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Abstract 
 

Rett Syndrome (RTT) is a dominant X-linked neurological disorder characterized by the 

arrest of normal development, cognitive and social regression, and repetitive hand movements. 

At the cellular level, neurons are densely packed, showing reductions in length, complexity, and 

number of dendritic spines. This severe neurological disorder affects 1: 10,000 females. In ~95% 

of the cases, RTT is caused by deleterious mutations in one allele of the Methyl-CpG-binding 

protein 2 (MeCP2). Although the genetic component of the disease is known, the cellular 

pathways and neuronal functions contributing to the etiology of RTT remain elusive given the 

genome-wide regulation imposed by MeCP2. MeCP2 is an intranuclear protein, generally 

localized in heterochromatin and expressed at linker-histone levels in neurons. This protein 

serves as a chromatin and gene expression regulator, including splicing, gene activity, and 

transposon silencing. As an X-linked disorder affecting only females, RTT manifests as a mosaic 

of cells with and without a functional MeCP2 within the same organism due to the random 

inactivation of chromosome X. Therefore, cellular dysfunctions caused by the absence of 

functional MeCP2 are challenging to assess in bulk-tissue studies. Moreover, the cellular 

mosaicism complicates the development and assessment of RTT treatments, which have been 

increased since the finding that RTT phenotype in mouse models can be restored by the rescue 

of MeCP2 function. However, all studies of MeCP2-rescue mice measured the restoration on the 

alleviation of physical and behavioral phenotypes, and few molecular changes have been 

reported. Here, I present the transcriptional analysis at single nuclei resolution coupled with 

tissue-level DNA methylation profiles of the phenotypical rescue of an RTT mouse model. To do 

this, I developed methods to achieve single nucleus transcriptomes at single-nucleotide 

resolution and high-quality methylomes from low input frozen brain tissues. Additionally, 

methods to address MeCP2 cellular mosaicism are disclosed. The application of these 

technologies to MeCP2-rescued brain tissues resulted in the identification of three groups of 

genes that change in comparison to RTT diseased samples: (1) restored genes that their 

expression and methylation levels resemble the ones in non-affected samples, mainly involved 

in dendritic morphogenesis and synapse regulation; (2) residual dysregulated genes associated 
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to neurodevelopment; and (3) genes that counteract RTT effects and are only found in the 

rescued sample, mainly kinases and calmodulin-binding proteins. These results suggest that 

neurodevelopmental damage driven by MeCP2-deficit may not be restored in symptomatic and 

aged individuals, and an additional treatment approach targeting these molecular processes 

might need to be considered depending on patient age and disease onset status. Overall, these 

results presented for the first time the transcriptional and DNA methylation changes in a MECP2-

rescued adult mouse model, exploring the neuronal functions that are restored, and, more 

importantly, the residual RTT features that might guide future drug development for Rett 

Syndrome.  
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Chapter 1: Introduction 

1.1 Aims 

The main aim of this thesis is to uncover the transcriptomic and epigenetic changes at 

single nucleus level from a symptomatic and aged Rett Syndrome mouse model after the 

functional rescue of MeCP2. This aim was achieved through the development and completion of 

the following secondary aims: 

• Improvement of methods for whole genome bisulfite sequencing from low 

amounts of input DNA 

• Development of nuclei isolation protocols for low input frozen brain samples to 

perform single-nucleus RNA-sequencing  

• Exploration of strategies to identify the active MeCP2 allele at single nucleus level 

1.2 Thesis Layout 

This doctoral thesis contains eight chapters, including introduction, literature review, 

methods and materials, four results chapters, and general discussion and conclusions. Each of 

the results chapters are comprised by three sections: the introduction that places the results in 

context to the aim of the thesis and the rational for the experiments; the experimental results, 

which describes the work done; and the discussion of the outcomes and future steps based on 

the results obtained. 
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Chapter 2: Literature Review 

2.1 Rett Syndrome 

Rett Syndrome (RTT; OMIM identifier #312750) is an X-linked dominant neurological 

disorder. Affecting one in 10,000 female live births, RTT is considered a principal cause of mental 

retardation in girls (Laurvick et al. 2006). This syndrome is caused in 90-95% of the cases by 

deleterious mutations in the gene encoding the methyl-CpG binding protein 2 (MeCP2) (Amir et 

al. 1999). 

There are 929 mutations in MeCP2 associated with RTT (Krishnaraj et al. 2017), which 

tend to have a de novo and paternal origin (Trappe et al. 2001). From these mutations, eight 

account for more than 60% of the RTT cases. These hot spots (R106W, R133C, T158M, R168X, 

R255X, R270X, R294X, and R306C) are located within the methyl-CpG binding domain (MBD) and 

the NCOR-SMRT interaction domain (NID) of the MeCP2 protein (Neul et al. 2008). 

The MECP2 gene is located on the X chromosome, and most RTT mutations occur in 

heterozygous females. Males carrying a mutation in MECP2 develop more severe symptoms, and 

generally do not survive infancy. The sex difference in symptoms and survival rates is dictated by 

the X chromosome inactivation (XCI) that takes place only in females. XCI is the random silencing 

of one of the X chromosomes in order to preserve the gene dosage compensation between males 

(XY) and females (XX) (Sahakyan et al. 2018). Males can only express the mutant allele from their 

unique X chromosome chromatid, while females, due to XCI, have a mixture of cells expressing 

either the mutant allele or the normal allele (Fig. 2.1). This cellular mosaicism in females dilutes 

the severe effects of MeCP2 malfunction. In some cases, extreme skewing of XCI modulates the 

penetrance of RTT, completely masking the presence of the disease (Amir et al. 2000; Ribeiro and 

MacDonald 2020). Additionally, the skewing of XCI can be tissue specific, and being RTT a 

neurological disorder is within the brain where XCI skewing would have the major effect on the 

penetrance of the disease (Xiol et al. 2019).  
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Figure 2.1 RTT cellular mosaicism due to X chromosome inactivation. (A) X chromosomes carrying mutant MeCP2 (in red) and 
functional MeCP2 (in green) alleles. (B) During X chromosome inactivation (XCI), one of the chromosomes will randomly be 
silenced (chromosome in gray), generating either a cell functional allele (MeCP2-functional cell, in green) or the mutant allele 
(MeCP2-deficient cell, in red). (C) Non-affected brains are composed by MeCP2-funcitonal cells, while RTT brains are a mosaic of 
MeCP2-funcitonal and -deficient cells due to XCI. 

2.2 Clinical features of Rett Syndrome 

Classic RTT is characterized by a delayed onset of symptoms, where patients have an 

apparently normal development phase during their first year of life. During this early stage, some 

patients may present hypotonia, jerkiness in limb movement, reduced social interaction, and a 

deceleration of head growth (Dolce et al. 2013). Around 2 years old, a sudden phase of rapid 

regression occurs, involving the loss of acquired verbal skills and hand function. Stereotyped 
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repetitive hand movements appear at this stage, together with arrested cognitive and motor 

development. This regression can take from weeks to months and is followed by a slow-paced 

neurological deterioration phase. At the end of this stage, a significant motor disability often 

occurs that produces the need for a wheelchair in adolescents. By the time the disease stabilizes 

and reaches a plateau, all patients are wheelchair users and present cognitive disabilities. RTT 

patients that live into adulthood will typically require full-time care (Fig. 2.2) (Hagberg 2002; 

Dolce et al. 2013). It is worth noting that RTT is no longer considered an autism spectrum 

disorder, even though some patients have transitory or permanent autism-like features. 

Moreover, there exist atypical forms of RTT and RTT-like phenotypes, which often vary in their 

symptoms and/or causative genes. However, the rest of this study will only address the classical 

RTT type, which is the predominant form of the syndrome. 

 

Figure 2.2 Clinical features of classic RTT. Disease stages are displayed in chronological order (top to bottom). Depending on the 
severity of RTT, disease stages can be delayed or have an earlier appearance. 
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2.3 Functional role of MeCP2 

2.3.1 Gene and protein structure 

The MECP2 gene consists of four exons that can be alternatively spliced into two 

transcripts, MECP2–E1 and MECP2–E2. These two isoforms have distinctive transcription start 

sites and differ in the usage of exons 1 and 2 (Mnatzakanian et al. 2004). MECP2–E1 starts at 

exon 1 and skips exon 2, generating a slightly longer isoform encoding a protein of 491 amino 

acids (aa), from which 21 are unique in its N-terminal. MECP2–E2 initiates in exon 2, producing a 

transcript encoding a protein of 486 aa, of which nine are unique a.a. on its N-terminal (Fig. 2.3). 

Additionally, MECP2 isoforms differ in their expression rates during development and 

distribution in diverse regions of the brain (Dragich et al. 2007). MECP2–E1 is the most abundant 

transcript in the brain (except for the hypothalamus), thymus, and lungs (Kriaucionis and Bird 

2004; Dragich et al. 2007). Even though both isoforms are identical in sequence for exons 3 and 

4, which contain the main functional domains of the protein, MeCP2–E2 does not compensate 

for the functional loss of MeCP2–E1 by mutations in its unique 21 aa (Fichou et al. 2009; Djuric 

et al. 2015), suggesting non-overlapping functional roles (Martinez de Paz et al. 2018). However, 

their difference in expression levels and the inefficient translation of MeCP2–E2 (Kriaucionis and 

Bird 2004) may account for the inability to compensate MeCP2–E1. 



   
 

   
 

18 

 

Figure 2.3 MECP2 gene structure, protein domains, and mutation hot spots. (A) The two MECP2 splicing variants, MECP2-E1 
(top) and MECP2-E2 (bottom). Their exon usage is indicated by dashed lines. The four different alternative polyadenylation (poly-
A) sites and their respective transcript product lengths are specified at the 3’ untranslated region (3’UTR). The gene body is colour 
coded by protein domains (N-terminal domain, NTD; methyl binding domain, MBD; intervening domain, ID; AT-hook H1-H3; 
transcriptional repression domain, TRD; C-terminal domain α, CTDα; and C-terminal domain β, CTDβ) displayed in (B). Mutation 
hot spots are marked at the top of protein domains. (Image adapted from the review on metabolic components of RTT (Kyle et 
al. 2018).) 

In addition to the splicing variants, the MECP2 gene has four different alternative 

polyadenylation (poly-A) sites in its 3’ untranslated region (UTR) (Coy 1999; Reichwald et al. 2000; 

Rodrigues et al. 2020). MECP2 transcripts vary in length (~1.8, ~5.4, ~7.5, and ~10.2 kb) 

depending on the poly-A used (Fig. 2.3). The presence of each poly-A is tissue- and time-specific, 

especially in the brain (Coy 1999; Rodrigues et al. 2020). 

MeCP2 is a nuclear protein and has been described as an intrinsically disordered protein 

(IDP). IDPs have structural plasticity that allows them to interact and adapt their conformation 

depending on the molecule they are binding (Claveria-Gimeno et al. 2017). MeCP2 has at least 

six domains defined by trypsin digestion: N-terminal domain (NTD), methyl binding domain 

(MBD), intervening domain (ID), transcriptional repression domain (TRD), C-terminal domain α 

(CTDα), and C-terminal domain β (CTDβ) (Adams et al. 2007). Additionally, other functional 

domains have been identified by their implication in the pathology of RTT, like the NCoR-SMRT 

(nuclear receptor co-repressor–silencing mediator for retinoic acid and thyroid hormone 
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receptor) interaction domain (NID) (Lyst et al. 2013) and the AT-hooks (H1-H3) (Baker et al. 2013) 

(Fig. 2.3). The MBD and the NID are the main domains that MeCP2 uses to interact with genomic 

DNA and repressor complexes (Lyst et al. 2013; Kruusvee et al. 2017; Tillotson et al. 2017). The 

rest of the domains modulate protein stability, the affinity of binding, and/or interactions with 

other molecules (McGowan and Pang 2015; Claveria-Gimeno et al. 2017). 

2.3.2 MeCP2 DNA binding 

MeCP2 was discovered by its capacity to bind methylated 5’-CpG-3’dinucleotides (Lewis 

et al. 1992; Meehan et al. 1992). It was the first protein identified from the MBD protein family. 

Its discovery allowed the identification of four other members of this family (MBD1, MBD2, 

MBD3, and MBD4) (Hendrich and Bird 1998) that, with MeCP2, became the molecular “readers” 

of DNA methylation (DNAme). 

DNAme is the covalent addition of a methyl group to the fifth carbon of cytosine residue 

(5-methyl-cytosine) in genomic DNA. It acts as a molecular tag that can alter the accessibility of 

DNA to cellular machineries, thereby regulating the cell’s use of the underlying DNA sequence. 

Cytosines are methylated by a family of enzymes called DNA methyltransferases (DNMTs). There 

are three main DNMTs that maintain (DNMT1) or establish de novo (DNMT3a and DNMT3b) 

DNAme patterns. DNAme is highly dynamic and crucial for development, genomic imprinting, 

XCI, and cellular differentiation. It gives cells identity by displaying cell-type and tissue-specific 

patterns. In the brain, the plasticity of DNAme is involved in memory formation and learning 

(Feng et al. 2010; Halder et al. 2016). Disturbance of DNAme patterns is associated with human 

diseases, including neurodevelopmental disorders. Such disruptions can occur by mutations in 

proteins that deposit the methyl groups, DNMTs, or proteins that interpret these molecular tags, 

like MeCP2. 

In mammalian genomes, 60-90% of all CpGs are methylated (mCG), making it the most 

common form of DNAme across tissues. In general, mCG is a repressive mark found at high levels 

in repetitive DNA sequences and intergenic regions, while regulatory elements (e.g., promoters, 

enhancers, and splicing sites) of active sequences are mCG depleted. Even though MeCP2 was 

discovered by its high affinity for mCG, it has been reported that it also binds to mCH (in which 

H= A, C, or T), specifically to mCA (Kinde et al. 2015). Interestingly, mCH is enriched in early 
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postnatal developmental neuronal cells (2-6%), and is nearly absent from any other adult somatic 

cells (Lister et al. 2013; Schultz et al. 2015). In the adult brain, mCH is actively maintained by 

DNMT3A and its abundance is anti-correlated to transcriptional levels of the genes it regulates 

(Lister et al. 2013; Stroud et al. 2017). The time window of high accumulation of mCH overlaps 

with an increase in expression levels of MeCP2 in the brain (Chen et al. 2015). Furthermore, mCA 

is concentrated in the bodies of long (≥ 100 kb) genes, which have been described as up-regulated 

genes in RTT (Gabel et al. 2015). Therefore, mCA seems to recruit MeCP2 to gene bodies for fine-

tunning their expression, as the strength of repression has been reported to increase with more 

MeCP2 bound to the gene sequences (Stroud et al. 2017). Moreover, mCA offers additional 

binding sites to MeCP2 that might contribute to the high protein levels found in neurons (Skene 

et al. 2010; Kinde et al. 2015). 

As mentioned above, DNAme is dynamic, and in order to offer the plasticity needed for 

different cellular processes, in some instances, the cell requires the ability to change its DNA from 

a methylated to an unmethylated state, and vice-versa. The removal of the methyl group from 

cytosines can be an active and/or passive process. Passive demethylation usually occurs during 

replication through failure to methylate the newly synthesized DNA strand (Ohno et al. 2013). 

The ten-eleven translocation (TET) family of dioxygenases and DNA repair enzymes are involved 

in the active demethylation of cytosines (Cortellino et al. 2011; Guo et al. 2011). TETs sequentially 

oxidize the methyl group, generating three intermediate-derivatives, 5-hydroxy-methyl-cytosine 

(hmC), 5-formyl-cytosine (fmC), and 5-carboxyl-cytosine (caC) (Tahiliani et al. 2009; Ito et al. 

2010; Ito et al. 2011). The most oxidized derivative, caC, is recognized by DNA repair enzymes, 

which excise the base and replace it for an unmodified cytosine (He et al. 2011). 

The hmC intermediate-derivative increases in parallel with mCH in the postnatal 

developmental brain (Szulwach et al. 2011). However, hmC, in contrast to DNAme, is a mark of 

active transcription and is enriched in expressed neuronal genes (Kaas et al. 2013; Li et al. 2014; 

Mellen et al. 2017). hmC presence varies according to its nucleotide context: while in the CG 

context (hmCG) it has been significantly detected in neurons, in CA context (hmCA) it has only 

been reported at low levels (Kinde et al. 2015; Mellen et al. 2017). Additionally, context-

dependent differences in MeCP2 binding affinity to hmC have also been reported. MeCP2 binds 
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poorly to hmCG, but with high affinity to hmCA (Kinde et al. 2015). This implies that the 

distribution of MeCP2 is subject to the oxidative conversion of DNAme to hmC in neurons. 

Overall, the binding of MeCP2 in the neuronal genome is regulated by enzymatic activity 

that increases the binding sites of MeCP2 by methylating CA sites, which allows the fine-tuning 

of gene expression (Stroud et al. 2017). Additionally, active demethylation of mCG sites and their 

conversion to hmCG decreases the affinity of MeCP2 in neuronal genes (Szulwach et al. 2011; 

Kinde et al. 2015). Importantly, these events happen during the period of synaptogenesis in the 

early postnatal development of the brain, suggesting a major role for DNAme and MeCP2 

dynamics in forming and maintaining connections among neurons (Szulwach et al. 2011; Lister et 

al. 2013; Chen et al. 2015; Stroud et al. 2017). 

2.3.3 Chromatin and gene expression regulator 

MeCP2 is generally localized in heterochromatin and considered a transcriptional 

repressor of the DNA sequences it binds. Some insights into the molecular mechanisms behind 

its repressive function were gained by its interaction with chromatin remodeler proteins, like 

histone deacetylase (HDAC) complexes. The main reported interaction of MeCP2 is with HDAC3, 

which is the core enzymatic component of the NCoR-SMRT complex (Jones et al. 1998; Nan et al. 

1998; Lyst et al. 2013). MeCP2 interacts through its NID with the transducing β-like protein 1 

(TBL1) and TBL1-related protein 1 (TBLR1), both core components of the NCoR-SMRT complex 

(Kruusvee et al. 2017). Once MeCP2 is bound to methylated DNA, the HDAC3 in the NCoR-SMRT 

complex is recruited to remove acetyl groups from histone lysine residues (Jones et al. 1998; Nan 

et al. 1998; Lyst et al. 2013). As a result, the chromatin structure of the DNA sequence that MeCP2 

binds is modified. The importance of the interaction of MeCP2 with the NCoR-SMRT complex and 

its correct recruitment to DNA sequences has been recently highlighted by rescuing the 

neurological traits of MeCP2–deficient mice with a truncated version of MeCP2, containing only 

the MBD and the NID (Tillotson et al. 2017). Additionally, the 306C RTT-associated mutation 

localized in the NID abolishes the MeCP2-NCoR-SMART interaction and causes a severe RTT 

phenotype (Lyst et al. 2013; Kruusvee et al. 2017). These observations suggest that the primary 

function of MeCP2 is to recruit the NCoR-SMRT complex to methylated DNA sequences (Tillotson 

et al. 2017; Ip et al. 2018). Interestingly, it has been described that a subset of neuronal genes 
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increases their transcription activity by the recruitment of the NCoR-SMRT complex to their 

promoters via MeCP2 (Nott et al. 2016). In these cases, HDAC3 seems to regulate the acetylation 

of the forkhead box protein O3 (FOXO3) transcription factor. This data proposes a model where 

MeCP2 binds within gene bodies to repress transcription, while its binding to promoters in 

neuronal lineages up-regulates gene activity (Nott et al. 2016). 

Chromatin immunoprecipitation (ChIP) followed by microarray hybridization (ChIP-chip) 

analysis (Ho et al. 2011) found that MeCP2 binds more frequently to promoters associated with 

RNA polymerase II (Yasui et al. 2007). Additional supportive evidence of MeCP2 as a 

transcriptional activator is its interaction with the cAMP-responsive element-binding protein 1 

(CREB1) at gene promoters (Chahrour et al. 2008). In the Chahrour et al. study, only active genes 

showed MeCP2–CREB1 interaction at their promoters. Moreover, this study found that ~85% of 

differentially expressed genes (DEGs) are downregulated in the hypothalamus of MeCP2-

deficient mice, implying a major role of MeCP2 as a transcriptional activator (Chahrour et al. 

2008). 

Another model of how MeCP2 regulates DNA sequences through chromatin remodeling 

has been proposed, whereby it relies on direct binding of MeCP2 to DNA through domains other 

than the MBD. In this case, MeCP2 AT-hooks and the basic amino acids clustered within the NID 

allow for direct interaction with DNA and might assist in DNA folding (Baker et al. 2013; Heckman 

et al. 2014). Based on the high abundance of MeCP2 in neurons, MeCP2 was thought to compete 

with histone 1 (H1) for binding sites (Skene et al. 2010), however it was recently shown that 

MeCP2 and H1 occupy similar genomic regions with an independent functional binding (Ito-Ishida 

et al. 2018). A two-fold increase in the amount of H1 in neurons from MeCP2-deficient mice 

together with MeCP2 ability to create a more compact mononucleosome structure support the 

role of MeCP2 as a linker histone (Skene et al. 2010; Riedmann and Fondufe-Mittendorf 2016). 

These studies denote a more direct role of MeCP2 in shaping the chromatin structure, which in 

consequence compromises the expression of associated DNA sequences. 

Altogether, these chromatin and gene expression regulatory mechanisms in which MeCP2 

is involved give insights into its key role in neuronal maturation and function. Human RTT and 

MeCP2-deficient mouse brain transcriptional analyses have revealed both upregulation and 
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downregulation of thousands of genes that might be explained by the different functions of 

MeCP2 on different brain regions and cell types. Thus, the characterization of the diverse roles 

of MeCP2 in gene expression may lead to understanding the molecular basis of neurological 

symptoms in RTT. 

