs and across all 18 electrodes.  

 

 

Figure 4.1. Instances of significant phase-amplitude coupling for RTT and TD independently 
across all possible frequencies and regions. Topoplot of comodulagrams visualizing significant 
PAC frequency pairs in RTT (n = 38) and TD (n = 30) for all 18 electrodes of the 10-20 channel 
array. Each subplot represents one electrode, and all subplots share the same axes of low and high 
frequency filtered signal, as shown in the lower left corner. Significant PAC frequency pairs are 
color-coded for RTT (red) and TD groups (blue), with any overlapping significant coupling shown 
in orange. On every subplot, each (x, y) coordinate with colored shading represents an instance of 
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significant coupling between the corresponding low frequency (x) and high frequency (y) signals. 
Significance was calculated using a cluster-based permutation test.  

 

Because PAC has not been previously described in the awake state in RTT, we first asked 

at what channels and at what frequency pairs significant PAC occurs. Using a cluster-based 

permutation analysis, we compared observed PAC to randomized data to identify regions and 

frequency pairs where coupling was significant. Figure 4.1 visualizes instances of significant 

coupling for RTT and TD independently, in a binary manner, agnostic to the strength of the 

coupling. We identified significant coupling in all electrodes for both groups with a high level of 

overlap (Fig. 4.1). Interestingly, in many electrodes (most strikingly F4, F8, T3, T4, C3, C4, and 

O1), the RTT group, but not the TD group, exhibited significant PAC in slower frequencies paired 

with gamma (Fig. 4.1).  

To investigate the differences in PAC between RTT and TD in this data-driven approach, 

we next quantified the strength of coupling by calculating normalized modulation index, or MI, 

and averaging within each group. In Figure 4.2, RTT MI was subtracted from TD and plotted to 

visualize the difference in coupling strength between groups; regions and frequency pairs where 

differences were significant were identified using independent samples t-tests and indicated. We 

found that PAC was stronger in RTT compared to TD in a large portion of frequency pairs and 

electrodes, and that a portion of these differences in MI were statistically significant in every 

electrode (P < .05) (Fig. 4.2). Notably, slower frequencies paired with gamma appeared 

particularly stronger in RTT, and lower gamma was predominantly affected (Fig. 4.2).  
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Figure 4.2. Difference between RTT and TD in phase-amplitude coupling strength across all 
possible frequencies and regions. Topoplot of comodulagrams visualizing PAC strength 
difference between RTT (n = 38) and TD (n = 30) for all 18 electrodes of the 10-20 channel array. 
Each subplot represents one electrode, and all subplots share the same axes of low and high 
frequency filtered signal, as shown in the lower left corner. On every subplot, each (x, y) coordinate 
represents RTT subtracted from TD strength of coupling between the corresponding low frequency 
x and high frequency y signal. Dark green shading corresponds to higher PAC strength in RTT than 
TD, whereas bright yellow shading corresponds to higher PAC strength in TD than RTT. Lighter 
green indicates areas of low PAC strength difference. White boundaries outline areas where 
coupling strength is significantly different between groups. Significance was calculated using 
independent sample t-tests with a threshold of .05. 
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PAC strength is increased in Rett syndrome in canonical theta-gamma and alpha-gamma 

frequency pairs  

We next quantified coupling strength for each participant within the groups, focusing on 

four regions of interest (anterior, posterior, midline, and whole-brain) and the two canonical 

frequency pairs that have been most affected in other neurodevelopmental disorders (alpha-gamma 

and theta-gamma).250,255,278,279 We found that RTT participants had significantly higher MI 

compared to TD in in the alpha-gamma frequency pair in anterior, posterior, and whole-brain 

regions, and in the theta-gamma frequency pair in posterior, midline, and whole-brain regions 

(independent samples t-test, P < .05) (Fig. 4.3). While a subset of participants in the RTT group 

showed MI values comparable to those in the TD group in each region, overall variability was 

greater across individuals, and PAC strength was markedly elevated in the RTT group in most 

regions we evaluated (Fig. 4.3).  
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Figure 4.3. Theta-gamma and alpha-gamma PAC strength elevated in individuals with Rett 
syndrome. Markers in each subplot signify a single individual’s normalized PAC strength for a 
given frequency pair and region (indicated on the top and left). TD participants (n = 30) are shaded 
in blue and RTT participants (n = 38) are shaded in red. Difference between groups was calculated 
using an independent samples t-test, where *** indicates P < 0.001, ** indicates P < 0.01, and * 
indicates P < 0.05. Group mean (horizontal lines) and standard error (vertical lines) are plotted. 

 

PAC phase preference is more positive in the alpha-gamma frequency range in Rett syndrome 

To further probe group differences in PAC, we examined at what point within the low-

frequency cycle this coupling occurred, known as phase bias. Specifically, we computed phase 

bias using a metric that captures whether the high-frequency amplitude tended to occur 

preferentially during the rising or falling phases of the low frequency oscillation, where positive 
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values reflect greater coupling during the falling phase (from peak to trough) and negative 

values indicate greater coupling during the rising phase (from trough to peak).  

We focused on the same canonical frequency pairs and plotted individual alpha-gamma 

and theta-gamma phase bias across anterior, posterior, midline, and whole-brain regions. RTT 

participants exhibited significantly more positive alpha–gamma phase bias compared to TD 

in anterior and whole-brain regions (Mann-Whitney U test, P < .05) (Fig. 4.4A). Correspondingly, 

in RTT, gamma amplitude peaked slightly earlier in the alpha cycle compared to TD (Fig. 4.4B). 

We did not observe a significant group difference in alpha-gamma phase bias in the posterior 

region or in theta-gamma phase bias in any region.  

 

Phenotypic Assessments  

Despite the robust group differences in PAC between RTT and TD participants, no 

associations between PAC metrics and clinical or phenotypic measures reached significance.  
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Figure 4.4. Alpha-gamma phase preference altered in Rett syndrome. TD participants (n = 30) 
are shaded in blue and RTT participants (n = 38) are shaded in red. (A) Markers in each subplot 
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signify a single individual’s theta-gamma or alpha-gamma phase bias values in four given regions. 
Difference between groups was calculated using a Mann-Whitney U test, where *** indicates P < 
0.001, ** indicates P < 0.01, and * indicates P < 0.05. Group mean (horizontal lines) and standard 
error (vertical lines) are plotted. (B) Gamma amplitude plotted as a function of alpha phase in four 
given regions. Traces represent group averages, where amplitude means are plotted. Error bars 
represent standard deviation values. 0° corresponds to the peak of the low frequency, +90° 
corresponds to the falling phase of the low frequency, 180° or -180° corresponds to the trough of 
the low frequency, and -90° corresponds to the rising phase of the low frequency. 
 