2.3.4 Transposon repressor 

Transposons are repetitive mobile elements within the genome. They represent 45% of 

the total genomic DNA sequence in humans (Lander et al. 2001). Unlike other genes, these 

elements can jump from one locus to another within the genome, however only ≤ 0.05% of 

transposons remain active in humans (Mills et al. 2007). Even though the movement of these 

elements has shaped the structure and function of genomes, their jumping is potentially 

mutagenic (Cordaux and Batzer 2009). To counteract the detrimental effect of these elements, 

they are usually silenced and localized in heterochromatin regions (Lander et al. 2001). 

MeCP2 binds to mCG sites within the promoter region of the only autonomous active 

transposon family in humans, the long interspersed element 1 (L1) retrotransposons (Yu et al. 

2001; Muotri et al. 2010). MeCP2 presence at L1 promoters represses their transcription, 

preventing their mutagenic activity (Yu et al. 2001; Muotri et al. 2010). Furthermore, brains from 

RTT patients showed more retrotransposition events than control subjects (Muotri et al. 2010). 

Interestingly, no increase in L1 activity was found in other somatic tissues from RTT patients 

(Muotri et al. 2010). These results were confirmed in MeCP2-deficient mice, suggesting an 

important role of MeCP2 in reducing the impact of transposons within neural lineages (Muotri et 

al. 2010; Skene et al. 2010).  
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2.4 MeCP2 in the brain 

MeCP2 is ubiquitously expressed in the body. However, in mature neurons there is one 

molecule of MeCP2 for every two nucleosomes (Kishi and Macklis 2004; Skene et al. 2010). This 

protein abundance is comparable to histones (Skene et al. 2010). As a result, MeCP2 expression 

in neurons is five- to ten-fold higher than in other cell-types (Skene et al. 2010; Kinde et al. 2015). 

Moreover, embryonic brain-specific deletion of MeCP2 in mice recapitulates the RTT-like 

phenotype of MeCP2-null mice (Chen et al. 2001; Guy et al. 2001), indicating that the RTT 

phenotype is due to the dysfunction of MeCP2 in the central nervous system (CNS) and is not the 

consequence of a multiple tissue failure (Chen et al. 2001). Additionally, the deletion of MeCP2 

in postnatal neurons generated a delayed and milder RTT-like phenotype (Chen et al. 2001), 

supporting a role of MeCP2 in earlier stages of neurodevelopment and as a key player for normal 

neuronal function (Chen et al. 2001; Guy et al. 2001). 

The complexity of the RTT phenotype has driven the generation of different MeCP2 

knockout mice to determine the contribution of different brain regions and cell-types to the 

disease symptoms (Table 2.4.1). For instance, mice with specific MeCP2 deletion in the brainstem 

and spinal cord developed abnormal breathing patterns, arrhythmias, and a shorter-life span 

(Ward et al. 2011; Huang et al. 2016), whereas MeCP2 removal from hypothalamus neurons 

expressing Sim1 (single-minded homologue 1) produces stressed, aggressive, hyperphagic, and 

obese mice (Fyffe et al. 2008). Both mouse phenotypes were correlated with the functions of 

each brain region affected, and contained a subset of RTT symptoms. 

2.4.1 Neurons 

At a cellular level, neurons in RTT patients and MeCP2-deficient mice have a small soma 

with a reduced length, complexity, and density in dendritic spines (Armstrong et al. 1995; 

Bauman et al. 1995a; Bauman et al. 1995b; Chen et al. 2001; Marchetto et al. 2011). These 

neurons are densely packed, which results in a significant reduction of the brain volume (Bauman 

et al. 1995b; Bauman et al. 1995a; Chen et al. 2001). Proper spine formation is critical for brain 

function, as spines are involved in excitatory synaptic transmission and plasticity that is required 

for learning and memory processes (Xu et al. 2014). 
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Table 2.1 Mouse phenotypes of MeCP2 deletions 

Brain region/Cell-type  Phenotype Refs 

Whole body 

MeCP2-null 

Impaired motor coordination, hindlimb clasping, abnormal 

breathing, tremors, seizures, anxiety, reduction in social 

interaction, learning and memory deficits, premature lethality 

(Guy et al. 2001) 

Post-mitotic neurons and glia in CNS 

Nestin-Cre/MeCP2-/Y 

Severe RTT features, similar to MeCP2-null mouse  (Chen et al. 2001) 

Excitatory mature neurons from forebrain 

Camk2-Cre/MeCP2-/Y 

Obesity, impaired motor coordination, anxiety and abnormal 

social behavior, hindlimb clasping 

(Chen et al. 2001; 

Gemelli et al. 

2006) 

   

Hypothalamus Sim1+ neurons 

Sim1-Cre/Mecp2-/Y 

Physiological stress, aggressiveness, hyperphagia and obesity (Fyffe et al. 2008) 

Dopaminergic and noradrenergic neurons  

TH-Cre/Mecp2-/Y 

Decreased and uncoordinated motor activity (Samaco et al. 

2009) 

Dorsal and medial raphe nuclei serotonergic 

neurons 

PET1-Cre/ Mecp2-/Y 

Aggressive behavior (Samaco et al. 

2009) 

Basolateral amygdala  

AAV-CreGFP injection, floxed Mecp2 

Amygdala-dependent learning and memory deficits (Adachi et al. 

2009) 

GABAergic neurons in CNS 

Viaat-Cre/Mecp2-/Y 

Repetitive behaviors, impaired motor coordination, hindlimb 

clasping, learning and memory deficits, altered social behavior, 

abnormal breathing, premature lethality 

(Chao et al. 2010) 

Subset of GABAergic neurons in the forebrain 

Dlx5/6-Cre/ Mecp2-/Y 

Repetitive behaviors, impaired motor coordination, hindlimb 

clasping, altered social behavior 

(Chao et al. 2010) 

Astrocytes 

GFAP-Cre/Mecp2-/Y  

Abnormal breathing, smaller body size and clasped hindlimb 

posture * 

(Lioy et al. 2011) 

Brainstem and spinal cord 

HoxB1-Cre/MeCP2-/Y 

Abnormal breathing patterns, arrhythmias and premature 

lethality 

(Ward et al. 2011) 

Oligodendrocytes 

Ng2-Cre/Mecp2-/Y 

Increased motor activity, hindlimb clasping (Nguyen et al. 

2013) 

Excitatory neurons and glia from neocortex and 

hippocampus 

Emx1-Cre/Mecp22lox/Y 

Seizures (Zhang et al. 

2014) 

Hypothalamic proopiomelanocortin neurons 

Pomc1-Cre/Mecp2-/Y 

Hyperphagia and obesity (Wang et al. 2014) 

Inhibitory PV+ neurons 

PV-Cre/Mecp2-/Y 

Reduction in visual processing reliability (Banerjee et al. 

2016) 

Inhibitory SOM+ neurons 

SOM-IRES-Cre/Mecp2-/Y 

Alteration in excitatory/inhibitory balance of neuronal circuits  (Banerjee et al. 

2016) 

Glutamatergic neurons 

Vglut2-Cre/Mecp2-/Y  

Tremor, anxiety, acoustic startle response, seizures, obesity and 

premature lethality * 

(Meng et al. 2016) 

Microglia 

Cx3cr1-Cre/Mecp2-/Y 

WT phenotype (Schafer et al. 

2016) 

*females with the MeCP2 mutation had milder phenotypes and normal life span 

Neurons can be classified as excitatory and inhibitory, depending on the neurotransmitter 

released during synapsis and its effect on the target neuron. The main excitatory 

neurotransmitter in the CNS is glutamate, while GABA (gamma-aminobutyric acid) is the most 

abundant inhibitory neurotransmitter within the adult brain. Deletion of MeCP2 in excitatory 

neurons from the forebrain resulted in seizures, a common feature in RTT, along with neuronal 

hyperexcitation driven by a reduction of GABAergic transmission (Zhang et al. 2014). Strikingly, 
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the deletion of MeCP2 in all GABAergic neurons caused a severe RTT phenotype, similar to the 

MeCP2-null mouse (Chao et al. 2010). These MeCP2 deficient neurons exhibited a 30-40% 

reduction in GABA neurotransmitter release, which was enough to disturb the neuronal network 

and caused hyperexcitability. Furthermore, the removal of MeCP2 in a subset of GABAergic 

neurons from the forebrain triggered delayed and milder RTT features (Table 2.1) (Chao et al. 

2010). These reports emphasize the importance of MeCP2 in establishing and maintaining the 

excitation/inhibition balance of neuronal circuits, where subtle changes cause severe behavior 

and neurological phenotypes that have been previously described in autism spectrum disorders 

(Cohen and Greenberg 2008; Nelson and Valakh 2015; Banerjee et al. 2016; Radulescu et al. 

2017). 

2.4.2 Glial cells 

Apart from neurons, glial cells are the most abundant cell types in the CNS; there are 

three main types: astrocytes, oligodendrocytes (ODCs), and microglial cells. They provide support 

to neurons, maintaining the stability of neuronal structures and function. Moreover, glial cells 

have been implicated in proper synapse formation, function, plasticity and elimination (Deemyad 

et al. 2018; Farhy-Tselnicker and Allen 2018; Lee and Chung 2019). Even though MeCP2-deficient 

neurons are enough to cause serious RTT features in mice, there are some studies that imply a 

glial role in the disease etiology (Khong et al. 2002; Jin et al. 2017). For instance, astrocytes have 

been involved in the disease progression, but not in initiation (Lioy et al. 2011). This has been 

proven by the postnatal amelioration of crucial symptoms (premature lethality, abnormal 

breathing, decreased motor activity, and decreased dendritic complexity) of MeCP2-null mice 

with the re-expression of MeCP2 in astrocytes (Lioy et al. 2011). However, the specific deletion 

of MeCP2 in astrocytes generates a subtle phenotype change (Lioy et al. 2011). In contrast, the 

deletion of MeCP2 in mouse ODCs causes a severe hindlimb clasping, but their MeCP2 restoration 

only mildly alleviates lethality. Another example is the contribution of microglia in the final stages 

of RTT (Schafer et al. 2016). Although specific deletion or re-expression of MeCP2 in microglia 

had no effect, it has been described that microglial cells disassemble neuronal circuits by 

excessively phagocytosing presynaptic inputs after the regression phase in MeCP2-null mice 

(Schafer et al. 2016). 



   
 

   
 

27 

These cellular observations suggest that MeCP2 expression in different cell-types is 

needed to reach and maintain a mature state in neurons, and to balance neuronal circuits. 

Importantly, deletion of MeCP2 in specific cell populations and brain regions resulted in different 

phenotype severities (Table 2.1), indicating the relevance of MeCP2 in certain cell-types and 

brain areas for proper brain function. To note, deletion of MeCP2 in inhibitory and/or excitatory 

neurons from the forebrain (cerebrum, thalamus, hypothalamus, pituitary gland, limbic system 

and olfactory bulb) were the most deleterious mutations in mice and produced the most similar 

human RTT phenotypes (Table 2.1). 

2.5 Towards an RTT treatment 

As presented in the previous section, the use of mouse models has been indispensable to 

gain a greater understanding of RTT pathology. However, MeCP2-null male mice are more 

frequently used than female MeCP2-/+ mice (Ip et al. 2018). The reason for this is that the lack of 

MeCP2 in mouse is not as severe as in humans. MeCP2-null male mice survive up to ~12 weeks 

and have an early onset and symptoms similar to RTT patients. Even though heterozygous female 

(MeCP2-/+) mice are a better representation of RTT patients, they display a much later onset (four 

to 12 months) of symptoms that vary due to XCI (Chen et al. 2001; Guy et al. 2001). Despite these 

differences, MeCP2 deficiency in both species, mouse and human, generates a smaller brain size, 

implying similar neuronal alterations (Chen et al. 2001). Importantly, in both species, the smaller 

brain is produced by a global reduction of neuronal cell size and not by a decrease in cell numbers. 

A critical finding using RTT mouse models was the restoration of the RTT phenotype by 

re-expressing MeCP2 after the symptoms had developed (Guy et al. 2007), even in adult mice. 

This result implies that MeCP2 deficiency does not irreversibly damage the neurons and that RTT 

is not strictly a neurodevelopmental disorder (Guy et al. 2007). Furthermore, it raised the 

possibility of correcting the pathology in humans. Rescue of particular phenotypes by the re-

expression of MeCP2 in specific brain regions or cell-types could help development of region-

specific treatments for clinically relevant symptoms. 

The cellular mosaicism (MeCP2-deficient and MeCP2-functional cells) in RTT patients due 

to the process of XCI complicates any attempt of its re-expression in humans. Even though MeCP2 
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levels vary among different cell-types, its expression is tightly regulated. Not only does its 

absence causes a neurological disorder, but MeCP2 overexpression also induces a severe 

neurological disease, called MeCP2-duplication syndrome (Meins et al. 2005; Van Esch et al. 

2005; Friez et al. 2006). Moreover, re-expression of the normal allele in the silenced chromosome 

would have to be locus specific, as a re-activation of the whole X chromosome could cause X-

linked chromosome gene dosage problems (Mohandas et al. 1981). Overall, any approach to re-

establish MeCP2 expression must consider delivering enough protein per cell-type without 

overexpressing it (Katz et al. 2016). 

Another therapeutic approach is targeting genes downstream of MeCP2. Of special 

interest are genes involved in neurotransmitter and growth factor signaling pathways (Banerjee 

et al. 2019; Vashi and Justice 2019). Treatments targeting neurotransmitters have showed 

variable improvements in MeCP2-deficient mice, however no significant clinical outcomes were 

seen in RTT patients (Mancini et al. 2018). Ketamine (an N-methyl-D-aspertate, NMDA, receptor 

agonist) has consistently been demonstrated to balance neural circuits in MeCP2-deficient mice 

(Kron et al. 2012; Patrizi et al. 2016) and is currently under clinical trials phase 2 to assess its 

safety, tolerability, and efficacy in RTT patients (NCT03633058). 

For treatments targeting growth factor signaling pathways, two genes are under current 

clinical research investigation, brain-derived neurotrophic factor (BDNF) and insulin-like growth 

factor 1 (IGF1). BDNF is involved in synaptic function, neuronal maturation, and dendritic spine 

formation (Amaral and Pozzo-Miller 2007). Moreover, downregulation of BDNF has been 

reported in brains from RTT patients and Mecp2-null mouse brains (Chang et al. 2006; Deng et 

al. 2007). Even though direct administration of BDNF is constrained by its incapability to cross the 

blood-brain-barrier (BBB), the use of fingolimod (a sphingosine-1 phosphate analog that 

increases BDNF levels and can pass the BBB) is under clinical trials (Deogracias et al. 2012). IGF1 

has similar functions to BDNF in the CNS, with the advantage of being able to cross the BBB. 

Administration of a peptic fragment of IGF1 to MeCP2-mutant mice reversed some of the RTT-

like symptoms, however full-length IGF1 had no clinical improvement in RTT patients. Recently 

the use of a synthetic analog of IGF1, called trofinetide (Deacon et al. 2015), improved behavioral 

and motor symptoms in RTT patients, driving the start of clinical trials phase 3 (NCT02715115). 
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Besides the treatment approach, the stage of the disease (Fig. 2.2) at which it is 

administered could impact the efficiency of the therapy. It is likely that treatments will be more 

effective at early stages or before the onset of clinical symptoms. However, the diagnosis of the 

disease before manifestation of symptoms is not feasible in most cases. For now, most of the 

recruited RTT patients in clinical studies are in the early stages of the disease. Preclinical studies 

of RTT treatments in MeCP2 mutant mice after disease onset could identify not only the efficiency 

of the drugs, but also possible persistent symptoms that need to be individually targeted. Finally, 

the high inter-individual variability of symptoms in RTT patients due to MeCP2 mutations and/or 

XCI skewing can also alter the response to a particular treatment. 

2.6 Perspectives 

MeCP2 has a key role in the maturation of neurons and maintenance of neuronal circuits. 

Mutations within the MDB and NID domains that disturb MeCP2 function result in Rett syndrome, 

a severe neurological disease in humans. Moreover, proper brain function requires MeCP2 

expression levels to be tightly regulated in a cell-type specific manner. 

Even though the function of MeCP2 protein has been studied using knockout models, its 

characterization has been done at organism, tissue, and cellular levels, mainly reporting 

morphophysiological and behavioral traits. Little is understood about the molecular function of 

MeCP2 at epigenetic and transcriptomic levels within each cell-type and how its loss generates 

RTT. 

Most transcriptional studies have been done on bulk tissue, however the cell 

heterogeneity present due to complexity of the brain and mosaicism of allele expression in 

female RTT mouse models and patient tissues masks specific signals from MeCP2-deficient cells. 

To overcome this cell heterogeneity, researches have employed Mecp2-null male mice. A recent 

transcriptomic study (Osenberg et al. 2018) using a Mecp2-null male mouse revealed a global 

alteration in gene expression and alternative splicing, but questions regarding the cell-type in 

which those changes occurred are still to be answered. Although Mecp2-null male mice can be 

used for the characterization of MeCP2 function, they do not represent what occurs in female 

RTT patients, and some key molecular functions in the etiology can be missed. 
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Two recent transcriptome studies have tried to address cell heterogeneity and the role of 

MeCP2 in different cell-types of the brain in RTT patients and Mecp2-/+ female mice. The first 

study created a biotin-labeled-MeCP2 mouse model (Johnson et al. 2017), which helped to 

discriminate MECP2-functional vs. MECP2-deficient nuclei from bulk cortical excitatory neurons 

in Mecp2-/+ female mice. This study showed for the first time that MECP2-functional nuclei from 

heterogenous mutant females displayed non-cell-autonomous transcriptomic alterations when 

compared to nuclei from wild-type female mice (Johnson et al. 2017). Genes found upregulated 

in MECP2-functional nuclei have a role in reducing synaptic responsiveness that might be a way 

to balance the overexcited neurons that are characteristic in RTT. Additionally, Johnson et al. 

found no skewing (none of the MECP2-functional or -deficient nuclei were >75% of the total 

nuclei per sample) in XCI in mutant-Mecp2 female mice. Transcriptomic analysis of Mecp2-null 

male mice allowed for characterization of both cortical inhibitory and excitatory neurons. 

Upregulation of transcription factors and chromatin regulators was shared between Mecp2-

mutant females and Mecp2-null male mice. Another important contribution of this work was the 

comparison between nuclear and whole-cell transcriptomes from Mecp2-mutant mice. This 

revealed that approximately 48% of genes have an inverted expression change between the 

nuclear and whole-cell compartments. For instance, in Mecp2-mutant male mice, long genes 

(excitatory-enriched) are downregulated while short transcripts (inhibitory-enriched) are 

upregulated in nuclei, with the reverse observed in whole-cells. Johnson et al. proposed that this 

difference in expression is due to post-transcriptional stabilization or degradation of mRNAs in 

the cytoplasm by RNA-binding proteins. Of note, in mice with MECP2 mutations within the DNA 

binding domain (MBD) the downregulation of long genes was more prominent; this may lead to 

more severe RTT-like phenotypes (Johnson et al. 2017). 

Another recent study used a single-nucleus RNA-seq strategy to characterize excitatory 

neurons from the cortex on Mecp2-/+ female mice and RTT female patients (Renthal et al. 2018). 

Single-cell or nucleus approaches have unveiled the gene expression of complex tissues, like the 

brain, into cell-type specific transcriptional signals. The natural heterogeneity of RTT tissues 

makes them a perfect case study for single-cell technologies. This particular report based the 

distinction of MECP2-mutant and MECP2-functional nuclei on capturing and sequencing single-
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nucleotide polymorphisms within transcripts coming from the X chromosome. This method 

allowed the assignment of MECP2-functional or -mutant transcriptotypes for 22% of the nuclei 

(1,289 of 5,761 nuclei) in mice and 55% of the nuclei (16,627 of 30,293 nuclei) in humans. Based 

on these datasets, no skewing (~50%) in XCI was seen in both species. Cortical excitatory and VIP 

inhibitory neurons were characterized, as they represented the majority of the neuronal nuclei 

in the dataset. Using public data of brain DNAme profiling (Mo et al. 2015; Luo et al. 2017b), 

direct MeCP2-repressed genes were identified by highly methylated gene bodies, which have 

previously shown a preference for MeCP2 binding (Gabel et al. 2015). Even though high 

methylation or MeCP2-binding sites within dysregulated genes showed non-correlation (r 

between 0.1 and 0.41), the authors concluded that upregulation of highly methylated genes is a 

direct effect of MeCP2 deficiency. Additionally, the study suggested that transcription 

downregulation is a consequence of the upregulated genes or that it might be controlled by a 

different mechanism of MeCP2. In contrast to the previous study on bulk nuclei by Johnson et 

al., this work on single nuclei reported upregulation of long genes with high DNA methylation 

within gene bodies. Re-analysis of the Johnson et al. data, adding the DNAme information, 

showed that low methylated long genes were downregulated, while high methylated ones were 

upregulated. There is an absence of downregulated long genes (≥100 kb) in the Renthal et al. 

study, possibly due to the lower statistical power of single nucleus data and relatively low cell 

number, as less transcripts are captured per nucleus and the number of evaluated genes is lower 

than in bulk RNA-seq analysis. Additionally, the single-nucleus study used RTT patient tissues with 

a mutation in the TRD (R255X), while the bulk nuclei paper generated mice with mutations within 

the MBD (R106W and TR158M) of MECP2. Finally, non-cell-autonomous dysregulated genes in 

MECP2-functional nuclei from Mecp2-/+ mice compared to nuclei from Mecp2+/+ mice showed 

low levels of methylation, suggesting that the transcriptional alterations are due to interactions 

with MECP2-deficient cells. 

Even though these studies have demonstrated the transcriptomic changes in MeCP2-

deficient brains, integration of the data of different cell types is still missing. To understand the 

mechanisms that lead to RTT, it may be necessary to explore the crosstalk between MECP2-

deficient and MECP2-functional cells within different cell-types. Deeper classification and 
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inclusion of other cell-types such as other brain regions, sub-types of excitatory and inhibitory 

neurons, and glial cells, might reveal other transcriptomic alterations in the brain that together 

contribute to the development of the pathology. Furthermore, the lack of DNAme data from the 

same samples used for transcriptome analysis would be a useful addition that might resolve the 

incongruence seen for the dysregulation of long genes. Finally, it will be important to undertake 

studies in inducible-rescue RTT mouse models, which might provide useful information for 

treatment options and residual effects of RTT even after MECP2 restoration. 

The inducible-rescue RTT mouse model, Cre-Mecp2LoxStop, developed by Guy et al, 

achieves Mecp2 gene inactivation by the insertion of loxP-flanked stop cassette into Mecp2 

intron 2 (Guy et al. 2007). No MECP2 protein is detected in male mice carrying only the mutant 

allele, however the authors reported the presence of Mecp2 transcripts. Female mice are 

heterozygous, replicating the cell mosaicism seen in RTT patients. These female mice have a 

delayed onset described in other female RTT mouse models and display an RTT-like phenotype 

(Chen et al. 2001; Guy et al. 2001; Guy et al. 2007). For the phenotypic RTT rescue, injections of 

tamoxifen are administered to induce the Cre recombinase to exscind the stop cassette from the 

Mecp2 gene, reactivating MECP2 protein function. The reactivation of MECP2 rescues the 

majority of the RTT phenotypes, increasing lifespan and delaying the disease progression. 

Importantly, this approach of MECP2 rescue does not interfere with the Mecp2 gene dosage in 

cells with a wildtype active allele. A major advantage of this mouse model is the control over the 

start point of the tamoxifen treatment, which allows female mice to develop the RTT-like 

phenotype before the MECP2 rescue. A limitation of the tamoxifen treatment is that it does not 

guarantee 100% MECP2-rescued cells. Tamoxifen injections were reported as toxic during the 

development of this mouse model, so higher doses or prolonged treatment to achieve a higher 

rate of MECP2-rescued cells will be detrimental for the animals. However, a later study on this 

mouse model showed that with only 70% of the neurons exscinding the stop cassette the 

phenotypic rescue of RTT is achieved (Robinson et al. 2012). 

This thesis describes different techniques developed to overcome RTT cell heterogeneity 

and the cell-type diversity of the brain in order to gain new insights into the disrupted cellular 

pathways in RTT syndrome. Using the Cre-Mecp2LoxStop mouse model that allows the global 
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rescue of MECP2 in adult mice, I uncovered, for the first time, the neuronal molecular changes 

at transcriptome and epigenome levels of MECP2 reactivation. Additionally, I have identified 

persistent RTT dysregulated genes for numerous cell-types, which may lead to better strategies 

for treating the disease.  
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Chapter 3: Materials and Methods 

3.1 Mouse samples 

All mouse brain samples (Table 3.1) were obtained from collaborators in the Faulkner Lab 

at the University of Queensland. Mouse breeding and handling procedures complied with the 

guidelines set by the University of Queensland Animal Ethics Committee (approval number: 

TRI/120/13/NHMRC). Mecp2LoxStop mice were obtained from the mouse strain B6.129P2-

Mecp2tm2Bird/J (JAX stock number 006849), while Cre-Mecp2LoxStop mice were created from 

crossing a Mecp2LoxStop/+ female mouse with a B6.Cg-Ndor1Tg(UBC-cre/ERT2)1Ejb/1J (JAX stock number 

007001) male. Mouse RTT scores (Table 3.1) represent the sum of the individual scoring of 6 

symptoms (Guy et al. 2007): (1) reduced mobility when the animal was placed on bench and 

when handled gently; (2) waddling gait while the animal was walking or running; (3) hindlimb 

clasping when animal was suspended by the base of the tail; (4) presence tremor while the mouse 

was standing on the flat palm of the handler’s hand; (5) irregular breathing measured by the 

movement of flanks while animal was standing still; and (6) poor general condition, including coat 

and eyes dull, and hunched stance. Each of these symptoms was scored weekly by collaborators 

following the marking system from Guy, et al.: 0, for absent or as wildtype; 1, symptom present; 

2, severe symptom. Animals scoring 2 in any of the symptoms were culled. Collaborators 

dissected mouse brains into regions (cortex and hippocampus) from one hemisphere, while the 

second hemisphere was left intact. Cerebellum and olfactory bulb were separated from the rest 

of the brain at the beginning of dissection. Tissues were snap froze in liquid nitrogen, right after 

the dissection. Frozen samples were shipped on dry ice and stored at -80˚C upon arrival.  
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Table 3.1 Mouse samples.  

Animal ID Litter Genotype Treatment Age RTT Score Tissue* 

C30 2.4 Cre-Mecp2+/+ No 14mo 0 Brain, Hpc, Ctx 
C105 3.8 Cre-Mecp2LoxStop/+ No ~1y 7 Brain, Hpc, Ctx 
C106 3.8 Cre-Mecp2LoxStop/+ Tamoxifen ~1y 1 Brain, Hpc, Ctx 
C125 6.2 Cre-Mecp2LoxStop/+ Tamoxifen ~1y 0 Brain, Hpc, Ctx 
C126 6.2 Cre-Mecp2+/+ Tamoxifen ~1y 0 Brain, Hpc, Ctx 
C128 6.2 Cre-Mecp2LoxStop/+ No ~1y 8 Brain, Hpc, Ctx 
C148 6.5 Cre-Mecp2LoxStop/+ Tamoxifen ~1y 0 Brain, Hpc, Ctx 
C150 6.5 Cre-Mecp2+/+ Tamoxifen ~1y 0 Brain, Hpc, Ctx 
C151 6.5 Cre-Mecp2+/+ No ~1y 0 Brain, Hpc, Ctx 
C152 6.5 Cre-Mecp2LoxStop/+ No ~1y 8 Brain, Hpc, Ctx 
199M TBC Mecp2LoxStop/Y NA 12wk 8 Hpc 
216M TBC Mecp2LoxStop/Y NA 13wk 8 Hpc 
248M TBC Mecp2LoxStop/Y NA 12wk 8 Hpc 
198M TBC Mecp2+/Y NA 15wk 0 Hpc 
215M TBC Mecp2+/Y NA 13wk 0 Hpc 
250M TBC Mecp2+/Y NA 12wk 0 Hpc 

71 2.5 Mecp2+/+ NA ~1y 0 Brain, Hpc 
52 3.4 Mecp2LoxStop/+ NA ~1y 8 Brain, Hpc 
43 4.1 Mecp2+/+ NA ~1y 0 Brain, Hpc 
46 4.2 Mecp2LoxStop/+ NA ~1y 5 Brain, Hpc 

201 3.8 Mecp2+/+ NA ~1y 0 Brain, Hpc 
63 1.4 Mecp2LoxStop/+ NA ~1y 9 Brain, Hpc 

*Brain tissue refers to unspecific brain region, while Hippocampus (Hpc) and Cortex (Ctx) samples were dissected and used ind ividually. 

Mouse genotypes were confirmed by PCR using primers (Table 3.2) spanning and/or 

within the Mecp2-Lox-Stop cassette. 10 ng of genomic DNA were used per PCR reaction. PCR 

reactions were assembled on ice as follows: 5 µl of 5x Q5 reaction buffer, 0.5 µl of dNTPs at 10 

µM, 1.25 µl of each primer at 10 µM, 0.25 µl of Q5 High-Fidelity DNA polymerase (New England 

Biolabs, USA), and nuclease-free water to 25µl. PCR tubes were transferred to a thermocycler 

with the following program:  

Step Process Conditions 

Step 1 Initial Denaturation 98˚C for 30 seconds 

Step 2 

(Repeat Step 2, for 30 total cycles) 

Denaturation 98˚C for 10 seconds 

Annealing 63˚C for 20 seconds 

Extension 72˚C for 15 seconds 

Step 3 Final Extension 72˚C for 2 minutes 

Step 4 Infinite Hold at 4˚C 

PCR products were analyzed by electrophoresis on a 1% (w/v) agarose gel.  
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Primers used for genotyping in Chapter 6:  

Primer Sequence 

oIMR7171_MeCP2_common_JX_F AAC AGT GCC AGC TGC TCT TC 

oIMR7172_MeCP2_WT_JX_R CTG TAT CCT TGG GTC AAG CTG 

oIMR7415_MeCP2_Mutant_JX_R GCC AGA GGC CAC TTG TGT AG 

Neo_Bird_F GTC ATC TCA CCT TGC TCC TGC C 

Neo_Bird_R GAA GGC GAT AGA AGG CGA TGC G 

3.2 Low input (100 pg to 50 ng) Methylomes 

3.2.1 Human and Mecp2LoxStop/+ and Mecp2+/+ mouse hippocampal nuclei 

Flow cytometry sorted NeuN-positive hippocampal nuclei were processed and sent by our 

collaborators (G. Faulkner Lab, University of Queensland). Samples (pellets of nuclei) were snap 

frozen, shipped on dry ice, and stored at -20˚C upon arrival. 

3.2.2 Cre-Mecp2LoxStop/+ and Cre-Mecp2+/+ mouse cortical and hippocampal nuclei 

Mouse nuclei were obtained from the leftovers of single-nucleus RNA-seq libraries (see 

below section 3.3). Leftover nuclei were stored in 1x PBS containing 10% (v/v) DMSO at -20° for 

up to two weeks. Nuclei were thawed on ice and stained with anti-NeuN conjugated to AF-488 

(clone #A60, Merck, Germany) using the protocol described in section 3.3.1. Stained nuclei were 

sorted into NeuN positive and negative populations on a BD Influx cell sorter (Becton Dickinson 

and Company, USA) using a 70 µm nozzle at 60 psi. Nuclei were finally centrifuged at 500 x g for 

10 minutes; supernatant was removed and remaining pellet was stored at -20°C until processed 

for bulk methylome. 

3.2.3 Plant samples 

Leaves from Arabidopsis thaliana Col-0, reference strain, grown at standard conditions 

were donated by Marina Oliva in the Lister Lab. Leaves were snap frozen and pulverized on a 

mixer mill, prior to DNA extraction. Leaf samples were used for the protocol development of low 

input (100 pg to 50 ng) methylomes. 
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3.2.4 Public datasets 

Public whole genome bisulfite-sequencing (WGBS) datasets were obtained from the 

European Nucleotide Archive (https://www.ebi.ac.uk) under the study accession ids SRP049674 

(Mo et al. 2015), SRP026048 (Lister et al. 2013), SRP008994 (Qian et al. 2012) and SRP018263 

(Kawakatsu et al. 2016). 

3.2.5 Genomic DNA extraction 

Any remaining buffer or media was removed from frozen cells/nuclei pellets. Frozen 

pellets were resuspended in 200 µl of 1x PBS. Genomic DNA extractions was performed with a 

DNeasy Blood & Tissue kit (QIAGEN, Germany) following manufacturer’s instructions. Proteinase 

K treatment was done for 4.5 hours at 55°C in a thermomixer at 600 rpm, and RNAse incubation 

was performed at 37˚C for 1 hour in a thermomixer at 400 rpm. 

3.2.6 Genomic DNA shearing 

Genomic DNA (ranging from 100 pg to 50 ng) was spiked with 0.5% (w/w) of lambda phage 

unmethylated DNA (Thermo Fisher Scientific, USA) as a control for bisulfite non-conversion rate. 

Nuclease-free water was added to bring the volume to 130 µL. DNA shearing was performed on 

a Covaris S220 focused-ultrasonicator (Covaris, USA) using manufacture’s protocol for 300 bp 

using microTUBE AFA Fiber Snap-Cap (Covaris, PN 520045 USA) tubes. 

3.2.7 Low input Methylomes Method 1: Post-adaptor ligation 

Sheared DNA was bisulfite converted using the EZ-DNA Methylation Gold Kit (Zymo 

research, USA) following manufacturer’s instructions. Then, WGBS libraries were made with the 

Accel-NGS Methyl-seq DNA Library Kit (Swift Biosciences, USA) as instructed in the 

manufacturer’s manual. In brief, bisulfite converted DNA was denatured and a 3’ end adapter 

was added through adaptase treatment for end-repair, tailing of 3’ ends, and ligation of a 

truncated adapter. A second 5’ end truncated adapter was added by the extension and ligation 

steps. Finally, incorporation of indexes and full-length adapters was performed by 7-9 cycles of 

library PCR amplification. Amplified WGBS library was purified using 0.85x volume of AMPureXP 

beads (Beckman Coulter, USA), following manufacturer’s instructions with an elution in 20 µl of 

EB buffer. Library quality was evaluated on a D1000 ScreenTape (Agilent, USA). Library 
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quantification was performed using the KAPA Library Quantification Kit and DNA standards (KAPA 

Biosystems, USA). 

3.2.8 Low input Methylomes Method 2: optimized adaptor ligation 

DNA libraries were constructed from sheared DNA using NxSeq® AmpFREE Low DNA 

Library Kit (Lucigen, USA) for end-repair, A-tailing and adapter ligation following manufacturer’s 

instruction with the following changes. Only methylated adapters (BIOO Scientific, USA) were 

used for these libraries. Bisulfite conversion was then performed using the EZ DNA Methylation-

Direct kit (Zymo research, USA). Bisulfite converted libraries were eluted in 12 µL of EB buffer. 

Library amplification reaction was assembled on ice using the eluted 12 µL of DNA, 12.5 µL of 

KAPA HiFi Uracil+ readymix (Roche, Switzerland) and 0.5 µL of 25 µM Illumina primers. Library 

amplification was performed on a thermocycler with the following program: 

Step Process Conditions 

Step 1 Initial Denaturation 95˚C for 2 minutes 

Step 2 

(Repeat Step 2, for 4-12 total cycles) 

Denaturation 95˚C for 30 seconds 

Annealing 63˚C for 30 seconds 

Extension 68˚C for 1 minute 

Step 3 Final Extension 68˚C for 2 minutes 

Step 4 Infinite Hold at 4˚C 

 

Amplified WGBS library was purified using 1.4x (35 µl) volume of AMPureXP beads (Beckman 

Coulter, USA), following manufacturer’s instructions with an elution in 25 µl of EB buffer. Library 

quality was assessed and quantified as described above. 

3.2.9 Low input Methylomes Method 3: enzymatic conversion 

Methylomes were prepared using the NEBNext® Enzymatic Methyl-seq kit (New England 

Biolabs, USA). In brief, DNA libraries were constructed from sheared DNA using NEBNext® Ultra 

II reagents (New England Biolabs, USA) for end-repair, A-tailing and adapter ligation following 

manufacturer’s instructions. Then, 5-methylcytosine and 5-hydoxymethylcytosine on adapter-

ligated DNA were oxidised, followed by a second enzymatic step to deaminate cytosine to uracil. 

Enzymatic converted DNA was eluted in 20 µl of EB buffer. Index and full-length adapters were 

added by 4-16 cycles of PCR amplification. Amplified methylomes were purified using 0.9x 
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volume of AMPureXP beads (Beckman Coulter, USA), following manufacturer’s instructions with 

an elution in 20 µl of EB buffer. Library quality was assessed and quantified as in section 3.2.7. 

3.2.10 Library sequencing 

WGBS libraries were sequenced on Illumina NextSeq 500 System using V2 300 cycle kit 

(read 1: 150 cycles; read 2: 150 cycles, index read: 8 cycles) or on an Illumina Novaseq 6000 

System S4 300 cycle kit (read 1: 162 cycles; read 2: 162 cycles; index: 6 cycles). 

3.2.11 MethylC-seq data mapping and methylcytosine calling 

For each WGBS library, fastq files were pre-processed for adaptor and quality trimming 

using the tool fastp (v0.20.1) (Chen et al. 2018). WGBS libraries generated with the post-adaptor 

ligation method were trimmed adding the following options to the fastp command: --

trim_tail1 10, --trim_front2 10, --trim_poly_g, and --trim_poly_x. The trimming 

process generated four fastq file outputs: (1) read 1 and (2) read 2 from paired end (PE) reads, 

and singletons, (3) read 1 and (4) read 2, from which the mate did not pass the filters. Then, 

overlapping PE reads were merged running the bbmerge.sh tool (bbmap v38.22) (Bushnell et al. 

2017). Read 2 from singletons was reverse complemented with the reformat.sh tool (bbmap 

v38.22) using the option rcomp=t. Singleton reads (unpaired read 1 and unpaired reverse 

complimented read 2) were concatenated into a unique file to be treated as single end (SE) reads 

for mapping. 

In order to parallelize the mapping using GNU parallel (v20200322) (Tange 2018), the 

three fastq files (PE, merged, and SE) were split into 10 parts each using fastp (v0.20.1). 

BbSeeker2 (v.2.1.8) (Guo et al. 2013) was employed for mapping the reads using the aligner 

bowtie2 (v2.3.5.1) (Langmead and Salzberg 2012) with the --end-to-end mode. For PE reads 

the parameters -e 300 and -X 2000 were added, while for SE and merged files the variable -

e was set to 400. Mapping was done against the mm10 mouse genome with the addition of the 

phage lambda genome (chrL). Aligned reads bam files were sorted and merged into two files, (1) 

aligned merged reads and (2) aligned PE and SE reads, using sambamba tools (v.0.7.1) (Tarasov 

et al. 2015). For the aligned merged reads, PCR duplicates were identified by matching the 5’ and 

3’ ends and removed using the paleomix tool rmdup_collapsed (v1.2.14) (Schubert et al. 2014) 
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with the option --remove-duplicates. In the case of the aligned PE and SE reads, the 

deduplication was performed with sambamba tools (v.0.7.1) (Tarasov et al. 2015). Deduplicated 

bam files were merged into a final bam file for downstream analysis. 

To parallelize the methylation call, the final bam file was split into chromosomes using 

samtools (v.1.9) (Li et al. 2009). The methylation call was performed on each chromosome with 

cgmaptools (v0.1.2) using the command covert and the option bam2cgmap. For downstream 

analysis, all chromosomes ATCGmap.gz and CGmap.gz output files were merged into two 

corresponding files. 

3.2.12  Bisulfite non-conversion rate and methylation levels assessment 

Methylation levels were calculated per context (CG, CA, CT, CC, CHG, CHH, CH, and CW) 

and chromosome using cgmaptools mstat tool. To calculate the bisulfite non-conversion rate, 

the methylation levels from chromosome Lambda (chrL, Lambda phage genome) and/or 

chloroplast (chrPt) were used. Unmethylated lambda phage genomic DNA and chloroplast 

genomic DNA are depleted of methylation; therefore, any detected C will be a false positive 

product of incomplete bisulfite conversion, or a sequencing error. 

3.2.13 Differentially Methylated Regions analysis 

Differentially methylated regions (DMRs) were identified by using the HOME-pairwise 

tool using the default settings for CG context (Srivastava et al. 2019). The identified DMRs were 

filtered depending on the datasets compared, as follows. For the three replicates of the 

Mecp2LoxStop/+ and Mecp2+/+ hippocampal neuronal methylomes, WGBS Method 1, each DMR 

must have a minimum average of 5 reads of coverage per condition, at least 5 CpG sites, and a 

difference in methylation levels ≥ 0.2. To identify specific cell-type DMRs from public brain WGBS 

datasets, only DMRs with at least 10 reads of coverage per cell-type, comprising 5 CpG sites, and 

a difference in methylation levels ≥ 0.5 were used for cell-type identification. 

In the case of hippocampal and cortical methylomes, as they only had one replicate, each 

set of pairwise comparison DMRs was individually evaluated. First, for each set of DMRs, the 

median absolute deviation (MAD) and the third quartile (3rdQ) were calculated for each of the 

following parameters: difference in methylation levels, fold change, CpGs density (number of CpG 
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divided by DMR length in bp), and DMR score (CpG density by difference in methylation levels). 

Then, to filter the DMR set, the 3rdQ-MAD was used as threshold on every parameter. Finally, 

filtered DMRs must have had at least 10 read of coverage per sample. 

3.2.14 DMRs annotation and genomic region ontology enrichment 

DMRs’ underlying sequences were annotated using the R package Golmine (Bhasin and 

Ting 2016), indicating the genomic context (promoter, gene, exon, intron, 3’ end, and intergenic) 

of each DMR. Additionally, the Genomic Regions Enrichment of Annotations Tool was used to 

include cis-regulatory regions that are distal from genes (McLean et al. 2010a). 

3.2.15 Single Nucleotide Polymorphisms annotation 

Single nucleotide polymorphisms (SNPs) from methylomes were detected using the 

cmaptools snv tool with the following options: -m bayes and --bayes-dynamicP. Only 

significant SNPs (p-value ≤ 0.01) were retained for downstream analysis. Exclusive SNPs to the 

Mecp2LoxStop/+ genotype were identified by their total absence in any of the Mecp2+/+ samples and 

their presence in at least three quarters of the Mecp2-mutant carrier datasets. 