Modeling of Layer 4 network implicates VIP+IN dysfunction in increased theta-gamma and 

alpha-gamma PAC 

 

 

Figure 4.5. Schematic of L4 network. PYR represents excitatory stellate and/or pyramidal cells, 
PV represents fast spiking parvalbumin+ cells, SOM represents somatostatin+ cells projecting to 
L4, and VIP represents VIP+ cells. Each represents a population of cells of a given cell type. In 
isolation (without network connections), VIP+ cells produce delta/theta (2 – 4 Hz), SOM+ cells 
produce alpha, and the reciprocal interaction between PYR and PV+ cells produces gamma via 
PING (pyramidal cell – interneuron gamma). Noisy input is given to pyramidal cells to represent 
thalamic input and/or input from other cortical areas. Excitatory synaptic connections are 
represented by red arrows and inhibitory connections are represented by blue arrows. 
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To explore the underlying cellular and network mechanisms of changes to PAC in RTT, we 

constructed a biophysically constrained model of cortical Layer 4 containing excitatory neurons 

(PYR) as well as PV+, SOM+ and VIP+ interneurons (Fig. 4.5). Since VIP+INs have been 

implicated in mediating RTT symptoms,94 we were particularly interested in whether deficiency 

in VIP+IN activity could account for the elevated PAC we observed in RTT. We therefore studied 

the model network activity under typical (baseline) and low VIP+IN activity levels.   

 

 

Figure 4.6. VIP+ cell hypoactivity alters local network dynamics but PAC remains significant 
in L4 model. (A) Raster plots of simulations of L4 network under conditions of typical VIP+IN 
activity and when VIP+IN activity is lowered. (B) Filtered LFP signals show high (gamma in 
green) and low (theta in blue and alpha in red) frequency bands and their coordination under typical 
and low VIP+IN activity conditions. Significant PAC was calculated using a permutation test.   
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At typical (baseline) levels of VIP+IN activity, networks showed significant participation 

of all neuronal subtypes (Fig. 4.6A, left). VIP+INs and SOM+INs were mutually inhibitory, and 

the network toggled between periods of SOM+IN-dominated activity and periods of VIP+IN-

dominated activity. The brief periods of SOM+IN activity were accompanied by pauses in network 

activity, whereas the relatively longer VIP+IN activation periods allowed PYR and PV+INs 

spiking. Gamma oscillations emerged in the network spiking during periods of VIP+IN activity 

(Fig. 4.6A left, 6B left) when PYR and PV+INs interacted to form a type of gamma rhythm known 

as PING (pyramidal-interneuron network gamma)291 as observed in the filtered model LFP (Fig. 

4.6B, left). Although theta and alpha oscillations were also apparent, they were not clearly 

attributable to the spiking activity of any one neuronal subtype.  

Using a permutation test similar to the one used to identify significant PAC in the clinical 

EEG data (Fig. 4.1), significant LFP PAC was found in the baseline condition between both theta 

and gamma (P < 0.01) as well as between alpha and gamma (P < 0.05) (Fig. 4.6B, left).  

We next considered simulations in which VIP+IN excitability was decreased. The overall 

spiking rate of PYR was greatly reduced (Fig. 4.6A, right), consistent with findings in mouse 

models of RTT.78 The reduction of activity was a consequence of overactivity of SOM+INs, which 

were released from baseline levels of VIP+IN inhibition, thereby strongly inhibiting all other 

network components. Although the population spiking of VIP+INs was decreased compared to 

baseline, gamma still emerged during PING oscillations, which occurred robustly during the brief 

VIP+IN active periods and sparsely during the periods of SOM+IN overactivity.   

Remarkably, despite obvious changes in network dynamics (compared to baseline) when 

VIP+IN activity was low, the PAC between low frequency (theta and alpha) and high frequency 

(gamma) oscillations in the model LFP remained statistically significant (P < 0.05 in both cases). 
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These results are consistent with our finding of significant theta-gamma and alpha-gamma 

coupling in the EEG of both TD and RTT participants as shown in Fig. 4.1.   

Importantly, if reduction in VIP+IN activity is related to the changes in PAC strength as 

found in our EEG data, simulations in which VIP+IN activity is lowered should have increased 

PAC coupling strength compared to the PAC strength under baseline conditions. Therefore, we 

next investigated if the strength of the gamma modulation by theta and alpha (coupling strength, 

or MI) changed when VIP+IN activity was lowered. When we compared baseline and low VIP+IN 

activity conditions, both theta-gamma and alpha-gamma MI were significantly increased in the 

low VIP+IN condition versus the baseline condition (P < 0.001 in both cases) (Fig. 4.7A), 

matching the observations in the EEG of RTT participants as shown Figures 4.2 and 4.3.  

 

 

Figure 4.7. Increased modulation of gamma by slower theta and alpha frequencies with loss 
of VIP+ cell excitability. (A) Markers represent the modulation index of the theta-gamma or 
alpha-gamma PAC in the model LFP after 9s of simulation time. Blue markers represent typical 
VIP+IN activity conditions and red markers represent low VIP+IN activity conditions. n = 20 for 
each group. Difference between groups was calculated using an independent samples t-test, where 
*** indicates P < 0.001. Group mean (horizontal lines) and standard error (vertical lines) are 
plotted. (B) Modulation index of the theta-gamma and alpha-gamma PAC in the model LFP after 
9s of simulation time after one interneuron type (SOM+, VIP+ or PV+) was removed from the 
simulation. An independent samples t-test was used to determine if there was an increase in the 
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mean MI for a particular condition (loss of one type of interneuron) compared to the mean MI in 
simulations with typical interneuron activity levels (i.e., the “typical VIP+IN activity” level 
condition), where ** indicates P < 0.01 and *** indicates P < 0.001.  
 

Finally, we probed whether other interneuron subtypes could account for some of the 

changes to PAC coupling strength seen in the RTT group by repeating the simulation and 

alternately removing one interneuron subtype at a time. When compared to baseline conditions, 

removal of SOM+IN activity did not account for increased PAC strength in either theta-gamma or 

alpha-gamma PAC (P > 0.05 in both cases) (Fig. 4.7B). Removal of PV+IN activity could account 

for increases in theta-gamma PAC strength (P < 0.01) but not alpha-gamma PAC strength (P > 

0.05). Crucially, only removal of VIP+INs could account for changes to both alpha-gamma and 

theta-gamma PAC strength. Notably, compared to lowered VIP+IN activity (Fig. 4.7A), PAC 

strength increased even more when VIP+IN activity was completely removed (Fig. 4.7B), 

indicating that PAC strength may be modulated by the level of VIP+IN deficiency.  

Overall, our results suggest that RTT-induced VIP+IN deficiency could contribute to the 

elevated PAC strength observed in RTT. 

 

Discussion   

 

Rett syndrome is a disorder of widespread brain dysfunction, yet its impact on large-scale 

network activity remains incompletely understood. Oscillatory dynamics—specifically phase–

amplitude coupling—offer a powerful, non-invasive window into these disruptions in RTT. With 

few disease-altering therapeutics currently available, such measures are especially valuable as 

potential biomarkers that can guide the development and evaluation of targeted interventions. 
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Here we investigated phase-amplitude coupling in the awake resting state in individuals 

with RTT compared to typically developing controls. We found that both groups exhibited 

significant PAC across all electrodes and frequency combinations, confirming widespread cross-

frequency coordination at rest, independent of any presence of disorder. However, the RTT group 

showed more extensive and spatially distributed coupling, particularly in frontal, temporal, and 

occipital electrodes. PAC strength was significantly elevated in RTT, especially for slower 

frequencies coupled with low gamma. Analyses of canonical frequency bands further revealed 

increased theta–gamma PAC strength in posterior, midline, and whole-brain regions, and increased 

alpha-gamma PAC strength in anterior, posterior, and whole-brain regions. Additionally, alpha–

gamma phase bias was shifted toward the falling phase of the low-frequency oscillation in anterior 

and whole-brain regions. Finally, simulations from a biophysically constrained model showed that 

reduced excitability in VIP+ interneurons (but not other interneuron subtypes) produced similar 

elevations in theta-gamma and alpha-gamma PAC strength, supporting a mechanistic link between 

VIP+IN dysfunction and the empirical data. Together, these findings suggest that PAC captures 

systems-level abnormalities in neural coordination that may be driven by a particular cell type in 

RTT.  