3.3 Low and frozen input single-nucleus RNA-seq libraries 

3.3.1 Nuclei isolation 

On the day of the experiment, stored mouse brain samples (Table 3.1) were taken out of 

the -80°C freezer, placed on a layer of dry ice to prevent thawing and dissected into 20 mg pieces. 

Immediately, the sample pieces were submerged in 2.5 mL of chilled lysis buffer (10 mM Tris-HCl, 

3 mM MgCl2, 10 mM NaCl, and 0.005% (v/v) Nonidet™ P 40 Substitute (Merck, Germany), 

containing 0.2 U/µl of RNasin Plus (Promega, USA)) for 17 minutes in a 15 mL tube on ice. During 

lysis, tissue was triturated by passing the sample through a silanized glass Pasteur pipette until 

complete disruption. After lysis, 2.5 mL of chilled dPBS was added to the solution. To remove 

large non dissociated tissue debris, the lysis product was poured through a 30 µm MACS strainer 

(Miltenyi Biotec, Germany) into a fresh 15 mL tube. Then, the nuclei solution was centrifuged at 

2,000 x g for five minutes at 4°C. The supernatant was removed using a 10 mL serological pipette 

without disrupting the nuclei pellet. The pellet was resuspended with 400 µl of Nuclei Wash 
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Buffer (1x dPBS, 2% (w/v) BSA, 1:10,000 DAPI containing 0.2 U/µl RNasin Plus (Promega, USA)) 

and transferred to a fresh 1.7 mL tube using a wide bore pipette tip. Single-nucleus solution was 

incubated on ice for 10 minutes before sorting. Nuclei were sorted on a BD Influx cell sorter 

(Becton Dickinson and Company, USA) using a 70 µm nozzle at 60 psi. 100,000 events of DAPI 

positive nuclei were sorted into a 1.7 mL tube containing 10 µl of chilled dPBS. The concentration 

of DAPI sorted nuclei was determined using a hemocytometer with an Olympus fluorescence 

microscope. 

3.3.2 10x snRNA-seq library preparation 

Sorted nuclei were loaded into the Chromium™ Controller (10x Genomics, USA) targeting 

a recovery of 10,000 nuclei. Library construction was performed using Chromium Single Cell 3’ 

GEM, Library & Gel Bead Kit (10x Genomics, USA) following manufacturer’s instructions, except 

for the number of PCR cycles for cDNA amplification that needed to be increased due to the lower 

amount of mRNA in nuclei compared to whole cells (Table 3.2). cDNA quality assessment and 

quantification were performed on an Agilent 4200 TapeStation System (Agilent, USA), using a 

D5000 ScreenTape (Agilent, USA), while quality assessment of the library was performed on a 

D1000 ScreenTape (Agilent, USA). Library quantification was performed using the KAPA Library 

Quantification Kit and DNA standards (KAPA Biosystems, USA). 

3.3.3 Library sequencing 

snRNA-seq libraries were sequenced on an Illumina NextSeq 500 System using V2 150 

cycle kit (read 1: 28 cycles; read 2: 130 cycles, index read: 8 cycles) or on an Illumina Novaseq 

6000 System SP 100 cycle kit (read 1: 28 cycles; read 2: 87 cycles; index: 8 cycles). 
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Table 3.2 Single-nucleus RNA-seq libraries 

Library ID Animal 
ID* 

Tissue Weight Chromium 
Chemistry 

Version 

Number of PCR 
cycles 

cDNA Library 

RL880 dWT1 Cortex 20.7 mg v2 11 10 
RL881 dWT1 Cortex 21.4 mg v2 13 12 

RL1039 C148 Brain 25 mg v2 15 14 
RL1040 C152 Brain 36 mg v2 15 13 
RL1112 C128 Brain 45 mg v2 18 6 
RL1113 C125 Brain 49 mg v2 18 6 
RL1116 C151 Brain 33 mg v2 18 9 
RL1117 C150 Brain 42 mg v2 18 11 
RL1242 C105 Brain 34.2 mg v2 18 6 
RL1243 C106 Brain 24.5 mg v2 18 12 
RL2153 C148 Hippocampus 20 mg v3.1 19 11 
RL2154 C150 Hippocampus 6 mg v3.1 19 13 
RL2155 C151 Hippocampus 3 mg v3.1 19 11 
RL2156 C152 Hippocampus 15 mg v3.1 19 13 
RL2161 C128 Hippocampus 10 mg v3.1 19 11 
RL2162 C125 Hippocampus 12 mg v3.1 19 11 
RL2163 C30 Hippocampus 4 mg v3.1 19 11 
RL2164 C126 Hippocampus 8 mg v3.1 19 11 

*Animal genotype and treatment can be found in Table 3.1 

3.3.4 snRNA-seq data mapping 

snRNA-seq fastq files were generated and mapped with 10x Genomics Cell Ranger (v3.1.0) 

using the default parameters. Reads were mapped to the mm10 mouse genome (Cell Ranger 

v3.1.0 release) using a modified version of the gtf file that allows pre-mRNA mapping and includes 

all full-length elements from the L1 transposon active families (L1-MdA, L1-MdGf, L1-MdTf). An 

artificial chromosome (chrN) was included to capture any transcripts coming from the Neomycin-

Stop cassette in the MeCP2-mutant mice. 

3.3.5 snRNA-seq Analysis for 10x Chemistry v2 and v3 

The Seurat R package v3.1.1 was used for data filtering, normalization, integration, 

dimension reduction, and nucleus clustering (Butler et al. 2018; Stuart et al. 2019). Nuclei with ≥ 

200 unique genes, and genes detected in three or more nuclei were initially included in the 

analysis. High quality nuclei satisfied the filters for ≤ 3,000 UMIs, ≤ 5% ribosomal RNA reads, and 

≤ 1% mitochondria-derived read content to reduce the presence of doublets and decrease the 

incidence of “environmental” RNA droplets (free-floating RNA, originated by cell and nuclei 
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bursting and RNA leaking). Mitochondrial genes were removed from high-quality nuclei to avoid 

mitochondrial bias in downstream analysis. Data was transformed with the SCTransform 

function using default parameters (Hafemeister and Satija 2019). Highly variable genes (n = 

3,000) were used to calculate the top principal components. Then, the top 30 principal 

components were passed as input to the function RunUMAP to perform the Uniform Manifold 

Approximation and Projection (UMAP) dimensional reduction (McInnes 2018). Nuclei clustering 

was performed using a Shared Nearest Neighbors (SNN) graph, implemented in the 

FindNeighbors function. This method calculates the k-nearest neighbors and the 

neighborhood overlap in between nuclei, where each nucleus is a node, to construct the SNN 

graph. The function FindNeighbors was used with default parameters, except for dims=1:30. 

Nuclei were grouped into clusters by identifying highly interconnected nodes in the SNN graph, 

using the smart local moving algorithm (Waltman and van Eck 2013) in the FindClusters 

function. Different clustering resolutions (resolution = seq(0.6,3,0.6)) were calculated 

for each dataset and evaluated with the clustree (v0.4.1) R package. 

To integrate multiple datasets, each single-cell dataset was individually preprocessed 

(normalization and identification of variable features). Then, anchors were identified between 

individual datasets using the function FindIntegrationAnchors with the parameter 

dims=1:30. Next, the anchors were used in the IntegrateData function for batch correction. 

After integration, the data was scaled and the standard workflow for dimensional reduction 

visualizations was followed. 

Assignment of cell type was based on the markers of each cluster. Markers were identified 

with the FindAllMarkers function, which does the differential expression testing for each 

cluster in the dataset. Only positive differentially expressed genes were retrieved for each cluster 

with the following parameters only.pos = TRUE, min.pct = 0.5 and test.use= 

“wilcox”. In case of multiple conditions (genotype + treatments), FindConservedMarkers 

function was employed instead of FindAllMarkers, using the same parameters. Then, the top 

marker genes per cluster were matched to a unique cell type population from the Mouse Brain 

Atlas database (Zeisel et al. 2018). Clusters that showed identical markers without any 
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enrichment for a specific one and matching the same cell-type were pulled together. Additionally, 

clusters that showed low numbers of cells <100 were removed from the analysis. 

3.3.6 snRNA-seq Analysis for 10x Chemistry v3.1 

The Seurat R package v3.1.5 was used for data filtering, normalization, and nucleus 

clustering (Butler et al. 2018; Stuart et al. 2019), as described previously for the other 10x 

Chemistries, with the following changes. High-quality nuclei were defined as having ≥ 500 unique 

genes detected in ten or more nuclei, ≤ 4,000 UMIs, and a mitochondrial and ribosomal content 

< 1% of total UMIs/nucleus. Raw data was transformed with the NormalizeData function using 

default parameters. 3,000 highly variable genes were detected with the method vst from the 

FindVariableFeatures function to calculate the top 50 principal components. The ScaleData 

command was run using the default parameters on all genes, instead only the high variable ones, 

for downstream visualization purposes. 

To integrate the data and correct for batch effects, the Harmony (v.1.0) R package 

(Korsunsky et al. 2019) was employed. This integration method uses the cosine distance as a 

measure of cell-to-cell similarity, projecting to shared embedding space. Then, the Harmony 

embeddings were used, instead of the PCA ones, into the RunUMAP and FindNeighbors 

functions. Clusters were called and evaluated as previously described. 

Cell-type identification was performed with the SingleR R package (Aran et al. 2019), 

which annotates unknown cells by comparing their gene expression profiles to a labelled 

reference dataset. SingleR was run with the Mouse Brain Atlas (Zeisel et al. 2018) as a reference 

dataset, together with the Wilcoxon ranked sum test as the method to compare top markers 

between labels. As the labelling was done by nucleus and not by cluster, each cluster was labeled 

with the highest proportion of cell-type label. However, if the most abundant cell-type within a 

cluster did not reach the >50% and there was another annotation enriched and clearly spatially 

divided, then the cluster was split. Conserved markers among conditions per cluster were 

determined using the FindConservedMarkers as described above. 
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3.3.7 Differential Expression 

Differential expression (DE) analysis between conditions was performed with Seurat’s 

FindMarkers function, using Wilcoxson test. For comparisons within the same specific cell-

type, pairwise contrasts were made among all conditions present in the cluster with more than 

20 nuclei. To recover the most relevant differences in a cell type between conditions and at the 

expense of the loss of weaker signals from cell sub-types, only genes that were present in at least 

50% of tested condition nuclei were used for the comparison. Differential expressed genes 

(DEGs) with a log Fold Change lower than 0.25 and an adjusted p-value higher than 0.01 were 

filtered out. 

For comparisons within brain regional cell-types (neurons were grouped by region -

hippocampus, cortex, hypothalamus, etc. - but keeping separated excitatory from inhibitory; and 

non-neuronal cells were aggregated into: vascular cells, astrocytes, microglia, oligodendrocytes 

and oligodendrocytes precursor cells), general cell-types (glia -non-neuronal cells-, excitatory and 

inhibitory neurons) and pseudo-bulk (per condition), genes have to be present at least in 50% of 

the tested group ~ condition. Significant genes were identifies as described previously for specific 

cell-type comparisons. 

3.3.8 Identification of MECP2-deficient nuclei and DE analysis 

MECP2-deficient and -functional nuclei from Cre-Mecp2LoxStop/+ mice were discriminated 

by the presence of Mecp2 allele-specific SNPs (see section 3.2.14). Additionally, nuclei were 

considered MECP2-deficient if they contained any UMI counts for the neomycin cassette. All 

nuclei originating from Cre-Mecp2+/+ animals were classified as MECP2-functional. 

3.4 Intranuclear CITE-seq Libraries 

3.4.1 Immunofluorescence and microscopy 

Free-floating sagittal mouse brain sections were donated by Prof. Jennifer Rodger (Brain 

Plasticity Research group, at the Sarich Neuroscience Research Institute, Australia). Control 

C57BL/6j adult (8-12 weeks) mouse brains were sectioned at 40 microns and stored at 4°C in 1x 

PBS and 0.1% (w/v) sodium azide. Three brain sections were placed in each in-house made basket 

for 12 well plates, allowing an easy and gentle transfer of brain sections from solution to solution. 
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Before staining, brain slices were washed three times in 1x dPBS for five minutes each, then 

incubated in Staining and Washing Buffer (SWB; 1x PBS, 0.3% (v/v) Triton X and 0.1% (w/v) 

sodium azide) for five minutes at room temperature. Brain sections were incubated in dark at 

4°C on a shaker at 30 rpm for three days in 1:1,000 dilutions of one of more of the following 

antibodies: anti-MeCP2 (clone #N227/21, Biolegend, USA), anti-NeuN conjugated to AF-488 

(clone #A60, Merck, Germany), anti-NeuN conjugated to biotin (clone #A60, Merck, Germany), 

and anti-biotin conjugated to phycoerythrin (clone #1D4-C5, Biolegend, USA). Detection of the 

primary anti-MeCP2 antibody was performed using a 1:1,000 goat anti-mouse conjugated to AF-

555 (catalog #ab150114, Abcam, USA) secondary antibody, which was added to sections after 

three 5 minutes washes in SWB. Sections with the secondary antibody were incubated at 4˚C on 

a shaker at 30 rpm overnight. Finally, sections were counterstained with 1:10,000 DAPI diluted 

in 1x dPBS (cat #14285, Cayman Chemical, USA) to visualize nuclei before mounting with 

FluorLast™ with DABCO (cat #1217-20, BioVision, USA). Images were acquired using a Nikon C2 

confocal microscope and processed with ImageJ. 

To test the antibodies on nuclei, mouse cortex nuclei were isolated as described in section 

4.3.3. After centrifugation, nuclei pellets were resuspended in 100 µl of Nuclei Staining and 

Washing Buffer (NSWB; 1x dPBS, 2% BSA and 0.01% Tween) and incubated for 20 minutes on ice 

with 1 µl of FcX™ PLUS (anti-mouse CD16/32) antibody (BioLegend, USA) for blocking nonspecific 

binding of antibodies. The same antibodies mentioned above were used to stain the nuclei, with 

the addition of anti-MeCP2 conjugated to AF-594 (clone #N227/21, BioLegend, USA). Each 

antibody was used at 1:500 and incubated for 20 minutes at 4°C in the dark. Three washes in 

between stains were done by centrifuging at 500 x g for five minutes at 4°C. 

3.4.2 Intranuclear CITE-seq 

Nuclei were prepared as described in section 3.3.1 until the centrifugation step. 

Afterwards, nuclei were resuspended in 100 µl of NSWB with 1 µl of RNasin Plus (Promega, USA) 

and 1 µl of TruStain FcX™ PLUS antibody (BioLegend, USA). Resuspended nuclei were incubated 

on ice for 20 minutes. Nuclei staining was performed in two consecutive rounds: the first staining 

with anti-NeuN conjugated to biotin (1:500, clone #A60, Merck, Germany), and the second one, 

with anti-MeCP2 conjugated to GAGAAATCAACCAAG oligo (1:500, clone #N227/21, TotalSeq™-A, 
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Biolegend, USA), anti-biotin conjugated to CGGTATATCAACAGA oligo (1:500, clone #1D4-C5, 

TotalSeq™-A0436, Biolegend, USA) and mouse IgG2a, 𝜅 isotype control antibody conjugated to 

CTCCTACCTAAACTG oligo (1:500, clone #MOPC-173, TotalSeq™-A0091, Biolegend, USA). After 20 

minutes of antibody incubation, three washes were performed by centrifuging the nuclei at 500 

x g for five minutes at 4°C and resuspending them in 200 µl of NSWB. Final nuclei resuspension 

was done with 1:10,000 DAPI in 500 µl of NSWB and 1 µl of RNasin Plus (Promega, USA). The 

same parameters and conditions were employed for nuclei sorting and for determining their 

concentration as in section 3.3.1. 

3.4.3 CITE-seq library preparation 

Sorted nuclei were loaded into the Chromium™ Controller (10x Genomics, USA) targeting 

recovery of 10,000 nuclei. cDNA library construction was performed using Chromium Single Cell 

3’ GEM, Library & Gel Bead Kit v3 (10x Genomics, USA), following manufacturer’s instructions, 

with the following alteration for cDNA amplification and cleanup steps. At the amplification step, 

1 µl of 0.2 µM ADT (antibody derived tags) Additive Primer (CCTTGGCACCCGAGAATT*C*C, * 

indicates a phosphorothioate bond) was added to the Amplification Mix, as instructed in 

TotalSeq™-A protocol (BioLegend, USA). Then, at the cDNA cleanup step, all the supernatant (ADT 

fragments) was saved into aliquots of 80 µl each.  

After beads bound fraction (for cDNA library) and supernatant (for ADT library) cleanups, 

and extra dual size selection was done on 22.5 µl of the eluted ADT fragments using the SPRIselect 

reagent (Beckman Coulter, USA) as follows. ADT fragments volume was brought up to 50 µl with 

EB buffer (Qiagen, Germany) and for first size selection a 0.8x (40 µl) volume of SPRIselect reagent 

(Beckman Coulter, USA) was added. Supernatant was saved and size selected again with 0.4x (20 

µl) volume of SPRIselect reagent (Beckman Coulter, USA). After two washes with 80% ethanol, 

ADT fragments were eluted in 25 µl.  

ADT library was constructed and amplified using 22.5 µl of double size selected ADT 

fragments, 1.25 µl of 10 mM SI PCR primer, 1.25 µl of 10 mM TruSeq Small RNA RPI1 adapter 

primer (Illumina, USA) and 25 µl of NEBNext® High-Fidelity 2x PCR Master Mix (New England 

Biolabs, USA). Library amplification was performed in a thermal cycler using the following 

protocol: 
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Step Process Conditions 

Step 1 Initial Denaturation 98°C for 2 minutes 

Step 2 

(Repeat Step 2, for 14-18 total cycles) 

Denaturation 98 °C for 20 seconds 

Annealing 60°C for 30 seconds 

Extension 72°C for 20 seconds 

Step 3 Final Extension 72°C for 5 minutes 

Step 4 Infinite Hold at 4°C  

 

Amplified ADT library was purified using 1.5x (75 µl) volume of ProNex® Chemistry magnetic 

beads (Promega, USA), following manufacturer’s instructions with an elution in 25 µl of EB buffer. 

cDNA and libraries quality checks and quantification were done as for snRNA-seq libraries, see 

section 3.3.2. 

Table 3.3 CITE-seq libraries 

Library ID Animal ID* Tissue Weight Library Type Number of PCR cycles 

cDNA/ADT Library 

RL1779 
71 Brain 27 mg 

snRNA-seq 18 12 
RL1780 TotalSeq-A 18 15 
RL1996 

216M Hippocampus 30 mg 
snRNA-seq 19 14 

RL1998 TotalSeq-A 19 15 
RL1997 

215M Hippocampus 30 mg 
snRNA-seq 19 14 

RL1999 TotalSeq-A 19 15 
*Animal genotype and treatment can be found in Table 3.1 

3.4.4 Library sequencing 

snRNA-seq and CITE-seq libraries were sequenced on an Illumina NextSeq 500 System 

using V2 150 cycle kit (read 1: 28 cycles; read 2: 130 cycles, index read: 8 cycles) or on an Illumina 

Novaseq 6000 System SP 100 cycle kit (read 1: 28 cycles; read 2: 87 cycles; index: 8 cycles). 

3.4.5 Oligo tag count and analysis 

ADT libraries were processed by CITE-seq-Count v1.4.2 (Gui 2019), using default 

parameters and passing a whitelist of cell barcodes from snRNA-seq data via -wl. To achieve a 

higher capture of ADT tags the --sliding-window option was used. The umi_count output 

was integrated with its corresponding snRNA-seq data using Seurat R package v3.1.1 (Stuart et 

al. 2019). 
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Seurat multimodal workflow was followed for the integration of the ADT libraries to the 

snRNA-seq data. However, for ADT quality control and normalization the following steps were 

performed individually per sample under the analysis guidelines for single-cell experiments using 

Bioconductor (Amezquita et al. 2020). First, to eliminate nuclei with none or high content of ADT 

counts, which could be environmental contaminants, the isOutlier function from the scater 

(McCarthy et al. 2017) R package was used. Outliers were identified by requiring a fold-change 

of 2 from the log2 scale transformed median at the lower tail. Then, to eliminate any ADT library 

composition bias (Amezquita et al. 2020), factor sizes were calculated using an estimated 

ambient profile from discarded nuclei. To obtain the ambient profile, the CITE-seq-Count tool 

was run as mentioned before but without the whitelist argument. Instead, CITE-seq-Count was 

requested to find 10,000 random cell barcodes from which true barcodes were eliminated. The 

mean counts per protein in the ambient profile were used as reference to compute the factor 

sizes for each nucleus using the function medianSizeFactors from the scater R package. Even 

though a centered log-ratio (CLR) normalization is used in the Seurat pipeline, the CLR 

normalization of each individual protein was computed with the clr function from the 

compositions (K. Gerald van den Boogaart and Bren 2019) R package. After individual 

normalization of each sample, all ADT data was aggregated into a single matrix for its later loading 

into the already processed RNA Seurat object. Scaling of the CLR-normalized ADT data was 

performed using the ScaleData function from Seurat. To correlate the presence and absence 

of protein and transcripts, the Spearman coefficient was calculated on the scaled expression data 

across all nuclei, instead of individual cell types (Eraslan et al. 2019).  
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Chapter 4: DNA methylation changes in a Rett Syndrome mouse model 

4.1 Introduction  

MeCP2, as described before in Chapter 2, is a DNA methylation (DNAme) reader protein 

with high affinity for methylated cytosines in both the CG and CA contexts (mCG and mCA) (Kinde 

et al. 2015). The binding of MeCP2 recruits other chromatin regulators and modifiers to the local 

region, modulating DNA sequence accessibility and gene expression (Tillotson et al. 2017; Ip et 

al. 2018). The highest abundance of MeCP2 has been found in neurons (Skene et al. 2010), where 

it is involved in establishing and sustaining neuronal maturity and the balance of neuronal circuits 

(Chahrour et al. 2008; Skene et al. 2010; Nott et al. 2016). Dysfunction of MeCP2 causes the X-

linked neurological disorder called Rett Syndrome (Amir et al. 1999), which has its most severe 

forms when the binding of MeCP2 to DNAme is disrupted by mutations within its methyl binding 

domain (MBD) (Shah and Bird 2017) (Chapter 2, Fig.2.3). Neuronal tissues from dysfunctional 

MeCP2 reported dysregulated expression of thousands of genes, however changes in DNAme 

have not been described. The repressive binding of MeCP2 occurs mainly in gene bodies, and the 

strength of its regulation depends on the MeCP2 molecules bound to a specific region, which in 

turn is modulated by the availability of methylated sites, which in neurons increases through 

development (Lister et al. 2013; Nott et al. 2016; Stroud et al. 2017). Hence, MeCP2-deficiency 

might change the DNAme landscapes for a more permissive chromatin. Furthermore, regions of 

differential DNAme between conditions are frequently indicative of differentially active 

regulatory regions such as enhancers, so comprehensive profiling of DNAme at high resolution 

provides a sensitive measure for changes in the activity state of genome regulatory sites. 

Therefore, the research described in this Chapter aimed to explore the epigenetic effects of a 

dysfunctional MeCP2 protein in neurons. Whole-genome bisulfite-sequencing (WGBS) was 

employed to profile, at single CpG site resolution, neuronal DNAme from the hippocampus of a 

Mecp2LoxStop Rett Syndrome mouse model (B6.129P2-Mecp2tm2Bird/J). 
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Figure 4.1 Mecp2LoxStop/+ and Cre-Mecp2LoxStop/+ female mice. (A) Schematic of Mecp2 alleles carried by Mecp2LoxStop/+ female 
mice (B). (C) Random Mecp2 allele expression by X chromosome inactivation (silenced chromosome in gray). (D) Schematic of 
the active transgenes in MECP2-deficient cells in Mecp2LoxStop/+ mice, expressing the Cre-ER protein, which is unable to enter to 
the nucleus (E). (F) Excision of the LoxStop cassette induced by tamoxifen injections, resulting in MECP2 protein expression. 

In the Mecp2LoxStop Rett Syndrome mouse model, Mecp2 gene inactivation was 

accomplished by the insertion of a loxP-flanked neomycin-stop cassette (LoxStop) into Mecp2 

intron 2 (Fig. 4.1A) (Guy et al. 2007). Mecp2LoxStop/+ females replicate the cell mosaicism seen in 

RTT patients due to X chromosome inactivation (Fig. 4.1B, C). The crossing of a Mecp2LoxStop/+ 

female with a Cre-ERT2 male mouse (B6.Cg-Ndor1Tg(UBC-cre/ERT2)1Ejb/1J) results in Cre-Mecp2LoxStop 
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mice. The Cre-Mecp2LoxStop/+ mouse is a powerful Rett Syndrome animal model, in which MECP2 

function can be rescued in diseased adult individuals with the injection of tamoxifen. In brief, 

Cre-Mecp2LoxStop/+ mice possess a transgene expressing a fusion between Cre recombinase and a 

modified estrogen receptor (Cre-ER) in addition to the Mecp2-LoxStop allele (Fig. 4.1D) (Guy et 

al. 2007). The Cre-ER protein remains in the cytoplasm unless exposed to tamoxifen (estrogen 

analog) (Fig. 4.1E), which causes it to translocate to the nucleus and excise the LoxStop cassette, 

enabling Mecp2 rescue (Fig. 4.1F). Rescued animals present a general improvement of RTT 

phenotypes/symptoms (reduced mobility, waddling gait, hindlimb clasping, tremor, irregular 

breathing, dull eyes, ungroomed coat and hunched posture) after tamoxifen treatment (Guy et 

al. 2007). 

4.2 Results 

4.2.1 Profiling DNA methylation from low-input samples 

Hippocampal tissue from RTT (Mecp2LoxStop/+) and WT (Mecp2+/+) mice was chosen over 

other brain regions, because of its role in adult neurogenesis, memory and learning processes 

(Eichenbaum 2004; Toda et al. 2019), and its neurological malfunction described in Rett 

Syndrome patients and mouse models (Pelka et al. 2006; Berger-Sweeney 2011). The quantity of 

DNA extracted from mouse NeuN+ fluorescence-activated nuclei (FAN) sorted hippocampal 

nuclei was below the minimum standard input amount (200 ng) for WGBS library preparation. 

One of the main limitations in preparing WGBS libraries is the need for a relatively large amount 

of input DNA (Miura et al. 2012). The extreme conditions (temperature and pH) for bisulfite 

conversion causes depyrimidination (Tanaka and Okamoto 2007), which tends to cleave DNA 

strands, usually removing sequencing adaptors and reducing the final sequenceable library yield. 

These low library yields are usually PCR over-amplified generating high numbers of duplicate 

reads, which do not add additional useful data and which must be removed during the data 

analysis as they can mislead methylation calling, causing a decrease in genome coverage. 

Given the low amounts of input DNA, I tested and optimized a new commercial WGBS kit 

(Accel-NGS Methyl-seq DNA Library Kit, Swift Biosciences, MI, USA) at the time (year 2015), based 

on post-bisulfite adaptor tagging (Miura et al. 2012). My protocol optimization included changes 
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in DNA fragmentation, the number of cycles needed to produce a library yield without over 

amplifying it, and the use of the EZ-DNA Methylation Gold Kit (Zymo Research, CA, USA). These 

optimizations were reported to Swift Biosciences, which incorporated them later into their 

protocol. 

Following my optimized protocol, I successfully produced single-ended WGBS libraries 

from as low as 4 ng from mouse sorted nuclei (Fig. 4.2A). An essential feature for the method, 

but problematic for read mapping and methylation calling, is the incorporation of extrinsic 

unmethylated C nucleotides during the adaptase step. Consequently, a hard trimming of 8-15 bp 

at the end of read 1 and the beginning of read 2 (for pair-ended reads) is recommended. The 

hard trimming of these bases improves mappability and avoids false methylation calls. However, 

hard trimming can remove valuable information for detecting PCR duplicates, multimappers, and 

methylation calls (Fig. 4.2B). The amount of C tailing in reads depends on fragment size of the 

library and the number of cycles per read. Therefore, fastq files must be inspected before and 

after hard trimming to minimize the loss of information. Additionally, quality trimming was also 

performed, keeping only bases with a score higher than 20, to avoid false methylation calls due 

to technical issues during sequencing. Using this protocol, I generated, sequenced and analyzed 

a pair-ended human hippocampal (NeuN+ sorted nuclei) methylome, from 15 ng of input DNA, 

that has been published as a collaboration with the Computational and Molecular Biology 

Laboratory at Queensland Brain Institute, Australia (Sanchez-Luque et al. 2019). The results of 

these methylomes and trimming tests, indicated that the best trimming conditions for 

methylomes prepared by this WGBS-seq method is adaptor and quality trimming, followed by a 

10 bp hard trimming at the end of read 1 and the beginning of read 2. 
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Figure 4.2 Low input methylomes. (A) Table with inputs of DNA for WGBS libraries and the yield obtained from each. (B) Four 
different trimming conditions were applied on to the same mouse WGBS library: no trimming (in orange); adaptor and quality (in 
red); adaptor, quality and hard trimming (HT) of 10 bp (in pink); adaptor, quality and hard trimming of 20 bp (in purple). Bar plots 
display each trimming condition’s mappability (left y-axis), while the dots show the non-conversion rate achieved (right y-axis). 
The best mappability was achieved with the addition of hard trimming. However, the removal of 20 bp was detrimental as reads 
became multi-mappers for being too short. Notably, only hard trimming reached a non-conversion rate below 0.5. 

4.2.2 Changes in DNA methylation in Mecp2-mutant mice are associated to Rett Syndrome 

features 

Once the low input WGBS protocol was established and shown to generate high quality 

data, I prepared pair-ended methylomes from NeuN+ FAN sorted hippocampal nuclei from RTT 

and WT samples, with three biological replicates per condition. All libraries showed a ≤ 0.4% non-

conversion rate for all contexts and ≥ 9x genome coverage (Table 4.1). Even though only a 

fraction of Mecp2LoxStop/+ neurons express functional MECP2, there was no difference in global 

methylation levels between RTT and WT samples for any context (Table 4.1). 

Table 4.1 Global statistics of WGBS libraries 

Sample 
(Lib ID) 

Raw Reads 
Mapped 

Reads 
Dedup 
Reads 

Coverage 
Global DNA Methylation (%) Non-conversion Rate (%) 

mCA mCC mCG mCT mCA mCC mCG mCT 

RTT #1 
(RL370) 

410,324,283 
(100%) 

80% 70% 11.2x 4.1 0.3 82.8 1.2 0.3 0.2 0.2 0.2 

RTT #2 
(RL483) 

403,855,615 
(100%) 

79% 72.6% 11.7x 4.1 0.3 80.9 1.3 0.4 0.3 0.3 0.2 

RTT #3 
(RL485) 

316,513,505 
(100%) 

82.3% 76.4% 9.5x 4.6 0.4 83.3 1.4 0.4 0.2 0.3 0.2 

WT #1 
(RL371) 

350,572,675 
(100%) 

80.9% 73.6% 11.1x 4 0.3 81.5 1.2 0.3 0.2 0.2 0.2 

WT #2 
(RL484) 

460,958,544 
(100%) 

70% 61.1% 10.9x 4.5 0.3 81.2 1.4 0.4 0.2 0.3 0.2 

WT #3 
(RL486) 

324,888,757 
(100%) 

81.3% 73.9% 9.9x 3.7 0.3 81.6 1.2 0.4 0.2 0.3 0.2 
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Differentially methylated regions in CG context (DMRs) in RTT methylomes were 

identified with the histogram-based machine learning approach, called HOME (Srivastava et al. 

2019). HOME determined 2,758 DMRs (Fig. 4.3A), from which 2,221 were hyper-methylated and 

537 were hypo-methylated in RTT samples. The DMRs were mainly located in intronic and 

intergenic regions (Fig. 4.3B). DMRs can indicate regulatory sites (e.g., binding sites for 

transcription factors, enhancers, splicing sites, and others) of nearby coding sequences (Stadler 

et al. 2011; Mo et al. 2016). Therefore, I used the full-set of DMRs as possible differentially utilized 

cis-regulatory regions between WT and RTT to identify potential target genes. The 2,512 genes, 

identified by the genomic region enrichment annotation tool (GREAT, (McLean et al. 2010b), 

were associated with 2,754 DMRs (Fig. 4.3C). Only 330 DMRs were associated with only one gene, 

while 2,424 were associated with two or more. The top three biological process terms of the 

Gene Ontology (GO) enrichment analysis revealed that the DMRs were associated with genes 

involved in actin cytoskeleton structures (54 DMRs associated with 37 out of 90 genes), 

regulation of dendritic spine development (36 DMRs associated with 20 out of 41 genes), and 

neural cell proliferation (65 DMRs associated with 36 out of 80 genes) (Fig. 4.3D,E). Interestingly, 

one of the principal RTT neuronal phenotypes is low complexity and density in dendritic spines, 

for which filamentous actin is the main cytoskeletal protein. Dendritic spines host synapses and 

control their development, plasticity, and function (Tolias et al. 2011). These actin cytoskeleton 

structures are regulated by Rho-GTPases from the Ras superfamily, which are necessary for 

dendritic arborization and development, and are implicated in autism spectrum disorders, among 

other neuropathologies (Zamboni et al. 2018; Guo et al. 2020). 
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Figure 4.3 CG context DMRs between RTT and WT. (A) Heatmap displaying average DNA methylation levels (mCG/CG, being 0 
non-methylated and 1 completely methylated) per condition group (RTT, n=3; WT, n=3) in each of the 2,758 DMRs between RTT 
and WT samples. (B) Genomic regions overlapped by the 2,758 DMRs (DMRs are split by their methylation with respect to RTT). 
(C) Relative DMR distance to the closest transcription start site (TSS) of its associated gene. The number on the top of each bar is 
the total number of DMRs associated with a gene at a determinate distance, while bar height represents the percentage of all 
DMR-gene associations. Top biological processes (D) and molecular function (E) GO terms enriched in DMRs and their respective 
adjusted p-values. (F) Genome tracks showing 11 examples of DMRs overlapping gene sequences. DNA methylation levels in the 
CG context are displayed for each sample (RTT in red, WT in blue). Methylation levels (y-axis) range from 0 to 1, with negative 
numbers indicating methylation sites and their levels on the reverse/Crick strand of the genome. Genome coordinates of the 
visualization area are at the top of each DMR. Genes spanned by DMRs are shown at the bottom, arrows represent the gene 
orientation, blue boxes exons, and lines introns.
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The finding of neural precursor cell proliferation as an enriched term was expected, 

as RTT is thought to be a neuronal maturation and non-strictly neurodevelopmental disorder 

(Fig. 4.3D). Moreover, the terms “cell proliferation in the forebrain” together with “striatal 

medium spiny neuron differentiation” were enriched despite being neuronal hippocampal 

samples. The neuronal composition of the striatum, located in the forebrain, is > 98% formed 

by GABAergic medium spiny neurons, which regulate and modulate psychomotor behaviors 

(Liao 2019). Additionally, Mecp2-knockout studies showed that deletion of Mecp2 in the 

striatum altered dopamine levels and induced psychomotor dysfunction in RTT mouse 

models, a phenotype also seen in patients (Su et al. 2015). Another unforeseen term found 

to be enriched was “mitochondrial membrane organization”. Abnormal mitochondrial 

structures and oxidative stress have been described before in RTT patient tissues (Wakai et 

al. 1990; Kyle et al. 2018). The analyses presented here identified 41 DRMs associated with 

27 genes within the “mitochondrial membrane organization” term (Fig. 4.3D). 

Among the DMRs overlapping gene sequences (Fig. 4.3.E), there was a DMR on exon 

1 from the Cdkl5 gene. Interestingly, CDKL5 deficiency disorder used to be classified as an 

atypical form of RTT in reason to their similarity in symptoms (Fehr et al. 2013). Moreover, 

rat brains confirmed Cdkl5 repression through DNA methylation-dependent Mecp2 binding 

(Carouge et al. 2010). Overall, the DMRs identified between RTT and WT hippocampal mouse 

neurons were linked to biological process affected in RTT patients. 

4.2.3 Cell-type composition of RTT hippocampal methylomes 

DNA methylation can distinguish cell types, as it usually marks regulatory regions of 

genes (Mo et al. 2015). As I prepared the WGBS libraries from NeuN+ sorted hippocampal 

nuclei, I expected all methylomes to be neuron specific. However, to test the purity of my 

nuclei and to determine whether a certain neuronal type (excitatory or inhibitory neurons) 

was enriched, I compared their methylation patterns to methylated cell-type specific regions 

from public brain WGBS datasets. 

Public methylome datasets from NeuN+ (neurons), NeuN- (mostly glia), S100b+ 

(astrocytes), CAMK2A+ (excitatory neurons), PVALB+ (inhibitory neurons) and VIP+ (inhibitory 

neurons) isolated cortical nuclei were used as reference for neural cell-types (Lister et al. 

2013; Mo et al. 2015). Pairwise comparisons of all cell-type specific methylomes resulted in a 

total of 72,586 DMRs. Methylation levels were calculated for each of the specific cell-type 
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DMRs (sctDMRs) in all samples. Only sctDMRs showing high variance (standard deviation 

differences ≥ 0.2) among samples were used for cell-type identification. Sample clustering by 

methylation levels at these filtered sctDMRs (39,434) showed that the RTT and WT samples 

were a mixture of neuronal cell-types, but each exhibiting a different composition (Fig 4.4A). 

WT replicate 1 (WT #1) and RTT replicates 1 and 2 (RTT #1 and RTT #2) clustered together and 

shared most of the methylation profiles with the NeuN+ and excitatory samples, even though 

they also exhibit some hypermethylated regions comparable to inhibitory neurons (Fig 4.4A). 

On the other hand, WT replicates 2 and 3 (WT #2 and WT #3) shown a mix of excitatory 

neurons with some inhibitory regions. In contrast to RTT replicate 3 (RTT #3) which also 

grouped with PVALB+ (PV) inhibitory neurons, despite some similarities with excitatory and 

VIP+ neurons, and some glial regions (Fig 4.4A). To assess glial contamination, I used the same 

sctDMR coordinates but measured the methylation levels of all samples in the CA context 

(mCA) therein, as methylation in non-CG has been proved to be neuron-specific, with mCA as 

the most abundant form (Lister et al. 2013). As appreciated from the mCA-based clustering, 

the glia samples showed almost no methylation in the CA context, in contrast to neuronal 

datasets (Fig. 4.4B). By examining mCA, it seemed that samples WT #2, WT #3 were mainly 

excitatory, while RTT #3 were a mixture of excitatory and inhibitory neurons. In fact, sample 

RTT #3 showed the highest enrichment in inhibitory neurons among the datasets (Fig. 4.4A,B). 

Principal component (PC) analysis (Fig. 4.4C) on the mCG levels in the filtered sctDMRs 

demonstrated that the variance in PC1 divided the datasets by the presence of excitatory 

neuronal profiles. Then, PC2 distinguished glial cells and PV+ inhibitory neurons. Finally, PC3 

split the VIP+ inhibitory neurons from glial cells. These results indicate that the NeuN+ FAN 

sort had a good purity, representing neuronal methylomes. However, there is some 

heterogeneity in the neuronal type composition among samples, regardless of their 

condition. 
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Figure 4.4. Identification of cell-type contribution per sample. (A) Heatmap displaying the clustering of samples based on 
methylation levels in specific cell-type DMRs (sctDMRs) in the CG context (mCG). The same order of DMRs was kept for CA 
context (mCA) (B). As mCA is enriched only in neurons, it split the glial from neuronal samples better than mCG. Note that 
the mCA color scale has different values to the mCG one. (C) Principal component analysis of mCG filtered sctDMRs. General 
cell-types and conditions are color-coded, while individual samples are labeled by replicate or/and name. Point shapes 
represent the brain region of samples, and their line projections show their exact position on PC1 and PC2. (D) Single 
nucleotide polymorphisms (SNPs) along the X chromosome. Each blue line represents a SNP. The Mecp2 locus is indicated 
with a pink line across all datasets and the chromosome. The region containing a higher density of the mutant allele SNPs is 
highlighted in a yellow box and delimited by a horizontal orange line. (E) Zoom in on mutant allele SNPs region. 

If the replicates are grouped by condition, there are two main outliers, one in each 

condition, WT #1 and RTT #3. To ensure samples were not swapped or mislabeled, single 

nucleotide polymorphism (SNPs), originated by the insertion of the LoxStop cassette created 

in another mouse strain, in the WGBS data were searched around the Mecp2 locus (see 

Chapter 3, section 3.2.15). Multiple SNPs could be seen depending on the Mecp2 allele 

carried. All Mecp2-mutant carrier samples had the highest density of SNPs around the Mecp2 
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locus arranged in the same fashion (Fig. 4.4D). When control samples were examined, the WT 

replicate 2 showed some shared SNPs with the Mecp2-mutant carriers. However, these 

shared SNPs were only present more than 2 Mb downstream the Mecp2 locus and not 

upstream or within, as seen in the RTT samples (Fig. 4.4D,E). These samples had been 

genotyped and phenotype scored before by our collaborators, which established that the 

Mecp2-mutant allele is not present in WT #2. The presence of Mecp2-mutant allele SNPs only 

downstream of the Mecp2-locus indicates that a possible chromosome recombination event 

happened during meiosis in the maternal gametes, where the X chromosome carrying the 

functional allele crossed over with the mutant carrier chromosome at ~75 Mb, without 

affecting the Mecp2-based genotype and phenotype. These results negate the sample 

swapping explanation. 

Another reason that could account for the discrepancies among samples are 

differences in tissue dissection and variations in hippocampal regions used for nuclei sorting. 

For instance, RTT vs. WT DMRs were enriched in genes specifically expressed in forebrain 

neurons. However, I could not anatomically evaluate the dissections, as freezing and storage 

changed tissue shape, or samples were shipped cut into smaller pieces. 

4.2.4 Testing new DNA methylation methods towards single cell approaches 

Even though the methylation data supported differences seen for some of the most 

important RTT cellular features, they might be compromised by the cell-type heterogeneity 

found among the samples. However, only 438 (15%) of DMRs in RTT samples overlapped with 

sctDMRs, validating the biological signal coming from the Mecp2-definciency. Given that RTT 

samples are already a mixture of MECP2-deficient and -functional cells, adding more variance 

could lead to wrong conclusions or cover real biological signals. Therefore, I explored 

alternative experimental methods that may be effective for generating methylome libraries 

from very low amounts of input, in order to work towards the development of single cell 

methylomes profiling. A major obstacle for their broader application is that WGBS libraries 

are expensive, as they require deep sequencing to achieve confident methylation profiles 

(coverage ≥ 10). The larger the genome, the more sequencing is needed for high coverage. 