Elevated theta–gamma coupling in Rett syndrome is notable given the established role of 

theta-gamma coupling in working memory, episodic encoding, and cognitive control.245–248 In both 

humans and animal models, theta phase organizes gamma bursts into discrete representational 

windows, supporting flexible information integration.245–248 In the context of RTT, increased theta–

gamma coupling may reflect compensatory recruitment of neural resources or inefficient top-down 

modulation. Alternatively, it could indicate disrupted thalamocortical coordination, a feature 

implicated in both RTT and other neurodevelopmental conditions.241,257,269,292 Altered alpha–
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gamma coupling and phase bias in RTT further implicate disruptions in sensory integration and 

attentional gating. Alpha rhythms modulate cortical excitability and control sensory gain, while 

gamma activity reflects local circuit computation242,293–295; increased alpha–gamma coupling may 

therefore reflect a compensatory mechanism aimed at stabilizing sensory processing through 

enhanced top-down control. The shift in phase bias toward the falling phase of the alpha cycle 

suggests a disruption in the temporal precision of this gating process. Evaluating PAC metrics in 

event or task-related paradigms will further clarify the functional role of coupling during active 

cognitive or sensory engagement. 

Disruptions in theta–gamma coupling—characterized by reduced specificity or abnormal 

timing—have been reported in Fragile X syndrome and ASD,253,255 while altered alpha-gamma 

phase bias has been observed in both Phelan-McDermid syndrome278 and ASD.  These findings 

suggest that aberrant phase-amplitude coupling may reflect shared network-level vulnerabilities 

across neurodevelopmental disorders, despite divergent genetic etiologies. PAC metrics may 

therefore help stratify mechanistically relevant subgroups within heterogeneous conditions like 

ASD and serve as a systems-level framework for comparing circuit dysfunction across syndromic 

forms.253,255 

Despite the robust group differences in PAC between RTT and TD participants, we did not 

find significant associations between PAC metrics and clinical or phenotypic measures. This may 

be due to the complexity of the RTT phenotype, which encompasses a broad range of cognitive, 

motor, sensory, and autonomic dysfunctions. The clinical scales utilized in this study, while 

valuable for assessing overall disease severity, may not be sufficiently sensitive to detect more 

subtle cognitive deficits, memory retention, or sensory processing abnormalities that are reflected 
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in PAC dynamics. Developing more specific cognitive and behavioral assessments could help 

clarify the functional relevance of these neurophysiological findings. 

Our computational model of L4 demonstrates that lowered VIP+IN activity may lead to a 

general reduction of local neural activity along with an increase in the amount of coupling between 

lower (theta and alpha) and higher (gamma) frequencies. Dysfunction in VIP+INs alone could 

recapitulate the elevated theta–gamma and alpha–gamma coupling observed in the EEG data, 

suggesting that lowered VIP+IN activity could contribute to PAC abnormalities in RTT. Our 

computational results also suggest that VIP+IN deficiency alters network function by increasing 

SOM+IN modulated inhibitory tone, which restricts signal transmission that would typically occur 

with higher VIP+IN activity levels. To establish causality between deficiency of VIP and increased 

theta/gamma and alpha/gamma coupling in RTT, future studies could directly manipulate VIP+IN 

function in RTT preclinical models. Selective deletion of Mecp2 from VIP+INs followed by in 

vivo EEG recording would test whether VIP+IN activity is necessary and sufficient to produce 

elevated PAC. If causality is established between deficiency of VIP+INs and increased 

theta/gamma and alpha/gamma coupling, future studies can combine experimental event or task-

related paradigms with further modeling to identify functional consequences of the altered PAC. 

Complementary experiments restoring VIP+IN function—either genetically or through targeted 

neuromodulation—could provide critical insight into reversibility. Notably, non-invasive 

stimulation approaches that entrain gamma rhythms have been shown to improve pathology via 

VIP peptide (a peptide co-released with GABA from VIP+INs) in a mouse model of Alzheimer's 

disease, and may offer a translatable strategy to modulate VIP+IN activity in RTT.296  

Interestingly, we observed inter-individual variability in PAC strength in the RTT group, 

with a subset exhibiting MI values similar to TD and a subset exhibiting higher MI. Our model 
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suggests that the elevation in PAC strength may scale with the level of VIP+IN deficiency, and it 

is possible that some of the heterogeneity observed in the PAC strength of individuals with RTT 

could be attributable to differing levels VIP+IN dysfunction across individuals or as disease 

progresses (with greater deficiency of VIP+INs in more severe cases of RTT compared to less 

severe ones). Most participants in the present study were in the post-regression phase, which may 

reflect distinct stages of circuit pathology. Longitudinal studies or studies spanning pre- and post-

regression ages could help determine whether PAC changes arise early in disease progression or 

emerge as a consequence of ongoing network changes. Additionally, the type or location of 

MECP2 mutations, as well as differential patterns of X chromosome inactivation skewing (on a 

cell-by-cell and regional basis), influence disease severity32,33,35–37 and could thus impact the nature 

of PAC alterations and impairment to VIP+INs. Incorporating different disorder stages along with 

genetic subtype analyses in both preclinical and clinical studies will help clarify inter-individual 

variability in electrophysiological phenotypes and inform personalized treatment strategies.  

Overall, our study identifies altered phase–amplitude coupling as a robust signature of 

cortical dysfunction in Rett syndrome. By bridging molecular and cellular mechanisms with non-

invasive neurophysiological readouts, PAC offers a scalable and clinically accessible tool for 

tracking circuit-level pathology. Given the widespread use of EEG, PAC could serve not only as a 

functional biomarker in RTT but also as a generalizable framework for monitoring dysfunction 

across neurodevelopmental and neuropsychiatric disorders. As our understanding of cell-type-

specific contributions to oscillatory dynamics grows, PAC may ultimately help link genetic and 

cellular pathology to systems-level outcomes and therapeutic response in a broad range of brain 

disorders. 
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Chapter 5. General Discussion 
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Understanding how disruptions to neuronal function gives rise to atypical sensory 

processing —and how these disturbances cascade into broader impairments in cognition, social 

behavior, and daily functioning—remains an area of active investigation in the study of 

neurodevelopmental disorders, including both idiopathic and genetically defined forms of ASD. 