Therefore, I decided to test alternative methylome methods on Arabidopsis thaliana (Col-0 

strain), which has a ~125 Mb genome (Initiative 2000), ~20 times smaller than for mouse 

(~2.5Gb) (Mouse Genome Sequencing et al. 2002). 
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Two different approaches for methylome preparation were tested and compared to 

published Col-0 single-ended WGBS libraries (Qian et al. 2012; Kawakatsu et al. 2016), all 

produced with the standard MethylC-seq protocol (Lister et al. 2008; Lister et al. 2011). First, 

I coupled an optimized adaptor ligation method for low input DNA-sequencing libraries with 

a bisulfite conversion kit (Vargas-Landin et al. 2018). With this optimized method (optWGBS), 

I prepared two single-ended methylomes from 25 and 50 ng of DNA (Table 4.2). Importantly, 

good library yields were achieved with fewer PCR cycles than in public MethylC-seq datasets 

with high DNA input. 

Table 4.2 Library preparation details and metrics 

Library Method 
Input 
DNA 

PCR 
Cycles 

Library 
Yield 

Raw Reads Coverage 
Non-Conversion Rate (%) 

mCG mCH 

Qian et al. MethylC-seq 5 µg 4-8 NA 238,591,802 38.7x 0.4 0.2 
Kawakatsu et al. MethylC-seq 5 µg 15 NA 27,318,553 5.9x 0.3 0.2 

RL776 optWGBS 25 ng 9 14.3 43,272,779 8.3x 0.4 0.4 
RL649 optWGBS 50 ng 6 16.9 52,517,498 12.2x 0.4 0.4 

 RL1245 EM-seq 100 pg 18 19.5 22,478,543 5.2 0.4 0.3 
RL1244 EM-seq 50 ng 6 22.7 39,110,160 6.1x 0.3 0.3 

 

The second method utilized an alternative over bisulfite conversion based on two 

enzymatic reactions, oxidation (by ten-eleven translocation dioxygenase 2, TET2) and 

glycosylation (by T4 phage ß glucosyltransferase, T4-ßGT), to detect and distinguish 5-

methylcytosine (mC) and 5-hydroxymethylcytosine (hmC) (Vaisvila et al. 2020). These 

enzymatic reactions protect mC and hmC from the following deamination step performed by 

APOBEC3 (apolipoprotein B mRNA editing enzyme, catalytic polypeptide-like 3A) (Vaisvila et 

al. 2020). As I was focused on mC rather than hmC, I only tested the TET2 oxidation and 

APOBEC3 deamination steps. This protocol is now available as a commercial kit, called 

NEBNext Enzymatic Methyl-seq (EM-seq, New England Biolabs, USA). Following the 

manufacturer’s instructions, I prepared two single-ended EM-seq libraries from 100 pg and 

50 ng of DNA input. Even though the same number of PCR cycles were used for the 50 ng EM-

seq and optWGBS libraries, a higher yield was obtained with the enzymatic method (Table 

4.2). 

When all methods were compared, one of the main differences was the trimming 

surviving rate. EM-seq libraries lost a quarter of their reads during adaptor and quality 

trimming, indicating a sequencing issue that might not be related to library quality (Fig. 4.5A). 

Hence, mappability and duplication rates were based on trimmed reads instead of raw reads 
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(Fig. 4.5B). Libraries published in Qian et al. showed the lowest mappability and the highest 

duplication rate, indicating possible library contamination. Additionally, the high duplication 

rate could be explained by the deep sequencing done on this library, surpassing the saturation 

point. More importantly, mappability and duplication rates from low-input EM-seq and 

optWGBS methods seemed similar to the high input DNA data from Kawakatsu et al., 

suggesting minimal DNA degradation that allowed greater sequence diversity (library 

complexity). 

 

Figure 4.5 Methylome methods comparison. (A) Percentage of reads that passed adaptor and quality trimming. (B) 
Percentage of trimmed reads that were mapped uniquely and PCR duplicates. (C) Global methylation levels are scaled from 
0 to 100. Barplots are grouped by methylation context (CA, CC, CG, and CT). (D) Genome tracks displaying methylation levels 
(right y-axis, from 0 to 1, -1 indicates levels on the reverse/Crick DNA strand) and C coverage (left y-axis, scale depends on 
the sample). Yellow boxes highlight uniform coverage regions in the 50 ng EM-seq library and low coverage regions in the 
bisulfite methods. Blue boxes delimit regions were coverage was low for all libraries, regardless of the sequencing depth. 

As mentioned before, genome coverage is fundamental for high confidence 

methylation calls and method cost-effectiveness. Interestingly, the 100 pg EM-seq library 

reached 5.2x genome coverage, matching the Kawakatsu et al. dataset with approximately 

the same reads sequenced (Table 4.2). The 50 ng EM-seq library showed a small improvement 

in genome coverage (6.1x). Due to their high sequencing depth, both optWGBS libraries had 

higher coverage than the 50 ng EM-seq (Table 4.2). Even when coverage was normalized by 

sequencing depth, both optiWGBS (0.19x and 0.23x) were higher than the 50 ng EM-seq 
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(0.15x), but similar to 100 pg EM-seq (0.23x). However, the 50 ng EM-seq library showed a 

better and more even coverage in regions where only deep sequencing (Qian et al. dataset) 

captured reads (Fig. 4.5D). The high coverage in the 100 pg EM-seq library might be explained, 

as well, by a more uniform GC coverage achieved with the enzymatic protocol (Vaisvila et al. 

2020). GC-rich areas in the genome are usually more damaged and degraded during bisulfite 

conversion, which makes mapping difficult, thus resulting in coverage drop (Olova et al. 

2018). 

With the exception of the Kawakatsu et al. dataset, all libraries showed similar global 

methylation levels per context (mCA, mCC, mCG and mCT) (Fig. 4.5C). Moreover, the non-

conversion rate per library for all methods was below 0.5% for both mCG and mCH (H=A, C, 

or T) (Table 4.2). Importantly, the enzymatic conversion rate of the EM-seq mC protocol was 

good (≤ 0.5) and comparable to the bisulfite treatment. 

4.3 Discussion 

In this chapter, the use of low input WGBS methodologies for the RTT and WT samples 

successfully produced high quality DNA methylomes that allow the identification of DNAme 

changes caused by the dysfunction of MECP2. Despite the cell type diversity found among the 

samples, Rett Syndrome-associated dysregulated biological and molecular functions were 

enriched in the underlying gene sequences from DMRs. Among all the processes found, the 

regulation of cytoskeleton protein for dendritic spine morphogenesis and development was 

the strongest enriched process. Additionally, the enriched GO terms “calmodulin-dependent 

protein kinase activity”, “Ras-guanyl-nucleotide exchange factor activity”, and “Rho-guanyl-

nucleotide exchange factor activity” GO terms, are all involved in the Pl3k/Akt/mTOR 

signaling pathway which is the regulator of dendrite morphogenesis (Buchser et al. 2010; 

Bennison et al. 2020). Alterations in dendritic spines might result in the failure to sustain 

synapses, explaining the enrichment of the “regulation of synapse maturation” GO term. 

In addition to the Rett Syndrome signals found, the RTT and WT datasets showed that 

bulk methylomes can be inspected by comparison to well characterize neuronal methylomes 

to identify the cell-type composition. This type of analysis would be valuable to integrate as 

part of the regular quality check of bulk methylome datasets, as a large skew in cell type 

composition between samples could affect interpretation. Moreover, the use of DNA 

methylation in non-CG contexts can help to discriminate similar profiles in CG, for example 
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the cases of glia and inhibitory neurons. Importantly, a precise tissue dissection technique for 

sensitive sequencing characterization techniques is crucial to reduce the differences in cell-

type heterogeneity detected between WT #2 and #3 samples. 

Another option to overcome cell type composition bias is the use of single cell 

technologies. With the purpose of decreasing the amount of DNA input necessary for DNA 

methylome analyses and a future application for single cell methylomes, the EM-seq and 

optWGBS methods were tested on low amounts of input DNA (≥ 100pg and ≤ 50 ng) to assess 

the data quality. EM-seq and optWGBS methods performed better than the standard 

MethylC-seq protocol, regardless the low input. Additionally, PCR biases and duplicates were 

reduced by the low library amplification needed for these methods. While choosing a method, 

another point of consideration is the library preparation cost. The optWGBS is twice the price 

of the MethylC-seq (~30 USD vs. ~15 USD) per library, while EM-seq is the most expensive 

method at ~70 USD. Given these points, for DNA inputs below 200 ng and higher than 10 ng, 

optWGBS is the recommended method, whereas for lower inputs, EM-seq is preferred. 

The unbiased read coverage of libraries prepared following the EM-seq protocol with 

less than 1 ng DNA input might make it a good candidate for single-cell methylomes, as all 

current single-cell methylation (scWGBS) protocols are based on bisulfite treatments 

(Smallwood et al. 2014; Farlik et al. 2015; Angermueller et al. 2016; Clark et al. 2017; Luo et 

al. 2017a; Mulqueen et al. 2018). From these scWGBS methods, the only scalable and cost-

effective protocol is sci-MET (Mulqueen et al. 2018). My colleagues in the laboratory have 

been able to replicate Mulqueen et al. protocol, but further development is still ongoing to 

improve read recovery and coverage. 

Altogether, these results reflected specific DNAme changes in the RTT samples 

compared to controls. However, as RTT samples are already a mosaic of MECP2-deficient and 

-functional cells, bulk tissue analysis might hide cell autonomous and non-autonomous signals 

coming from each cell population. Moreover, given the cell type composition variation 

present in the samples, it might be easier to overcome this with single cell technologies. In 

the next chapter, I explored the use of single-cell transcriptomic approaches to characterize 

the Rett Syndrome mouse model, given that they are more standardized, cost effective, and 

robust than single cell methylomes at this time.  
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Chapter 5: Deciphering the neural transcriptional dysregulation in 

Rett Syndrome through single cell transcriptome analysis  

5.1 Introduction 

In Chapter 4, I described the global profiling of DNA methylation patterns in a mouse 

model of Rett Syndrome. However, the analysis of a bulk tissue sample consisting of different 

cell types and MECP2 functionality states might limit the sensitivity of the technique, in 

particular overlapping and masking signals from MECP2-deficient and -functional cells in the 

RTT (Mecp2LoxStop/+) samples. In addition, it could bias the results due to the different cell type 

composition found in each dataset. For these reasons, in this chapter, a single nucleus 

transcriptome profiling single cell approach was developed to characterize low input frozen 

brain tissue samples from sick and rescued Cre-Mecp2LoxStop/+ samples (see Chapter 4, Fig. 

4.1), allowing the identification of different cell types and differentially expressed genes 

within them. Moreover, the first attempt, in this thesis, to distinguish MECP2-functional and 

-deficient nuclei was performed and used as a foundation for later approaches described in 

the next chapters. 

5.2 Results 

5.2.1 Optimization of single-nucleus isolation and transcriptome analysis from low-input 

frozen samples  

High-throughput single-cell RNA-sequencing (scRNA-seq) techniques have facilitated 

the characterization of complex tissues and aided the identification of rare cell-types. The 

most commonly used scRNA-seq techniques are based on microfluidic systems, which use as 

input single-cell suspensions (Macosko et al. 2015). However, not all tissues can be 

dissociated into suspensions of single cells, the brain being one of them (Habib et al. 2017). 

Brain tissues are highly interconnected by neuronal soma extensions (dendrites and axons) 

that make single cell isolation difficult. Furthermore, cellular dissociation methods have the 

potential to cause a significant bias in cell representation based on the proclivity of different 

cell types to dissociate effectively and survive the process, as well as the process inducing 

artifactual cellular transcriptional responses. Instead, neural cell bodies must be lysed, freeing 
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the nuclei to achieve a single-nucleus suspension. This suspension of nuclei can then be 

loaded on the microfluidic system to be characterized by single-nucleus RNA-seq (snRNA-seq) 

(Habib et al. 2017; Lake et al. 2017). 

The Chromium Controller (10x Genomics, USA) is the most used commercial 

microfluidic system for high-throughput single cell sequencing applications. One of the main 

features of this system is its high cell recovery rate of ~60%, which allows less sample to be 

loaded with higher cell capture frequency. As I had low input (≤ 20 mg) brain samples, the 10x 

Genomics technology was the preferred method for performing snRNA-seq. 

The brain samples from the Cre-Mecp2LoxStop/+ Rett Syndrome mouse model were 

frozen and dissected in small sections (≤ 20 mg), which made them unsuitable at that time 

(June 2017) for the 10x Genomics single-nucleus isolation protocol. The 10x Genomics 

Demonstrated Protocol (2017) required 200 mg of fresh brain tissue due to significant 

material loss at nuclei cleaning steps. These cleaning steps are critical, as debris from 

dendrites and axons could potentially clog the microfluidic system of the Chromium 

Controller. Another requirement in the recommended protocol was that the sample had to 

be fresh, as the nuclei and RNA integrity could supposedly be heavily impacted by the 

formation of crystals. Damage in the nuclear and cellular membranes could lead to RNA 

leaking, increasing the free-floating RNA and decreased data quality. To overcome these 

sample limitations and generate a clean single-nucleus suspension from frozen samples, we 

(Rebecca Simmons, Daniel Poppe and I in Lister Lab, credits shared equally) developed a 

protocol based on DAPI-stained nuclei and fluorescence-activated nuclei sorting (FANs) 

(Grubman et al. 2019a; Grubman et al. 2019b). The protocol can take as low as 5 mg of frozen 

tissue and reduces the sample processing time from 3.5 hours to 40 minutes (Fig.5.1). 
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Figure 5.1 Nuclei Isolation Protocol. Nuclei are isolated from ≥ 5mg of frozen tissue. For brain tissues, 17 minutes in lysis 
buffer is sufficient to destroy the cell surface membranes and keep intact the nuclei. After lysis and tissue trituration, the 
nuclei suspension is passed through a 30 µm filter. Nuclei are collected by centrifugation to the bottom of the tube, whereas 
the supernatant is discarded. For FANs, nuclei are resuspended and stained in Wash Buffer with DAPI (1:10,000). Immediately 
after FANs, nuclei concentration is determined using a hemocytometer under a fluorescence microscope. 

To test the performance and quality of the data generated from samples cleaned by 

FANs, two adult mouse brain snRNA-seq libraries were prepared using the nuclei isolation 

protocol. One library was FAN sorted (sorted sample), whereas the other skipped this step 

(unsorted sample). The unsorted sample was a negative control for nuclei suspension purity. 

I compared the data obtained from these samples against the “gold-standard” fresh brain 

sample from 10x Genomics. All samples were generated with the Single Cell 3’ chemistry v2. 

For a fair comparison between assays, I aimed for the same sequence saturation (the measure 

of the complexity of the sequenced library) displayed by the 10x Genomics sample (10xG) for 

the sorted sample (Table 5.1). Given that the unsorted sample was expected to have more 

“environmental” RNA contamination from lysed cells and cell debris, it was sequenced to 

approximately the same read number as the sorted library regardless of its saturation (Table 

5.1). 

Table 5.1 Metrics of snRNA-seq libraries 

Sample Raw Reads 
Sequencing 
Saturation 

Nuclei 
Genes 

(Median) 
Total UMIs 

% UMI in 
Mitochondrial 

Genes 

High-quality Nuclei 

Nuclei 
Genes 

(Median) 
Total UMIs 

10xG 
118,742,315 

(100%) 
84.3% 2,517 1,564 

7,975,443 
(6.7%) 

5.47 1,492 1,815 
5,252,971 

(4.4%) 

Sorted 
238,418,826 

(100%) 
86.3% 4,379 1,112 

10,537,926 
(4.4%) 

0.49 4,228 1,136 
9,912,326 

(4.1%) 

Unsorted 
254,244,438 

(100%) 
68.3% 24,385 337 

24,745,710 
(9.7%) 

11.27 6,549 876 
12,394,193 

(4.8%) 

 

GEMs (Gel-Bead-In EMulsions, nanoliter-scale droplets containing barcoded beads 

that capture and label transcripts) with ≥ 200 genes present in ≥ 3 other GEMs were classified 
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as nuclei. I calculated per sample the total number of Unique Molecule Identifiers (UMIs), 

which represent the number of unique reads (independent reverse transcription events) that 

mapped confidently to the transcriptome, and the percentage of them corresponding to 

mitochondrial genes. Mitochondria and ribosomal UMIs represent environmental 

contamination and should be investigated before data analysis can be undertaken. Even 

though the unsorted sample received the highest recovery rate of UMIs (9.7%), it also 

contained the highest percentage of mitochondrial and ribosomal UMIs, suggesting higher 

levels of free-floating RNA (Fig 5.2A, B). While comparing the total number of UMIs against 

mitochondrial percentage per nucleus, two populations in the unsorted sample could be 

distinguished (Fig 5.2B, C) indicating the unsorted sample as a mixture of true nuclei and 

GEMs with free-floating RNA (low-quality nuclei). 

 
Figure 5.2. Nuclei Quality Check. Nuclei distributions (y-axis in log scale) of (A) UMIs and gene numbers before and after 
filtering (≥ 200 and ≤ 3,000 genes, and ≤ 5% of mitochondrial and ribosomal UMIs content). Nuclei that passed the filtering 
were deemed high-quality nuclei and show a higher median (horizontal lines on each distribution) for both UMIs and gene 
numbers. (B) Percentage distributions (y-axis in log scale) of mitochondrial (top) and ribosomal (bottom) content before and 
after nuclei filtering. (C) Correlation of mitochondrial content (in percentage) and total number of UMIs per nucleus. 

In comparison, the sorted sample had the lowest rate of mitochondrial UMIs and twice 

the number of nuclei than in the 10xG sample. After filtering for high-quality nuclei, each 

sample displayed a larger median of genes as expected. The sorted sample retained 96% of 

the original nuclei, in contrast to the 10x Genomics (59%) and unsorted (26%) samples, 

suggesting that the FANs produced a cleaner and higher-quality single-nucleus suspension 

(Table 5.1). Intriguingly, both of the frozen samples, sorted and unsorted, had a larger total 
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number of high-quality nuclei than the fresh 10xG sample. However, frozen samples 

presented lower numbers of genes per nucleus, possibly due to RNA degradation or leaking. 

To test whether lower numbers of genes per nucleus could capture the complexity of 

the sampled tissue as in the 10xG dataset, I aggregated the three datasets following Seurat’s 

integration and clustering pipeline (Butler et al. 2018; Stuart et al. 2019), (see Chapter 3, 

section 3.2.5). Cell type identification was based on genes expressed uniquely in each cluster. 

Thirty clusters were identified: 14 corresponded to excitatory neurons, eight to inhibitory 

neurons, and eight to glial cells (Fig. 5.3A). Even though the proportions of each dataset varied 

in the clusters, it accurately represented the original brain regions included in each sample 

(Fig. 5.3B). Adult mouse cortex was used for both frozen samples, while the 10xG combined 

cortex, hippocampus, and sub-ventricular zone of an adult mouse, reflected in the 

enrichment of hippocampal excitatory neurons in 10xG nuclei. Additionally, inhibitory 

neurons were underrepresented in the 10xG sample, making up only 6.7% of the total nuclei, 

while my datasets (sorted and unsorted) were composed of ~20% inhibitory neurons, a 

proportion expected in the cortex (Keller et al. 2018) (Fig. 5.3C). Interestingly, the sorted 

sample had the highest proportion of glial cells, whereas the 10xG sample was depleted of 

oligodendrocyte (ODC) clusters, including mature, myelin forming and precursor cells. This 

specific cell-type depletion is likely caused by the myelin removal step in the 10xG nuclei 

isolation protocol. Even though this step was meant to remove the myelin debris (myelinated 

axons) from single nuclei suspensions, it also eliminated cell-types that produce myelin for 

axonal support (Simons and Nave 2015). As a result, the 10x Genomics Nuclei Isolation 

protocol generates biased snRNA-seq datasets with a reduction in cell-type diversity. 

Overall, the frozen samples did not compromise the quality of the data or the 

complexity of the sample. There was no observed cell-type bias with this nuclei isolation 

protocol as was observed with the 10x Genomics protocol. Even though the 10xG sample was 

a mixture of three different brain regions, it reached a higher saturation of sequencing with 

fewer reads, suggesting a general loss of RNA complexity during the nuclei isolation, in 

addition to the specific removal of ODCs. Additionally, ~40% of 10xG nuclei are filtered out 

because of high levels of mitochondrial contamination, compared to less than 5% removed 

from my sorted protocol. Additionally, high-quality data requires less sequencing investment, 

as less environmental RNA and more nuclear transcripts are sequenced. Given these points, 

the nuclei isolation protocol developed here using FANs improves processing time of samples, 
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purity of the single-nucleus solution, and capture of cell-types, while maintaining same data 

quality as 10X Genomics golden-standard. Therefore, due to the very low amounts of tissue I 

had available, I decided to use this protocol to process the frozen Cre-Mecp2LoxStop/+ mouse 

brains (Guy et al. 2007) for their characterization by snRNA-seq. 

 
Figure 5.3 Cell-type composition per sample. (A) UMAP showing the 30 identified cell-types in aggregated data from 10x 
Genomics (10xG), Sorted, and Unsorted brain samples. (B) Sample percentage within each of the 30 clusters/specific cell-
types. Specific cell-types (top x-axis) are number-coded as in UMAP clusters and color-coded by general cell-type. (C) 
General cell-type composition per sample. 