Here, we focus mainly on Rett syndrome, a monogenic disorder with well-characterized genetic 

origins, which provides a unique opportunity to examine how molecular and cellular pathology 

manifests in large-scale neural dynamics and behavioral outcomes. Across three studies, we 

leverage EEG-based methods to interrogate the neural mechanisms by which the brain processes, 

gates, and coordinates information. Together, these studies characterize disruptions to both 

stimulus-evoked and spontaneous brain activity and propose candidate cellular and circuit-level 

mechanisms underlying these patterns.  

 

Summary of findings 

Atypical responsivity to sensory stimuli is a hallmark of many neurodevelopmental 

conditions including ASDs, with individuals often exhibiting both hypo- and hyper-reactivity to 

sensory stimuli. In the first study, we quantified this Sensory Paradox in RTT and investigated 

whether variability in neural responses to sensory stimuli might contribute to these phenotypes. 

We measured inter-trial phase coherence, a time-frequency analysis of consistency in the phase 

response across trials, and found that individuals with RTT showed significantly reduced ITPC in 

both auditory- and visual-evoked potentials compared to typically developing individuals, 

indicating greater trial-by-trial variability in neural responses. This variability was strongly 

associated with attenuated VEP and AEP amplitudes. Notably, reduced ITPC in VEPs also 

correlated with elevated sensory responsivity and greater behavioral symptom burden and was 
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impacted by mutation severity. These findings suggest that instability in the temporal precision of 

neural responses to sensory stimuli may contribute to dampened ERPs previously observed in RTT 

and atypical sensory responsivity. 

The second study focused on resting-state beta-band dynamics in EEG as a window into 

thalamocortical function, a key pathway for sensory processing. We employed transient beta 

events—brief, high-power bursts in the beta frequency range that are thought to reflect 

thalamocortical drive and are implicated in tactile processing297—as a mechanistically informed 

marker of sensory gating. This study included individuals with idiopathic ASD as well as several 

neurogenetic conditions with increased rates of ASD, allowing us to assess whether differences in 

TBEs may be shared across related disorders despite distinct genetic etiologies. We found that 

compared to typically developing individuals, the rate of TBEs was significantly elevated in 

individuals with RTT, as well as in Phelan-McDermid syndrome, SYNGAP1-related disorder, and 

a subset of children with idiopathic ASD (but not in those with Tuberous Sclerosis Complex or 

PTEN hamartoma tumor syndrome). These results highlight both convergent and condition-

specific profiles. Given the role of TBEs in sensory gain and perception, these findings suggest 

that increased TBE rate may reflect disruptions in thalamocortical signaling and contribute to 

altered sensory responsivity that are common to many neurodevelopmental disorders including 

RTT.   

The final study once again focuses on resting EEG and explores large-scale oscillatory 

coordination through the lens of phase-amplitude coupling. PAC measures how the phase of slow 

rhythms modulates the amplitude of fast activity, enabling integration of information across spatial 

and temporal scales, and is implicated in key cognitive and sensory functions.238,240 Individuals 

with RTT showed widespread and significantly elevated PAC, especially in theta-gamma and 
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alpha-gamma frequency ranges. A shift in alpha-gamma phase bias was also observed. 

Biophysically constrained computational modeling of a Layer 4 cortical network further revealed 

that reduced excitability of VIP+ interneurons alone could reproduce the PAC elevations observed 

in RTT, identifying a candidate mechanism linking cellular dysfunction to altered oscillatory 

dynamics. 

 

Disrupted neural timing in Rett syndrome 

Changes in oscillatory dynamics offer a window into how the temporal coordination of 

neural activity is altered in Rett syndrome (RTT). Across all three studies, this dissertation 

highlights disruptions to the temporal structure of neural activity in RTT — not just in terms of 

magnitude or spectral content, but in how the brain organizes when neurons are most excitable, 

responsive, or coordinated. This framing has been previously described as the concept of 

the dynome—the brain’s dynamic counterpart to the connectome—which captures how neural 

activity is organized across time to enable perception, cognition, and behavior.194 While the 

connectome describes what is connected, the dynome describes when and how those connections 

are active across behavioral states and timescales. The alterations observed in ITPC, TBEs, and 

PAC can reflect disruptions in this temporal architecture—in how the brain transitions between 

more and less excitable states, how it gates incoming input, and how it synchronizes rhythmic 

activity to support computation.  

Rapid, moment-to-moment fluctuations in arousal and brain state during wakefulness 

strongly modulate cortical responsiveness and behavioral performance; cortical networks rapidly 

shift between high- and low-excitability states even during “rest,” and these fluctuations influence 

the gain of sensory responses and the timing of spontaneous and evoked activity, shaping how 
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stimuli are encoded (and whether the brain is more or less likely to respond).298 Traditional EEG 

measures can miss this layer of dynamic variability, but measures like ITPC and TBEs can be 

especially sensitive to capturing moment-to-moment variability in circuit readiness. Reduced 

ITPC may reflect dysregulation in these state transitions, resulting in inconsistency in how the 

brain responds to repeated stimuli, and an increased rate of TBEs may indicate aberrant or 

excessive transitions into high-excitability states, disrupting the balance of sensory gating and 

contributing to atypical sensory responsivity. 

Importantly, network oscillations that can be measured using EEG emerge from reciprocal 

interactions between excitatory and inhibitory pools of neurons that lead to rhythmic population 

activity;115 gradients of excitatory/inhibitory balance across cortex govern both the stability of 

cortical states and the generation of network rhythms.77,115 Interestingly, although individual 

neurons can fire stochastically, population-level coherence still emerges though dynamically 

regulated rhythms, creating temporal windows for information processing. This population-level 

coordination is fundamental to how the brain segments and integrates information across space 

and time. In Chapter 4, our modeling work identifies VIP+ interneuron dysfunction—a key 

regulator of local circuit gain—as sufficient to produce the elevated PAC observed in RTT, 

reinforcing the idea that cell-type–specific dysfunction can disrupt temporal dynamics in network 

oscillations observable with EEG. 

Together, the findings presented here point to disruption in the temporal architecture of 

neural computation in RTT.  

 

Translational implications and conclusions 
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The ability to use EEG to measure circuit-relevant signals from human participants opens 

powerful avenues for “back-translation” into preclinical models, enabling a mechanistic 

interrogation of the findings and testing of targeted interventions; each of the EEG-based 

biomarkers in this dissertation offers a distinct entry point into circuit-level dysfunction that can 

be further clarified using manipulations in model organisms. For example, future studies can test 

the causal role of VIP+ interneurons in PAC abnormalities by selectively deleting or 

restoring Mecp2 and measuring changes to PAC, while manipulations of interneuron populations 

in Mecp2 mutant mice could clarify how disruptions to E/I balance affect ITPC. 

Furthermore, even in distinct monogenic disorders, circuit dysfunction may arise through 

partially overlapping physiological processes. Rett syndrome shares many clinical, behavioral, and 

neurophysiological features with a broader class of neurodevelopmental disorders that have high 

rates of ASD, including atypical sensory processing, disrupted E/I balance, and altered network 

dynamics. Chapter 3 highlights this convergence: elevated TBE rates were not exclusive to RTT, 

but were also observed in Phelan-McDermid syndrome, SYNGAP1-related disorder, and a subset 

of idiopathic ASD. Furthermore, similar patterns of aberrant PAC and reduced ITPC have also 

been reported in Fragile X syndrome,135 Phelan-McDermid syndrome,278 and idiopathic 

ASD,173,250 supporting the idea that these biomarkers may represent vulnerabilities across 

diagnostic groups. In this context, mechanistically grounded EEG-based biomarkers could help 

stratify biologically meaningful subgroups within heterogeneous clinical populations and serve as 

a unifying framework for comparing circuit-level dysfunction across neurodevelopmental 

disorders. 

Collectively, these studies may ultimately help bridge the gap between molecular 

pathology and clinical phenotype in RTT and other neurodevelopmental disorders and offer EEG-
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based biomarkers with translational potential for tracking circuit dysfunction and guiding 

therapeutic development, advancing a bidirectional path between preclinical models and clinical 

research. 
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Supplemental Figures and Tables 

 

 
 

Figure S2.1. Difference in AEP amplitude emerges when stratifying by age. AEPs are shown 
for RTT (red) and TD (blue) participants in two age groups. (A) Grand average AEP waveforms 
are shown for participants below 10 years old (RTT n=11 and TD n=15). The P1 and N1 
components are indicated. AEP was analyzed at frontal-central electrode Fz. Shaded areas 
represent the 25th to 75th percentile range across participants. Vertical dashed lines indicate 
stimulus onset (0ms) and 100ms post-stimulus. (B) Violin plots of corresponding AEP P1 and N1 
amplitudes, where circles represent individual participants. Statistical significance is indicated, 
where *** indicates P<0.001, ** indicates P<0.01, and * indicates P<0.05. Violin widths represent 
kernel density estimates; dashed horizontal lines indicate group means. (C-D) Figures and analyses 
are repeated for participants above 10 years old (RTT n=16 and TD n=11).  
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Figure S2.2. Amplitude in some ERP components is associated with age. Association between 
amplitude in VEP components and age (RTT n=31, TD n=28) (A-B), and between amplitude in 
AEP components and age (RTT n=27, TD n=26) (C-D). Shaded areas indicate 95% confidence 
intervals around linear regression lines. Statistical significance is indicated with r and P values, 
where: *** indicates P<0.001, ** indicates P<0.01, and * indicates P<0.05. 
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Figure S2.3. VEP phase coherence is associated with behavioral symptom severity in RTT. 
Association between ITPC in VEP components and RSBQ score (n=29) (A-B), and between ITPC 
in AEP components and RSBQ score (n=27) (C-D). Shaded areas indicate 95% confidence 
intervals around linear regression lines. Statistical significance is indicated with r and P values, 
where: *** indicates P<0.001, ** indicates P<0.01, and * indicates P<0.05. 
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Figure S2.4. ITPC in visual-evoked potentials is impacted by MECP2 mutation severity. 
Circles represent individual participant ITPC values. TD participants are shown in blue and RTT 
participants are shown in red, with RTT subgroups stratified by MECP2 mutation severity (mild, 
intermediate, or severe). Statistical significance is indicated with horizontal brackets above the 
relevant group comparisons, where: *** indicates P < 0.001, ** indicates P < 0.01, and * 
indicates P < 0.05. (A, B) ITPC in AEP P1 (A) and AEP N1 (B) components. TD n=26, RTT: mild 
n=3, intermediate n=8, severe n=16. (C, D) ITPC in VEP P1 (C) and VEP N1 (D) components. 
TD n=28, RTT: mild n=4, intermediate n=10, severe n=17. 
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Figure S2.5. ITPC in some ERP components is associated with age. Association between ITPC 
in VEP components and age (RTT n=31, TD n=28) (A-B), and between ITPC in AEP components 
and age (RTT n=27, TD n=26) (C-D). Shaded areas indicate 95% confidence intervals around 
linear regression lines. Statistical significance is indicated with r and P values, where: *** indicates 
P<0.001, ** indicates P<0.01, and * indicates P<0.05. 
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Figure S2.6. ITPC in visual- and auditory-evoked responses are not associated with each 
other. Association between ITPC in the VEP P1 component and ITPC in the AEP P1 component. 
RTT n=25 and TD n=26. Shaded areas indicate 95% confidence intervals around linear regression 
lines. Statistical significance is indicated with r and P values, where: *** indicates P<0.001, ** 
indicates P<0.01, and * indicates P<0.05. 
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Figure S3.1. TBE-rates do not differ across TD cohorts. Kruskal-Wallis test demonstrated no 
significant differences in TD groups across studies (p =.669). 

 

 

 

Figure S3.2. Test-retest reliability for ASD and TD groups. Test-tetest with ICCs for TD 
ABCCT (ICC = .365, 95% CI [.189, .517]) and ASD ABCCT (ICC = .606, 95% CI [.520, .679]) 
individually and collapsed into one group (ICC = .547, 95% CI [.470 .616]). Time 2 data was 
collected 6 weeks after Time 1. TD is pink square, n =108; ASD is orange X, n = 247 
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Supplementary Table 3.6. Medication List for Participants with Extreme TBE-Rates. 
 
   Diagnostic Group 

   ASD ABC-CT ASD SPA PMS TSC Rett SYNGAP1 TD 

Extreme TBER participants (N) a 13 8 15 1 10 5 4 

Not taking any medications 2 6 1   1 1 3 

Centrally 
acting 

Alpha2-Adrenergic Agonist 
(Clonidine or Guanfacine) 

  4  5   

Atypical Antipsychotic 
(Lurasidone or Quetiapine) 

1  1     

Benzodiazepine (Clobazam, 
Lorazepam, Clonazepam, 
Diazepam, or Midazolam) 

  4  3 2  

Buspirone     1   

Cannabidiol     1 2  

Carbonic Anhydrase Inhibitor 
(Acetazolamide) 

   1    

Dextroamphetamine and 
amphetamine (Adderall)  1       

Epinephrine     2   

Gabapentin   1  2   

Ketamine     1   

Glycine-proline-glutamate analog 
(Trofinetide) 

    1   

Histamine H1 Antagonist 
(Diphenhydramine, 
Cyproheptadine, Loratadine or 
Hydroxyzine) 

3  2  2  1 

Lacosamide   1  1   

Lamotrigine   1     

Levetiracetam   1  1 1  

Melatonin 5 1 3  3   

Methylphenidate 2  2     

Mirtazapine     1   

Oxcarbazepine   1     

Phenytoin     1   
Selective Serotonin Reuptake 
Inhibitor (Escitalopram, 
Fluoxetine, Sertraline, 
Trazodone) 

3  1  2 1  

Topiramate     1 1  

Valproic Acid         1     

Other 
medications 
and 
supplements 

Albuterol Inhaler 1   1   2     

Antibiotic (Amoxicillin or 
Azithromycin) 1  1     

Antifungal (Fluconazole, 
Nystatin) 

 1 1     

Calcium/ magnesium   1     

Carnitine   1     
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Ethyninyl estradiol-
norethindrone 

    1   

Fish Oil     1   

Fluoride topical toothpaste     1   

Fluticasone     2   

Folinic Acid   1     

Glycerin Suppository     1   

Glycopyrrolate     1   

Growth hormone   1     

Histamine H2 Antagonist 
(Famotidine or Ranitidine) 