5.2.2 Exploratory snRNA-seq analysis of brain tissues from a Rett Syndrome mouse 

model 

As described previously in Chapter 2, the cellular mosaicism in Rett Syndrome tissues 

is caused by X chromosome inactivation, which creates a mixture of cells expressing either 

the mutant or functional Mecp2 allele. To see whether I could differentiate MECP2-deficient 

from MECP2-functional nuclei by snRNA-seq, I used the Cre-Mecp2LoxStop/+ female mice (RTT) 

and their wildtype littermates (WT) as controls. Then, to evaluate the restoration of MECP2 

in RTT adult neural tissues, I added brain samples from MECP2-rescued (Cre-Mecp2LoxStop/+ + 

tamoxifen, referred to as “RES”) and tamoxifen-treated control (Cre-Mecp2+/+ + tamoxifen, 



   
 

   
 

72 

referred to as “TAM”) mice. For these tests, only 20 mg of brain tissue were used (see Chapter 

3, Tables 3.1 and 3.2). snRNA-seq libraries were generated, aiming for 10,000 nuclei per 

library and a minimum of 70% sequencing saturation. 

The percentage of mitochondrial reads in each sample was less than 1%, and the 

median of genes in high-quality nuclei was higher than 550, indicating that good-quality nuclei 

were obtained (Table 5.2). The integration of these datasets generated 41 clusters (44,451 

nuclei) with specific cell-type gene markers. (Fig. 5.4A). From these clusters, 36 were neuronal 

subtypes and four glial cells. Neuronal clusters had higher numbers of UMIs (Fig. 5.4B) and 

genes (Fig. 5.4C) than glial cell-types. Even though most of the clusters contained equal of 

nuclei from each condition, some of them were mainly composed of nuclei from a single 

sample (for example, the hippocampal clusters, #17 and #25, and the microglia cluster, #24) 

(Fig. 5.5D). This was due to differences in the mouse brain dissections and not from condition 

groups (Fig. 5.5E). 

Table 5.2 snRNA-seq libraries from RTT mouse brains 

Sample 
(Lib ID) 

Raw Reads 
Sequencing 
Saturation 

Nuclei 
Genes 

(Median) 
Total UMIs 

% UMI in 
Mitochondrial 

Genes 

High-quality Nuclei 

Nuclei 
Genes 

(Median) 
Total UMIs 

RTT #1 
(RL1040) 

221,821,022 
(100%) 

89.4% 3,706 
701 

 
4,936,437 

(2.2%) 
0.67 

3,177 
 

753 
 

4,574,920 
(2.1%) 

RTT #2 
(RL1112) 

118,209,377(
100%) 

71.5% 7,362 
775 

 
10,546,888 

(8.9%) 
0.35 

7,233 
 

778 
10,417,572 

(8.8%) 
RTT #3 

(RL1242) 
127,885,840 

(100%) 
80.0% 7,224 

528 
 

6,008,032 
(4.7%) 

0.21 
5,396 

 
613 

5,297,859 
(4.4%) 

RES #1 
(RL1039) 

255,300,241 
(100%) 

90.9% 4,307 
589 

 
5,101,876 

(2%) 
0.61 

3,792 
 

624 
4,785,164 

(1.9%) 
RES #2 

(RL1113) 
128,959,317 

(100%) 
72.4% 5,908 

886 
 

10,126,279 
(7.9%) 

0.45 
5,847 

 
885 

10,021,033 
(7.7%) 

RES #3 
(RL1243) 

150,285,238 
(100%) 

70.5% 9,836 
508 

 
8,683,870 

(5.8%) 
0.41 

7,873 
 

562 
7,741,760 

(5.6%) 
WT #1 

(RL1116) 
141,391,697 

(100%) 
73.2% 9,603 

631 
 

10,673,085 
(7.5%) 

0.55 
8,847 

 
650 

10,141,747 
(7.2%) 

TAM #1 
(RL1117) 

87,536,206 
(100%) 

70.4% 6,116 
550 

 
5,955,433 

(6.8%) 
0.98 

5,015 
 

584 
5,214,589 

(6%) 

 

In order to overcome the dissection bias and avoid one sample dominating a cluster 

in downstream differential expression (DE) analysis, I investigated condition-specific 

differentially expressed genes at different cluster aggregation levels. Therefore, DE analysis 

between all conditions (Table 5.3) was performed at the following nuclei aggregation levels: 

(1) cell-type, 41 specific cell-types; (2) regional cell-type: excitatory, inhibitory and glia cells 

per brain region; (3) general cell-type: excitatory, inhibitory, and glia cells; and (4) pseudo-

bulk among conditions. Additionally, to increase the number of samples in the control (WT 

(n=1) and TAM (n=1)) conditions, I considered both as WT for DE analysis purposes. These 
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samples were present at similar proportions in most cell types and the only difference 

between these Cre-Mecp2+/+ samples is the tamoxifen treatment that was performed in the 

TAM condition. Therefore, before merging TAM and WT samples into one WT (n=2) condition, 

DE analysis between them was performed within each cluster to identify specific dysregulated 

genes driven by the tamoxifen treatment. TAM vs. WT DE analysis resulted in 157 significant 

differentially expressed genes (TAM DEG, p. adj < 0.01, LFC > 0.25, and present in at least 50% 

of the nuclei compared) (Fig. 5.5A). Gene ontology enrichment analysis on the 157 

dysregulated genes did not find any term associated with the tamoxifen treatment, but it did 

for general neuronal processes: “synaptic signaling”, “nervous system development” and 

“synapse organization”. (Fig. 5.5B). Therefore, these genes might reflect the normal 

transcriptional variance between brains. Nevertheless, the 157 genes were removed from the 

rest of the DE comparisons (Table 5.3). Each sample, irrespectively of its condition, was 

individually normalized before data aggregation, therefore no further normalization is 

needed when pooling TAM and WT samples. After merging TAM (n=1) and WT (n=1) samples 

into WT” (n=2) samples, each condition had approximately the same number of nuclei in the 

whole dataset (RTT: 16,433; RES: 14,930; WT: 13,088).  



   
 

   
 

74 

 
Figure 5.4 RTT snRNA-seq cluster composition and cell-type identification. (A) UMAP plot displaying the dissemination of 
all aggregated nuclei and the 41 identified cell-types. Clusters/cell-types are color- and number-coded. Distribution (y-axis 
log scale) of UMIs (B) and gene (C) counts per cluster (by number). (D) Sample percentage in each cluster. (E) UMAP Nuclei 
spreading per condition (Rescue in yellow; RTT in red; Tamoxifen in blue; and WT in green). Cell-types labels in panel (A) 
stand for: AxoAxonic, axo-axonic inhibitory neurons; BasketBis, basket and bistratified cells; CA1, CA3 and postCa1, 
hippocampal excitatory neurons from CA1, CA3 and posterior CA1; ChoAN and ChoHind, cholinergic neurons from afferent 
nuclei of cranial nerves VI-XII and hindbrain, respectively; CngRtrL2, CngRtrL5, CngRtrL6, excitatory neurons from 
cingulate/retrosplenial area, layers 2, 5, and 6 correspondingly; CtxL5 and LCtxL6, excitatory neurons form cortical layer 5 
and lateral cortical layer 6; CtxPyrL2/3, CtxPyrL4, CtxPyrL5, CtxPyrL6, CtxPyrL6b, and CtxPyrL6Sulf1+, excitatory pyramidal 
neurons from cortical layers 2/3, 4, 5, 6, 6b an 6 expressing Sulf1, respectively; CtxPyrPir and CtxPyPirReln+, excitatory 
pyramidal piriform neurons and the subset expressing Reln; D1MSN, D2MSN, and pDMSN, D1, D2 and patch D1/D2, 
individually, medium spiny neurons; ExcEnt,ExcHpc, ExcPostThal,ExcSub and ExcThal, excitatory neurons from entorhinal 
cortex, hippocampus, posterior thalamus, subiculum and thalamus, correspondingly; HpPrjN, hippocamposeptal projection 
neurons; InhHind and InhThal, inhibitory neurons from hindbrain and thalamus; InHztC, inner horizontal cells from 
olfactory bulb; MtGnlN, mature granule neurons from dentate gyrus; Neuglf, neurogliaform cells; mfODCs and ODCs, 
myelin-forming and mature, respectively, oligodendrocytes; OPCs, oligodendrocytes precursor cells; and TrillaminarC, 
trillaminal cells. 
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Next, at each aggregation level, I compared RTT vs. WT, RTT vs. RES, and RES vs. WT 

(Table 5.3). Comparisons at specific cell-type aggregation levels resulted in higher numbers 

of DEGs (Table 5.3). Furthermore, a significant DEG on top of displaying an adjusted p. value 

by Wilcoxon Rank Sum test ≤ 0.01, it has to be present in at least 50% of the nuclei of each 

condition compared. This requirement is to overcome the shallow transcriptomic data seen 

in snRNA-seq and to avoid misinterpretations from genes that are not homogenously 

represented. In consequence, the more similar transcriptome profiles from a group of nuclei, 

i.e. a cell type, the more gene comparisons can be performed between conditions. Therefore, 

proper nuclei cell-type classification becomes essential for snRNA-seq DE analysis. Only well-

known RTT gene markers were retained when samples were compared at the pseudo-bulk 

aggregation level, such as the Auts2 gene, which is implicated in autism and 

neurodevelopmental disorders and is dysregulated in MECP2-deficient brains (Ben-Shachar 

et al. 2009; Oksenberg and Ahituv 2013). 

Table 5.3 Condition DEG 

Gene Set Conditions 

compared 

Specific 

Cell-type 

Regional Cell-Type 

per brain region 

General 

Cell-type 

Pseudo-Bulk Total Unique DEG 

RTT DEG RTT vs. WT 106 69 24 10 116 

RTTRES DEG RTT vs. Rescue 160 117 50 16 178 

RES DEG Rescue vs WT 117 98 56 11 123 

 

DEG sets (RTT DEG, RTTRES DEG, and RES DEG) were created for each condition 

comparison by pooling their respective DEGs from all aggregation levels and keeping only 

unique genes within each set (Table 5.3, columns 1 and 7). Then, DEG sets were split into 

specific (genes not present in any other set), overlapping (genes shared with one other set), 

and common (genes shared with all other sets) sets (Fig. 5.5A). Gene ontology (GO) 

enrichment analysis (FDR < 0.05) revealed that specific RTT DEG (n = 22) were mainly found 

in “dendrite development and morphogenesis”, “long-term memory”, “central nervous 

system (CNS) maturation”, and “neuronal differentiation” terms (Fig. 5.5B, RTT DEG). These 

GO terms were exclusive to the specific RTT DEG set and are related to well established RTT 

phenotypes: short and low complexity dendrites, arrest of neuronal maturation, and 

cognitive impairments. Interestingly, the gene Dckl1, a doublecortin-like kinase, is 

downregulated in RTT and is involved in dendritic morphogenesis and suppression of synapse 

maturation. The binding DCKL1 kinase to microtubules stabilizes F-actin, the key cytoskeleton 
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component of dendrites, while its kinase activity is mTOR and CDK5 signaling pathways. In 

contrast, specific RTTRES DEG (n=53) resulted in enrichment in only generic and 

developmental GO terms related to neurons: “nervous system development”, “neural retina 

development”, and “regulation of transport and localization”. However, examining the 

overlap of RTT DEG and RTTRES DEG (n=39), which represents the genes that were 

dysregulated in RTT and then restored to a similar WT expression level in RES nuclei (Fig. 5.5A, 

Restored RTT genes), showed an enrichment in the following biological processes: “regulation 

of postsynaptic membrane potential”, “neurogenesis”, “neuron differentiation”, “synapse 

organization”, and “neuromuscular junction development”. Interestingly, particular 

processes restored in the RES samples included “protein localization to postsynaptic 

membrane”, “regulation of postsynaptic cytosolic calcium ion concentration” and 

“neurotransmitter receptor transport to postsynaptic membrane” that might result in the 

proper formation of synapse transmission and reception needed for neuronal responsiveness 

and maturation. These enriched particular and general GO terms may represent the biological 

processes that stabilize after MECP2 rescue, suggesting an immediate or direct MECP2 role in 

neuronal differentiation and synapse regulation. 

To further explore the RES samples, I examined the specific RES DEG (n = 22), which 

represented the set of genes that are not dysregulated in RTT nuclei and may respond to the 

tamoxifen treatment. Only two non-neuronal GO terms were enriched: “nucleoside 

metabolic process” and “glycosyl compound metabolic process” (Fig. 5.5B, RES DEG). An 

established off-target effect of the tamoxifen treatment is the inhibition of ceramide 

glycosylation (Morad and Cabot 2015), which explains the enrichment of the “glycosyl 

compound metabolic process” term. Next, I examined genes that were persistently 

dysregulated even after Mecp2 rescue (overlapping genes between RES DEG and RTT DEG). 

GO terms enriched from this overlap included “regulation of membrane potential”, “synapse 

organization”, “cell-cell adhesion”, “regulation of neurotransmitter levels”, “mitotic cell cycle 

process”, and “organelle localization” (Fig. 5.5B, Persistent RTT genes). Finally, I inspected the 

intersection of RES DEG and RTTRES DEG, which might represent genes counteracting RTT 

dysregulation. The top GO terms in this intersection were involved in “regulation of 

membrane potential”, “trans-synaptic signaling”, “ion homeostasis and transport”, and 

“cognition” (Fig. 5.6B, Counteracting RTT genes). Interestingly, MECP2 has proven to have an 

essential role in learning and memory, as dysregulation of synaptic function with a decrease 
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in long-term potentiation and neural facilitation were described in Mecp2-mutant mice, 

which show impairment in hippocampus-dependent spatial memory, fear learning and social 

memory (Moretti et al. 2006). 

Shared DEGs among the three pairwise-comparisons (n=40) were mainly associated 

with “neuron projection morphogenesis and development”, “neurogenesis”, “CNS 

development”, “cell-cell adhesion”, “axon development” and “dendrite morphogenesis” (Fig. 

5.5B). As discussed before in previous chapters, Rett Syndrome is a neurodevelopmental 

disease and half of these shared GO terms reflect development processes. The other terms 

are involved in the development and morphogenesis of the most affected cellular 

compartment of Rett Syndrome neurons, the dendrites. 
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Figure 5.5 Condition DEG GO terms. (A) Venn diagram of specific DEG sets per pairwise-condition comparison (specific RTT 
DEG, red; specific RTTRES DEG, yellow; and specific RES DEG, blue), and shared genes among all DEG sets. Number of genes 
are indicated per group. The set of shared DEGs among all condition is called Common, represented by the brown triangle. 
The grey circle represents DEGs removed from all condition comparisons as they appear in TAM DEG (TAM vs. WT DEG), 
representing tamoxifen response or normal neuronal gene variance between samples. (B) Top 15 biological function GO 
terms enriched in each group defined in panel (A). 

Overall, the specific DEG sets corresponded to expected GO biological process terms 

for each pairwise-condition DE analysis, while the intersections of these DEG sets revealed 

neuronal processes affected by MECP2 rescue in RTT samples. An interesting result was the 

presence of alterations in GO terms related to “regulation of postsynaptic membrane 

potential” and “neurotransmitter receptor transport to postsynaptic membrane” in RTT and 
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RES samples. Alteration in these processes might reflect the hyperexcitability seen in RTT 

neurons (Zhang et al. 2014) and how homeostasis is restored in the RES samples. 

5.2.3 Limitations in identifying MECP2-deficient nuclei from snRNA-seq data 

Once snRNA-seq was demonstrated to capture the biological processes related to 

each condition, the next step was to distinguish MECP2-functional from -deficient nuclei. 

Firstly, the presence of Mecp2 transcripts in nuclei was quantified by condition: RTT, RES, or 

WT. Strikingly, 10% of nuclei (1,515 nuclei) from the RTT condition contained Mecp2 

transcripts (>=1 transcripts), the largest number in comparison to RES (8%, 1,287 nuclei) and 

WT (6%, 800 nuclei) conditions (Fig. 5.6), suggesting that MECP2-deficient cells may 

upregulate Mecp2 transcription in order to try to compensate for the deficit. However, most 

of the nuclei (~94-99%) expressing Mecp2 had only one transcript present. This low mRNA 

expression in the brain was also observed in Renthal et al. Using the genetics of the Cre-

Mecp2LoxStop/+ RTT mouse model, I searched for transcripts coming from the Neomycin-

LoxStop cassette (Neo) on the Mecp2-LoxStop allele. Only 72 nuclei in the RTT condition 

exhibited Neo transcripts, while the Rescue and WT conditions had zero (Fig. 5.6). From those 

72 RTT nuclei, seven nuclei contained Mecp2 transcripts as well. Even though the presence of 

Mecp2 transcripts in the Neo-expressing nuclei might appear contradictory, it has been 

described previously during the creation of the Cre-Mecp2LoxStop/+ RTT mouse model (Guy et 

al. 2007), where the authors observed transcripts coming from the Mecp2-mutant locus, 

including in Cre-Mecp2LoxStop/Y, but no protein was produced. Thus, given the noisy expression 

of Mecp2, it cannot be used for nuclei classification as MECP-functional or -deficient. In 

contrast, the Neo cassette expression was specific to the MECP2-deficient nuclei, but its low 

presence in the nuclei makes it unusable for nuclei classification. 
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Figure 5.6 Neo cassette and Mecp2 transcripts. UMAP plots highlighting the nuclei (in red) expressing either the Neo 
cassette (top row) or the Mecp2 (bottom row) transcripts. The nuclei are divided by condition (Rescue, RTT or WT). Neo 
cassette expression can only be detected in the RTT samples, while Mecp2 is present in more nuclei in the Rescue and RTT 
condition than in the WT. 

5.3 Discussion 

In this chapter, a snRNA-seq protocol was developed to profile frozen low input brain 

tissues and was applied to RTT and RES brain samples. This protocol allowed the identification 

of dysregulated genes involved in cell maturation, dendrite development, long-term memory, 

and neuronal differentiation in RTT nuclei, all known impaired processes in Rett Syndrome 

neuronal tissues (Krishnaraj et al. 2019). Additionally, the specific RES DEG presented 

enrichment in processes related to the tamoxifen treatment. These results validated the 

capacity of the developed snRNA-seq protocol for capturing specific biological and treatment 

signals from the interrogated samples. 

Transcriptomic comparison between RTT, RES and WT nuclei gave the first insights 

into the molecular changes after MECP2 rescue in adult sick animals. The results obtained 

here suggested that RES samples restored to WT levels their synapse activity, neuronal 

differentiation, and neuromuscular development. Interestingly, one of the main visible 
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impairments restored in MECP2-rescued mice is mobility (Guy et al. 2007). Persistent 

dysregulated genes in RES samples were found to be involved in the regulation of membrane 

potential, neurotransmitter levels, and synapse organization, indicating that residual effects 

of the hyperexcitation seen in Rett Syndrome neuronal tissues could be still present even 

after MECP2-rescue. Interestingly, RES nuclei have a set of unique DEGs that are enriched in 

trans-synaptic signaling and ion homeostasis, that might be counteracting the persistent RTT 

dysregulated function to enhance learning and memory processes (Yang et al. 2008). 

Moreover, the common DEGs were enriched in developmental processes, indicating that in 

RES samples there might be some neuronal functions that cannot be restored given the effect 

of deficits of MECP2 during neurodevelopment. These results might be important for the 

development of treatments and the considerations of patient age. 

Further exploration of RTT and RES samples revealed that MECP2-functional and -

deficient nuclei cannot be distinguished by the presence of Neo transcripts or the levels of 

Mecp2 expression. Another approach to identify MECP2-deficient nuclei is to distinguish the 

parental origin of the active X chromosome, as the Mecp2-LoxStop allele has a maternal 

origin. One strategy is the identification of single nucleotide polymorphisms (SNPs) or single 

nucleotide variations (SNVs) on the X chromosome corresponding to each parent (paternal or 

maternal). The Mecp2 mutation was created in embryonic stem cells from a 129P2/Ola mouse 

strain and transferred into pseudo-pregnant C57BL6 female mice (Guy et al. 2007). The mixed 

genetic background (C57Bl6 and 129P2/Ola) was confirmed by the Jackson Laboratory, where 

the mice were obtained from. Even though the Jackson Laboratory backcrossed the Cre-

Mecp2LoxStop/+ mouse line to generate a mutant mouse on a pure C57BL6 background, SNPs 

from 129P2/Ola strain could still be surrounding the Mecp2 locus, distinguishing the mutant-

carrier X chromosome. In fact, previously, I had identified some differential SNPs between 

RTT and WT mice in the RTT methylomes (Chapter 4, Fig. 4.4), indicating their presence on 

these mice and therefore supporting the use of this strategy. The SNP strategy was used in 

the Renthal et al. study and it discriminated between MECP2-deficient and -functional nuclei 

22% of excitatory neurons in RTT samples. Although Renthal et al. used a different Rett 

Syndrome mouse model, its Mecp2 mutation has a similar origin to the mouse strain used in 

this thesis. One limitation of the SNP strategy is the low rate of nuclei identification. Even 

though each nucleus only needs a minimum of one SNP to be distinctively assigned to one of 

the two genotypes, snRNA-seq has low coverage for each gene per nucleus and reads are 
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mainly enriched at the 3’ of the genes. This low coverage and its position bias limit the number 

of SNPs captured with good coverage in each nucleus, reducing the number of nuclei with, 

the already few, discriminatory SNPs. However, the SNP approach can be complemented with 

the detection of Neo transcripts, together with other approaches that might need to be 

explored for achieving a higher rate of nuclei Mecp2-allele assignment. 

Overall, I have established a method to process frozen low input mouse brain tissues 

for snRNA-seq characterization. The data produced with this method detected Rett Syndrome 

dysregulated transcriptomic signals and profiled for the first-time changes in MECP2-rescued 

samples flagging neurological process that might be involved in the restoration of motor and 

cognitive functions. These results were only explorative, as they missed proper numbers of 

control samples for each of the conditions, and snRNA-seq libraries were prepared from an 

unspecific brain region. Therefore, in later chapters, RES, RTT, WT, and TAM mice were 

further characterized using hippocampal samples and two replicates of each condition. 