  1  1   

Lactulose   1     

Levocarnitine     1   

L-theanine 1       

Milk of magnesia     1   

Multivitamin 4  3    1 

Nystatin ointment  1      

Omega 3   1    1 

Polyethylene glycol 1  2     

Probiotic   4  1   

Proton Pump inhibitor 
(Omeprazole or Lansoprazole) 

  3     

Prucalopride     1   

Ranitidine 1       

Senna   1  1   

Vitamin D 3  3  2   

Zinc     1         
 

a Extreme = if individual value was above the top TD “whisker”, exceeding the 75th percentile by more than 1.5 x the IQR value  
Note: There were no participants with extreme TBE-rates in the PHTS group.  
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Appendix. Computational Methods

Neurons

Our model of the cortical Layer IV uses single-compartment, biophysical models of four types

of neurons: PV+INs, VIP+INs, SOM+INs and excitatory cells (pyramidal cells or stellate cells)

called PYR. The voltage (V ) of each neuron changes in time according to an equation that equates

the capacitive membrane current of each neuron with its membrane ionic currents. This equation

is given by:

cm
dV
dt

=−∑ Imemb −∑ Isyn + Iapp (1)

In (1), the membrane voltage (V ) has units of mV . The membrane ionic currents (Imemb),

the synaptic current (Isyn), and the applied current (Iapp) all have units of µA/cm2. The specific

membrane capacitance (cm) is set to 1µF/cm2 for all neurons. All ionic membrane and synaptic

current have Hodgkin-Huxley-type conductances formulated as:

I = ḡmnhk(V −Eion) (2)

In (2), the maximal ionic conductance (ḡ) uses units of µS/cm2 and the ionic reversal potential

(Eion) has units of mV . Each ionic current has n activation gates (m) and k inactivation gates (h).

For the membrane currents, the activation and inactivation gating variables evolve according to a

two-state kinetic equation formulated (written for the gating variable m) as:

dm
dt

=
m∞(V )−m

τm(V )
(3)

The steady-state function (m∞(V )) and the time constant of decay (τm(V )) are dependent on

voltage and may be re-written as rate functions (αm(V ),βm(V )) using the transformation:
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m∞(V ) = αm(V )/(αm(V )+βm(V ))

τm(V ) = 1/(αm(V )+βm(V ))

The equations for the synaptic currents (Isyn) describe the dynamics of the interaction between

the presynaptic (pre) and postsynaptic (post) neurons:

Ipost = ḡs(Vpre)(V −Eion) (4)

Each post synaptic current has a single activation gate (s), which is dependent on the voltage

of the pre-synaptic neuron (Vpre). The applied current (Iapp) is either a constant term or a noise

term or a sum of both. Iapp determines the excitability level of an individual cell.

Excitatory Cells

The excitatory neurons have spiking currents (i.e., sodium current (INa), potassium current

(IK) and leak current (IL)) as well as an M-current (IM) and an h-current (Ih), both known to be

found in cortical pyramidal cells.1,2 Synaptic currents to the excitatory cells come from inhibitory

input from SOM+INs (Isome), PV+INs (Ipve) and VIP+INs (Ivipe) as well as excitatory input from

other excitatory cells (Iee). The voltage change in an excitatory cell is described by:

cm
dV
dt

=−INa − IK − IL − IM − Ih − Ipve − Ivipe − Isome − Iee + Iapp (5)

Models of the spiking currents (INa, IK, IL) are taken from a previous formulation of these

currents.3 The maximal sodium conductance is set to ḡNa = 100mS/cm2. The sodium reversal po-

tential is ENa = 50mV . This sodium current has three activation gates (n = 3) and one inactivation

gate (k = 1). The rate constants for the activation (m) and inactivation (h) variables are described

by:
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αm =
0.32(V +54)

1− exp [−(V +54)/4]

βm =
0.28(V +27)

exp [(V +27)/5]−1

αh = 0.128exp [−(V +50)/18]

βh =
4

1+ exp [−(V +27)/5]

The maximal conductance for the fast potassium channel is ḡK = 80mS/cm2 and the reversal

potential for potassium is EK = −100mV . The fast potassium channel has no inactivation gates

and four activation gates described by the rate functions:

αm =
0.032(V +52)

1− exp [−(V +52)/5]

βm = 0.5exp [−(V +57)/40]

The leak current (IL) has no gating variable. The maximal leak channel conductance is gL =

0.1mS/cm2. The leak current reversal potential is EL =−67mV .

The formulation of the M-current comes from Mainen et al., 1996.4 It has one activation gate

and no inactivation gate. The maximal conductance for the M-current, ḡM is 1.3 mS/cm2. The rate

functions for the M-current activation variable are:

αm =
Qs10−4(V +30)

1− exp [−(V +30)/9]

βm =− Qs10−4(V +30)
1− exp [(V +30)/9]

For the M-current, a Q10 factor of 2.3 is used in scaling the rate functions because the kinetics

were originally derived from experiments performed at 23◦C. To model dynamics of the M-current

at a normal body temperature of 37◦C, the rate equations for the M-current are scaled by:
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Qs = Q(37◦C−23◦C)/10
10 = 3.209

The model for the H-current comes from Jones et al., 2000.5 It has one activation gate and no

inactivation gate. The maximal conductance for the h-current (ḡh) is 1.2 mS/cm2. The reversal po-

tential for the h-current is Eh =−43mV . The h-current activation variable (r) steady state function

and time constant of decay are given by:

r∞(V ) =
1

1+ exp((V +75)/5.5

τr =
1

exp(−14.59−0.086 ·V )+ exp(−1.87+0.0701 ·V )

The background excitation to each pyramidal cell was provided by giving independent Gaus-

sian noise to each neuron with an amplitude of 120∗
√

0.01 where 0.01 is the time step of integra-

tion. Network properties including synaptic currents (Ipve , Ivipe , Isome , Iee) are discussed below.

PV Cells

Each PV neuron derives its membrane currents from the I-cell model in Olufsen et al., 20033:

cm
dV
dt

=−INa − IK − IL − Ivippv − Isompv − Ipvpv − Iepv − Ielec (6)

The formulations of the INa, IK and IL are the same as for our model excitatory cell including

the same values for all maximal conductances and reversal potentials. The PV cells did not have

a background excitation term and thus were silent without excitatory input. Electrical (Ielec) and

ionic synaptic connections (Ivippv , Isompv , Ipvpv , Iepv) are discussed below.

SOM Cells

Our model SOM cells were constructed to mimic the dynamics of Layer IV projecting SOM

cells (also known as X94 cells) as described in Ma et al., 2006, which include delayed spiking, stut-
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tering (which could be at alpha frequency) or tonic spiking with increasing levels of depolarizing

currents as well as rebound excitation in response to hyperpolarizing currents.6 These dynamics

were captured by inclusion of the spiking currents (sodium, potassium and leak), an A-type potas-

sium current (for delayed spiking), a D-type potassium current for stuttering dynamics,7 and an

h-current for rebound to hyperpolaization as suggested by Ma et al., 2006. Our SOM cells is

formulated as:

cm
dV
dt

=−INa − IK − IL − IA − ID − Ih − Ivipsom − Ipvsom − Iesom − Ielec + Iapp (7)

The formulations of the INa, IK and IL derive from Golomb et al., 2007.7 The maximal sodium

conductance is set to ḡNa = 112.5mS/cm2. The sodium reversal potential is ENa = 50mV . The

sodium current has three activation gates and one inactivation gate . The activation variable (m) is

modeled by its the steady state function (m = m∞) formulated as:

m∞(V ) =
1

1+ exp(−(V +24)/11.5)

The kinetics of the inactivation gate (h) are given by:

h∞(V ) =
1

1+ exp((V +58.3)/6.7)

τh = 0.5+
14

1+ exp((V +60)/12)

The fast potassium current is modeled using two activation gates and no inactivation gates.

The maximal conductance of the fast potassium channel is ḡK = 225mS/cm2. The potassium

reversal potential is EK =−90mV . The kinetics of the activation gate (n) are described by:

n∞(V ) =
1

1+ exp(−(V +12.4)/6.8)

τn =

[
0.087+

11.4
1+ exp((V +14.6)/8.6)

]
·

[
0.087+

11.4
1+ exp(−(V −1.3)/18.7)

]
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The leak current has maximal conductance IL = 0.27mS/cm2 and its reversal potential is

EL =−70mV .

The D-type potassium current is derived from Golomb et al., 2007, and has a maximal con-

ductance of ḡD = 5mS/cm2.7 The D-current has three activation gates (m) and one inactivation

gate (h) with the following kinetics:

m∞(V ) =
1

1+ exp(−(V +50)/20)

h∞(V ) =
1

1+ exp((V +70)/6)

τm = 2

τh = 150

The model of the A-type potassium current is derived from Traub et al., 2003.8 The maximal

conductance of the A-current is ḡA = 3mS/cm2. The A-current has four activation gates (m) and

one inactivation gate (h) with kinetics formulated as:

m∞ =
1

1+ exp [−(V +60)/8.5]

τm = 0.185+
0.5

exp [(V +35.8)/19.7]+ exp [−(V +79.7)/12.7]

h∞ =
1

1+ exp [(V +78)/6]

τh =


0.5

exp [(V+46)/5]+exp [−(V+238)/37.5] if V <−63mV

9.5 if V ≥−63mV

The model of the SOM cell h-current comes from Kramer et al., 2008.9 The maximal h-

current conductance is ḡh = 2mS/cm2, and the h-current reversal potential is Eh = −35mV . The

h-current has one activation gate (m) and no inactivation gate. The h-current activation variable
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steady state function and time constant of decay are given by:

r∞(V ) =
1

1+ exp((V +75)/5.5

τr =
1

exp(−14.6−0.086V )+ exp(−1.87+0.07V )

The background excitation to each SOM cell was provided by giving an applied current of

Iapp = 10µA/cm2. This value of Iapp put the SOM cell in its alpha-frequency stuttering mode at

baseline (in the absence of any connections with other cells).

VIP Cells

Our VIP cell is modeled as the irregularly spiking (stuttering) type of VIP cell.10,11 These

cells have a D-type potassium current,11 an M-type potassium current,12 and a T-type calcium

current.13 The voltage change of the VIP cells was modeled by the equation:

cm
dV
dt

=−INa − IK − IL − ID − IM − IT − Isomvip − Ipvvip − Ievip − Ielec + Iapp (8)

The sodium current (INa), the potassium current (IK) and the D-type potassium current (ID) are

from Golomb et al., 2007.7 The formulations of these currents are the same as the ones used for the

SOM cell. The sodium current has a maximal conductance of ḡNa = 112.5mS/cm2 and a reversal

potential of ENa = 50mV . The potassium current has a maximal conductance of ḡK = 225mS/cm2.

The potassium reversal potential is EK = −90mV . The maximal conductance of the D-current is

ḡD = 3mS/cm2. The leak current maximal conductance is IL = 0.25mS/cm2 and the leak current

reversal potential is EL =−70mV . The background excitation is set to Iapp = 10µA/cm2.

The model of the M-current comes from Mainen et al., 1996.4 The formulation of this current

is the same as for the excitatory cell. The maximal conductance for the M-current, ḡM is 1 mS/cm2.

The dynamics of the T-type calcium current are governed by a constant field equation as in

Huguenard and McCormick, 1992.14
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IT = Pz2m2h · 0.001F2V
RT

· [Ca]i − [Ca]o · exp[−z0.001FV/(RT )]
1.0− exp[−z0.001∗F ∗V/(RT )]

(9)

where P = 0.02cm3/s is the maximal permeability of calcium across the membrane, and

z = 2 is the valence of calcium. Faraday’s constant is F = 96489C/mole. The temperature

in Kelvin is 310K, which is equivalent to a body temperature of 37◦C. The gas constant is

R = 8.31Joules/(mole ·K). The internal calcium concentration ([Ca]i) is 10nM and the exter-

nal calcium concentration ([Ca]o) is 3mM.

The steady state activation curves and time constants of decay for the activation (m) and

inactivation (h) gates are:

m∞(V ) =
1

1+ exp(−(V +57)/6.2

h∞(V ) =
1

1+ exp((V +81)/4

τm =
1

exp(V+132
−16.7 )+ exp(V+16.8

18.2 )
+0.612

τh = exp((V +467)/66.6), ifV < 81mV

τh = exp(−(V +22)/10.5)+28, ifV ≥ 81mV

Synaptic currents (Isomvip , Ipvvip , Ievip) and electrical connections between VIP cells (Ielec) are

discussed below.

Parameter changes to simulate interneuron dysfunction

We model excitatory deficiency in VIP by decreasing its maximal sodium conductance to

INa = 90mS/cm2, which is low enough to decrease VIP excitability but not low enough to elimi-

nate all VIP spiking during network activity. Our reason for choosing to decrease INa rather than

Iapp was to account for findings that classic Rett syndrome could be associated with mutations in

SCN1A, which codes for a subunit in the voltage-gated sodium channel.15 We note that loss of
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function variants in the SCN1A gene are usually associated with Dravet syndrome (also known

as severe myoclonic epilepsy in infancy) another severe neurodevelopmental disorder.16 Mouse

models with SCN1A impairment have shown deficits in the voltage-gated sodium channels of ir-

regularly spiking VIP cells,12 the type of VIP cell modeled in this study. Thus, we choose to model

impairment of VIP cell excitability as deficits in the sodium channel conductance.

For investigation regarding the contribution of a particular types of interneurons (SOM, VIP,

or PV interneurons) to PAC, we decreased either the maximal conductance of INa or the value of

Iapp for a particular interneuron type to a level low enough so that no spiking occurred in that cell

type, which effectively removed that cell type from the network activity.

Synaptic connections

We modeled two types of ionic synaptic currents (Isyn): AMPA currents (IAMPA) from excita-

tory pyramidal or stellate cells and GABAa currents (IGABAa) from all three interneuron subtypes.

Both synaptic currents are derived or modified from Olufsen et al., 20033 and are formulated as:

Isyn = ḡs(vpre)(V −Eion) (10)

Each synaptic current has one activation gate (s), which depends on the voltage of the pre-

synaptic neuron (vpre). Eion is the synaptic reversal potential, and the maximal synaptic conduc-

tance is denoted by ḡ. The GABAa current is modeled by:

IGABAa =
ḡi

N
s(V −Ei)

The maximal GABAa conductance (ḡi) of a neuron is normalized by the number (N) of

presynaptic neurons of a specific type projecting to that neuron. The value of ḡi depends on

the pre- and post-synaptic neurons. The value of ḡi in units of mS/cm2 for each pre- and post-

synaptic pair is: ḡV IP−to−PV = 0.1, ḡPV−to−V IP = 0.01, ḡV IP−to−SOM = 0.08, ḡSOM−to−V IP = 0.5,

ḡSOM−to−PV = 0.1, ḡPV−to−SOM = 0.1, ḡPV−to−PV = 0.2, ḡPV−to−PY R = 0.4, ḡSOM−to−PY R = 0.2,
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and ḡV IP−to−PY R = 0.01. The reversal potential for the GABAa current (Ei) is set to −80 mV for

all neurons.

The activation gate (s) of each GABAa current has kinetics described by:

ds
dt

= ḡ(Vpre)(1− s)− s/τi (11)

For most GABAa synaptic connections ḡ(Vpre) is formulated as:

ḡ(Vpre) = 2(1+ tanh(
Vpre

4
))

The exceptions occur for SOM-to-PV connections, where ḡ(Vpre) is

ḡ(Vpre) = 2.5(1+ tanh(
Vpre

0.1
))

and for SOM-to-VIP and SOM-to-PYR connections, where ḡ(Vpre) is:

ḡ(Vpre) = 5(1+ tanh(
Vpre

0.1
))

The time constant of decay (τi) of activation gate (s) depends on the type of pre- and post-

synaptic neurons. The value of τi in units of milliseconds for each pre- and post-synaptic neu-

ron is: τPV−to−V IP = 18, τPV−to−PY R = 8, τPV−to−PV = 8, τPV−to−SOM = 18, τV IP−to−SOM = 40,

τV IP−to−PV = 6, τV IP−to−PY R = 40, τSOM−to−PV = 40, τSOM−to−V IP = 20, τSOM−to−PY R = 20. Val-

ues of τi were taken from the literature when found.17–19

The AMPA current is modeled by:

IAMPA =
ḡe

N
s(V −Ee)

The maximal AMPA conductance (ḡe) of a neuron is normalized by the number (N) of presy-

naptic excitatory neurons projecting to that neuron. The value of ḡe depends on the type of post-

synaptic neuron. The value of ḡe in units of mS/cm2 for each pre- and post-synaptic pair is:
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ḡPY R−to−PV = 0.4, ḡPY R−to−V IP = 0.3, ḡPY R−to−SOM = 0.1. Additionally, we included extremely

weak synaptic currents between PYR cells (ḡPY R−to−PY R = 0.001) in order to generate an approx-

imation of the LFP, which was modeled as the sum of all PYR-to-PYR AMPA currents in the

network. The reversal potential for the AMPA current (Ee) is set to 0 mV for all neurons.

The activation gate (s) of each AMPA current has kinetics described by:

ds
dt

= ḡ(Vpre)(1− s)− s/τe (12)

ḡ(Vpre) = 5(1+ tanh(
Vpre

4
))

The value of τe was set to 2 ms for all AMPA synapses.

Electrical connections (Ielec): Electrical connections (gap junctions) were present between all

interneurons of the same type.19,20 The gap junction current from interneuron j to interneuron i

was modeled as:

Ielec = ḡelec(Vi −Vj)

The maximal gap junction conductance (ḡelec) was 0.005 mS/cm2 between all neurons of the

same type.

Networks

Our networks consisted of 110 neurons: 90 PYR, 11 PV+IN, 6 SOM+IN and 3 VIP+IN.

These numbers were chosen based on the approximate proportion of each cell type found in cor-

tex.21 All-to-all connections were used from SOM, PV and VIP to excitatory cells (PYR). Each

PV+IN received AMPA input from 50 randomly chosen PYR. SOM+IN and VIP+INs received

input from distinct sets of PYR.19 Each SOM+IN received input from 6 randomly chosen PYR,

and each VIP+IN received input from 45 PYR that did not send projections to SOM+INs. PV+INs

were connected all-to-all with each other, excluding autapses. Similarly, PYR were connected

169



all-to-all with each other (excluding autapses) with very weak connections used to calculate the

model LFP. SOM+INs and VIP+INs had no synaptic connections between members of their own

subtype. Electrical connections among interneurons of the same type were all-to-all, and synaptic

connections between all different subtypes of interneurons were all-to-all.
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13. Prönneke Alvar, Witte Mirko, Möck Martin, Staiger Jochen F. Neuromodulation Leads to a
Burst-Tonic Switch in a Subset of VIP Neurons in Mouse Primary Somatosensory (Barrel)
Cortex Cerebral Cortex. 2019. Publisher: Oxford University Press (OUP).

14. Huguenard J. R., McCormick D. A.. Simulation of the currents involved in rhythmic oscilla-
tions in thalamic relay neurons Journal of Neurophysiology. 1992;68:1373–1383. Publisher:
American Physiological Society.

15. Henriksen Mari Wold, Ravn Kirstine, Paus Benedicte, Von Tetzchner Stephen, Skjeldal Ola H.
De novo mutations in SCN1A are associated with classic Rett syndrome: a case report BMC
Medical Genetics. 2018;19. Publisher: Springer Science and Business Media LLC.

16. Yu Frank H, Mantegazza Massimo, Westenbroek Ruth E, et al. Reduced sodium current in
GABAergic interneurons in a mouse model of severe myoclonic epilepsy in infancy Nature
Neuroscience. 2006;9:1142–1149. Publisher: Springer Science and Business Media LLC.

17. Donato Cristina, Balduino Victorino Daniella, Cabezas Carolina, et al. Pharmacological Sig-
nature and Target Specificity of Inhibitory Circuits Formed by Martinotti Cells in the Mouse
Barrel Cortex The Journal of Neuroscience. 2023;43:14–27. Publisher: Society for Neuro-
science.

18. Pi Hyun-Jae, Hangya Balázs, Kvitsiani Duda, Sanders Joshua I., Huang Z. Josh, Kepecs
Adam. Cortical interneurons that specialize in disinhibitory control Nature. 2013;503:521–
524. Publisher: Springer Science and Business Media LLC.

19. Karnani Mahesh M., Jackson Jesse, Ayzenshtat Inbal, et al. Cooperative Subnetworks of
Molecularly Similar Interneurons in Mouse Neocortex Neuron. 2016;90:86–100. Publisher:
Elsevier BV.

20. Tremblay Robin, Lee Soohyun, Rudy Bernardo. GABAergic Interneurons in the Neocortex:
From Cellular Properties to Circuits Neuron. 2016;91:260–292. Publisher: Elsevier BV.

21. Rudy Bernardo, Fishell Gordon, Lee SooHyun, Hjerling-Leffler Jens. Three groups of in-
terneurons account for nearly 100% of neocortical GABAergic neurons Developmental Neu-
robiology. 2011;71:45–61. Publisher: Wiley.

171