However, the challenge for these samples still resides in identifying MECP2-deficient and -

functional nuclei, as the use of only snRNA-seq technology and the nature of the samples 

obscure a proper unbiased classification. Given the low abundance of Mecp2 mRNA, the most 

reliable method might be to discriminate the nuclei by the presence or absence of the MECP2 

protein, however, no high-throughput method at single nucleus level for intranuclear protein 

quantification exists. In the next chapter, I described an attempt to develop such method for 

MECP2 protein detection at single nucleus level. 
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Chapter 6: Pilot study of CITE-seq for intranuclear proteins 

6.1 Introduction 

In Chapter 5, brain samples from sick and rescued Cre-Mecp2LoxStop/+ mice were 

characterized by a newly optimized single-nucleus RNA-seq (snRNA-seq) approach, 

overcoming cell type composition bias and retrieving specific transcriptional changes per cell 

type. However, discrimination of MECP2-deficient and -functional nuclei was not possible 

using only snRNA-seq data. In snRNA-seq data, Neomycin-LoxStop cassette transcripts from 

the Mecp2-mutant allele are detected in very few nuclei (Chapter 5, Fig. 5.7), while MECP2 

transcript is lowly and unspecific captured. However, Mecp2 transcript is known to be low 

despite its high protein levels (Rodrigues et al. 2016) and it can also be expressed from the 

Mecp2-mutant locus, which will not be translated (Guy et al. 2001; Guy et al. 2007). The 

alternative of using single nucleotide polymorphisms (SNPs) on single-nucleus RNA-seq data 

has also shown a low rate of nuclei identification, given the low coverage for each gene per 

nucleus, the restricted enrichment of reads at gene 3’ end, and the few genes presenting 

allele specific SNPs (Renthal et al. 2018). The most adequate approach to determine MECP2-

deficient and -functional nuclei would be the direct detection of the MECP2 protein per 

nucleus, for example using methods that can achieve simultaneous detection of cellular 

mRNAs and specific target proteins, such as CITE-seq (Cellular Indexing of Transcriptomes and 

Epitopes by Sequencing) (Stoeckius et al. 2017) In this method, oligonucleotides are 

conjugated to antibodies against the proteins of interest, and single cell suspensions are 

labelled with these oligo-conjugated antibodies before loading the Chromium Controller. The 

Antibody Derived Tags (ADTs) are captured together with mRNAs on the Chromium Gel beads, 

allowing them to share the same cell-specific sequence barcode within droplets. Downstream 

quantification of the ADTs per cell has been shown to be proportional to protein abundance 

(Stoeckius et al. 2017). Therefore, the high abundance of MECP2 and its genome-wide 

localization (Skene et al. 2010), may help its capturing by oligo-conjugated antibodies and 

producing enough ADT library yield. This Chapter describes the development and testing of a 

protocol for the detection of the intranuclear protein MECP2 using CITE-seq. 
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6.2 Results 

6.2.1 Oligo-conjugated antibodies for intranuclear CITE-seq 

To conjugate oligos to antibodies, the Stoeckius et al. protocol uses a commercial kit 

(EZ-Link Sulfo-NHS-SS-Biotin, Thermo Fisher Scientific Inc, USA) that adds a negatively charged 

sulfonate group that does not permeate cell or nuclear membranes. Consequently, to make 

an oligo-conjugated antibody against MECP2 and allow intranuclear permeability, I needed 

to specifically remove the sulfonate group from the linkage bond. A commercial option was 

the EZ-Link NHS-SS-Biotin kit however, another provider (BioLegend Inc., USA) uses its own 

proprietary conjugation process and ensures intracellular and intranuclear protein labelling. 

BioLegend became the main provider of oligo-conjugated antibodies for CITE-seq 

applications, so I decided to use their system. 

Only monoclonal antibodies are recommended for CITE-seq experiments for 

consistency in their specificity. The most used anti-MECP2 antibody is the polyclonal ab2828 

(Abcam, UK), while BioLegend only offers the monoclonal N227/21 anti-MeCP2 antibody. This 

clone has not been tested for flow cytometry, which is one of requirements for CITE-seq 

antibodies, as similar protein abundance detection levels are expected from the antibodies in 

both techniques (Stoeckius et al. 2017). ab2828 only binds to MECP2-E2 (the MECP2 protein 

product of the start site at exon 2), as the immunogen is raised against its first 15 amino acids 

(a. a.), from which only the last 7 are shared between both MECP2 isoforms (see Chapter 2, 

Fig. 2.3B). In contrast, the N227/21 clone recognizes both MECP2 isoforms, (MECP2-E1 and 

MECP2-E2, Fig. 2.3B), in human, mouse and rats, as its immunogen binds to the methyl-CpG 

binding domain (MBD) of MECP2 in exons 3 and 4 (a. a. 157-169 of human MECP2). A concern 

about this anti-MECP2 antibody is that it might cross react to other MBD proteins, however, 

as according to the company, the immunogen has only shown specific binding. A 

consideration about the N227/21 clone binding site is that the Mecp2-mutation in the 

Mecp2LoxStop mice is located upstream the Mecp2 exon3 (see Chapter 4, Fig. 4.1A), which 

might make this antibody clone a better option for the discrimination of MECP2-deficient and 

-functional nuclei. Finally, BioLegend conjugation service costs are higher for external 

antibody clones and come without any guarantee, limiting the choice of antibodies to the 

ones the company provide. Given these points, before ordering the oligo-conjugated anti-

MECP2 antibody, I decided to test the N227/21 clone for nuclei staining and flow cytometry. 
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Before testing the anti-MECP2 antibody on nuclei in suspension, I tested it on adult 

mouse brain sections from 8 weeks old animals. Brain sections were co-stained with anti-

MECP2-AF594 and anti-NeuN-AF488 antibodies and counterstained with DAPI (Fig. 6.1A). 

NeuN is an intranuclear protein located mainly in the nucleoplasm and nuclear matrix (Dent 

et al. 2010), and is expressed in mature post-mitotic neurons, in which MECP2 is expressed 

most highly. Use of other DNA or chromatin bound proteins was not possible as their staining 

has only been tested under cell fixation conditions (Forment and Jackson 2015), which is not 

suitable for snRNA-seq experiments performed with 10x Single Cell 3´ gene expression 

chemistry v3. Additionally, no antibody against DNA or chromatin bound proteins has been 

oligo-conjugated for CITE-seq purposes, complicating further their usage as a control for 

MeCP2 experiments. 

The co-staining of NeuN and MECP2 mark neurons and cases of only MECP2 signal 

indicated glial cells, which also express MECP2 but at lower levels. Additionally, DAPI staining 

was observed in all MECP2 and/or NeuN positive cells, indicating true positive nuclear 

staining. Given that NeuN is an intranuclear protein and is widely used in fluorescence-

activated nuclei sorting (FANs) as a marker for postmitotic neurons (Matevossian and 

Akbarian 2008), the anti-NeuN antibody was used for all following experiments as a positive 

control. 

Next, I tested whether the antibodies could stain adult mouse brain nuclei in 

suspension and if the integrity of the nuclei was compromised by the physical forces during 

antibody washing and/or FANs steps. For this purpose, the nuclei isolation protocol I 

optimized was followed (see Chapter 5, Fig. 5.1) until the centrifugation step, then I 

incorporated the antibody labeling and washing steps (Fig. 6.2B). Nuclei were DAPI+ FAN 

sorted and examined under the microscope. Nuclei showed no changes in shape or 

concentration in comparison to the standard nuclei isolation protocol (Fig. 6.1C), indicating 

that nuclei bursting does not take place during antibody washes and FANs. Moreover, MECP2 

and NeuN stains colocalized to nuclei as seen before for mouse brain sections (Fig. 6.1B). 
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Figure 6.1 MECP2 and NeuN nuclei labelling. (A) Adult mouse brain section (40 µm sagittal) co-stained with anti-NeuN 
conjugated to an AlexaFluor-488 (NeuN-AF488, in green) and anti-MECP2 conjugated to an AlexaFluor-594 (MECP2-AF594, 
in red), and counterstained with DAPI (in blue). Arrows indicate triple stained nuclei (Nikon C2 confocal microscope, 20x 
objective). (B) Same staining conditions on nuclei in suspension after DAPI+ FAN sorting. Image magnification of 32x shows 
a triple stained nucleus, with no obvious structural damage (Olympus fluorescence microscope, 10x objective). (C) Nuclei 
concentration in isolated and MECP2-AF594 and NeuN-AF488 stained nuclei loaded on a hemocytometer (Olympus 
fluorescence microscope, 10x objective). (D) Adult mouse brain section stained with the secondary anti-Biotin antibody 
conjugated to phycoerythrin (PE) to detect the primary anti-NeuN antibody conjugated to biotin (Nikon C2 confocal 
microscope, 20x objective). 

Finally, antibody labelling was tested by flow cytometry. Nuclei were sorted into DAPI+ 

NeuN+ MECP2+ (neuronal nuclei) and DAPI+ NeuN- MECP2+ (non-neuronal nuclei) 

populations. As fluorescence sensitivity in FANs is higher than in microscopy, MECP2 may be 

detectable at a lower intensity in non-neuronal nuclei. Flow data showed the presence of the 

two expected populations, with high and low intensities for MECP2 respectively (Fig. 6.2A). 

The presence of high MECP2+ only in NeuN+ nuclei may reflect the specificity of the anti-

MECP2 antibody. These results proved the suitability of the N227/21 clone for CITE-seq 

experiments, allowing me to request the oligo-conjugated version from Biolegend. 
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Additionally, to use NeuN as a positive control without changing the A60 antibody clone 

(Merck Millipore, USA) used in immunohistochemistry, an oligo-conjugated anti-Biotin 

antibody was requested to be used against the biotin-conjugated anti-NeuN A60 antibody. 

NeuN antibody staining showed no changes in specificity or efficiency when an anti-biotin 

conjugated to PE was used against the anti-NeuN antibody conjugated to biotin (Fig. 6.1D). 

 

Figure 6.2 MECP2 and NeuN FAN sort. (A) FANS plots of stained nuclei with staining conditions indicated on top of each plot. 
Fluorescence values on both axis, x and y, are in logarithmic scale. Gates are fixed in the same position for all samples. 
Neuronal nuclei gate (AF488+ AF594+ Neurons, in dark magenta) contains nuclei expressing NeuN and MECP2 (≥ 104). Non-
neuronal gate (AF488- AF594+, in blue) encloses nuclei with MECP2 detected at low levels (≤ 104). DAPI positive nuclei are 
represented in bright magenta. (B) Antibody labelling steps integrated into nuclei isolation protocol. 

6.2.2 Testing CITE-seq for intranuclear proteins 

Once the antibodies were demonstrated to be suitable for CITE-seq experiments and 

confirming that the labelling process did not compromise the integrity and concentration of 

nuclei, I performed a first test of CITE-seq for intranuclear proteins on a WT female mouse 

brain. CITE-seq experiments generate two libraries, one from cDNA (snRNA-seq) and another 

second one from the ADTs. To control cDNA integrity and ADT-specific amplification, a snRNA-

seq library was simultaneously produced from another sample using the same amount of 

tissue (30 mg) and targeting a recovery of 10,000 nuclei. To note, both nuclei suspensions, for 

the snRNA-seq and CITE-seq, were loaded together on the same chip in the Chromium 

Controller, immediately after their respective nuclei isolations. Both of these libraries were 

prepared with the 10x Single Cell 3´ gene expression chemistry v3. The snRNA-seq library was 



   
 

   
 

88 

processed as per the CITE-seq protocol after cDNA amplification, saving the supernatant of 

amplified cDNA (600-3,000 bp), which in CITE-seq experiments contains the ADT fragments 

(117 bp, including: ADT barcode, poly(dT), UMI, cell barcode, and reads adapters), and 

producing an ADT library out of it. 

cDNA libraries from both, CITE-seq and snRNA-seq, methods were generated using 

the same number of PCR cycles for cDNA (n=18) and library (n=12) amplification. Similar 

profiles in fragment size (CITE-seq, 462 bp; and snRNA-seq, 435 bp) and yield (CITE-seq, 9.2 

nM; and snRNA-seq, 9.5 nM) were achieved for both cDNA libraries (Fig. 6.3A). Therefore, the 

cDNA library synthesis seemed not to be affected by the longer processing time of nuclei 

labelling. The ADT library amplification product of ~200 bp (ADT fragment + sample index and 

P5 and P7 adapters) was exclusive to the CITE-seq experiment and no unexpected products 

were seen (Fig. 6.3A). 

 

Figure 6.3 Intranuclear CITE-seq libraries. (A) Tapestation traces of cDNA and ADT libraries from snRNA-seq and CITE-seq 
experiments. Violin plots display metrics of unfiltered (B) and high-quality (C) nuclei (y-axis are the cutoffs used) from CITE-
seq cDNA library. (D) UMAP plot displaying nuclei grouped in 13 clusters. The abbreviations for cluster names are as follows. 
ExcCtxPyr: cortical pyramidal excitatory neurons; ExcCA3: ExcHind, ExcHyp, and ExcThal excitatory neurons from the CA3, 
hindbrain, hypothalamus, and thalamus, respectively; InhHind and InhHpc: inhibitory neurons from the hindbrain and 
hippocampus, respectively; NPCs: neural precursor cells; ODCs: oligodendrocytes; OPCs: oligodendrocyte precursor cells; 
VLMCs: vascular and leptomeningeal cells. 

Next, CITE-seq libraries were sequenced, generating approximately 150 million reads 

for the cDNA library and 50 million reads for the ADT library. RNA data quality and quantity 

considerably improved in comparison to data from the 3’ chemistry v2 (see Chapter 5, Table 

5.2). In this case, 150 million reads achieved 16.4% of sequencing saturation and generated 

around 20% (30 million reads) of usable UMIs in high quality nuclei (10,866 nuclei) (Fig. 6.3B, 

C). Moreover, the median of genes per nucleus increased to 1,131, almost double that 

observed in the v2 datasets. Quality and quantity of the data allowed a more strict filtering of 
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nuclei (500 ≤ number of genes ≤ 3,000; mitochondrial percentage ≤ 3%; ribosomal percentage 

≤ 1%) (Fig. 6.3C). 

A general cluster identification was performed to distinguish brain region neuronal 

cell-types and glial cells, using the mouse brain atlas as a reference for marker genes and 

following the steps described in Chapter 3, section 3.3.5. I identified 8 neuronal sub-types 

(4,466 nuclei, 41.9% of total) and 5 types of glial and other cells (6,181 nuclei, 58.1%) (Fig. 

6.3D). Correct neuronal cell-type identification is critical for this experiment. The most used 

pan-neuronal gene marker is Rbfox3 (RNA-binding FOX-1 homolog 3), which encodes the 

NeuN protein. As MECP2 and NeuN proteins are enriched or specific, respectively, in neurons, 

neuronal identity was confirmed with another pan-neuronal (Snap25) and specific excitatory 

(Slc17a7 and Slc17a6) and inhibitory (Gad1 and Gad2) gene markers (Fig. 6.4A,B), avoiding a 

bias using Rbfox3 in the neuron-specific detection of NeuN protein. The expression patterns 

of these markers divided the neuronal and glial (non-neuronal) clusters (Fig. 6.4C), in a similar 

fashion to Rbfox3. Even though Snap25 is expressed at lower rates in glial cells, neuronal 

identity in each cluster was confirmed by the presence of excitatory or inhibitory specific 

markers (Fig. 6.4B). 
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Figure 6.4 Neuronal gene markers in identified clusters. (A) Hexagonal binning plot of UMAP clusters displaying the mean 
expression of the nuclei within the bins for each gene. (B) Violin plots of the expression of gene markers within each cluster. 
(C) UMAP showing the distribution of glial and neuronal nuclei. 

Once cluster identity was established by marker gene expression, I added the protein 

data to the nuclear transcriptomes. In general, CITE-seq ADT libraries have a deeper coverage 

with fewer reads as their diversity in features (the sequence of oligo-conjugated antibodies 

per nucleus) is far lower than the one in cDNA libraries (thousands of transcripts per nucleus). 

For this experiment, I targeted only two proteins, MECP2 and NeuN, in comparison to snRNA-

seq where almost all polyadenylated cellular transcripts are recovered. Given this low 

diversity, ADT libraries reach high sequencing saturation with fewer reads. The intranuclear 

CITE-seq ADT data was not different from cell surface ADT libraries (Stoeckius et al. 2017), 

showing a high read duplication rate (65%) and few usable UMIs (3.1 million reads, 6.6% of 
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total library). Even though the data appeared to have low complexity, it was enough to detect 

MECP2 and NeuN in the nuclei. 

 

Figure 6.5 ADT data filtering and normalization. (A) Raw ADT counts distribution for MECP2 and NeuN proteins in all nuclei 
(top) and per broad cell type classification (bottom). Median values per cell type are marked with a dotted line. (B) Total raw 
ADT counts distribution with threshold for outliers marked with a red line. (C) Nuclei distributions by cell type of factor sized 
ADT counts. (D) Distributions of log2 normalization (top) and centering (bottom) of factor sized ADTs counts. (E) Distributions 
of CLR normalization (top) and scaling (bottom) of factor sized ADTs counts. 

Since a WT sample was analyzed, I expected similar results to flow cytometry, where 

all nuclei expressed MECP2 at different intensities based on cell-type, and only neuronal 

nuclei presented NeuN. The distribution of raw ADT counts (the number of antibody-linked 

barcode reads per nucleus) showed two very distinctive populations for NeuN protein (Fig. 

6.5A), which is the normal binary behavior of most surface protein markers (Stoeckius et al. 

2017). In comparison, MECP2 had only one population. To see whether there was an 

enrichment of MECP2 in neurons, the raw ADT counts were analyzed for glia and neurons, 

based on the cell type characterization performed earlier using the transcriptomic data. In 

agreement with the biological function of NeuN and flow cytometry results, only neurons had 

a high number of ADT counts for this protein, while glia represented the lower counts 
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population (glia median = 117; neuronal median = 379) (Fig. 6.5A). However, the raw MECP2 

ADT counts exhibited a similar distribution in glial and neuronal nuclei, although neurons had 

slightly higher counts than glia (glia median = 28; neuronal median = 32) (Fig. 6.5A). 

To better understand raw MECP2 ADT counts, the quality of the intranuclear ADT data 

was further evaluated. For this purpose, empty ADT nuclei (nuclei without ADT counts) and 

ambient contaminants, which might be the product of floating antibody tags during nuclei 

encapsulation, were identified and removed as recommended for CITE-seq data (Amezquita 

et al. 2020). Only 23 out of 10,647 nuclei (0.2%) were identified as these outliers (a fold-

change of 2 from the log2 scale transformed median) for low/no content of ADT counts (Fig. 

6.5B). Another consideration while processing ADT data is its composition biases, a product 

of the binary nature of protein abundances and differences in cell-types. Composition biases 

are reflected in large increases in ADT counts for any increment in protein abundance, 

therefore the ADT data must be normalized. To establish the baseline of each ADT, size factors 

were estimated from the ambient ADT profile recovered in 10,000 empty droplets, assuming 

that every droplet receives the same number of ADT. Then, raw ADT counts in filter-passed 

nuclei were adjusted for composition biases using their corresponding ambient ADT profile 

size factors. Next, two different ADT library normalization methods, log2 (scater, (McCarthy 

et al. 2017; Amezquita et al. 2020)) and CLR (Seurat, (Stuart et al. 2019)), were tested and 

compared. Both normalization methods gave similar results on factor-sized nuclei (Fig. 6.5D, 

E), but the CLR method was employed for downstream analysis to keep consistency with the 

Seurat pipeline. 

MECP2 ADTs were present (scaled CLR expression (CLRe) > 0.1) in 77.1% of neuronal 

nuclei (3,440 nuclei; median CLRe = 0.93) and in 15.3% of glial cells (944 nuclei; median CLRe: 

0.38). ADTs representing NeuN were found in 86.2% of neurons (3,847 nuclei; median CLRe: 

1.07) and in 3.7% of glia (228 nuclei; median CLRe: 0.57). Both proteins, MECP2 and NeuN, 

had an overlap (Spearman correlation coefficient (r) of 0.88, p<2.2e-16) in 74.7% of neuronal 

nuclei (3,334) and only in 3.5% of glial cells (217 nuclei) (Fig. 6.6A). Plotting MECP2 CLRe 

against NeuN CLRe formed two nuclei populations, neuronal and glial, as seen in flow 

cytometry data (Fig. 6.6B). Considering all clusters, MECP2 CLRe was slightly higher in 

neuronal than in glial cell-types, while for NeuN the shift was more drastic towards the same 

direction (Fig. 6.6C), as observed when nuclei are divided into neurons and glia (Fig. 6.6D). 
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Figure 6.6 Protein abundance by cell type. (A) Scatter plot comparing MECP2 (x-axis) against NeuN (y-axis) abundance in 
nuclei (color coded by cell type) based on ADTs detected (CLRe). Density of nuclei in (A) is exhibited in the hexagonal binning 
plot (B). Violin plots showing the protein abundance levels per cluster (C) and general cell types, glia and neurons, (D). 

To further explore ADT specificity, the global levels of CLRe ADT representing each 

targeted protein (MECP2 or NeuN) were compared to ribosomal RNA content. As ribosomal 

and mitochondrial RNA presence are used as a measure for the capture of free-floating RNA 

rather than nuclear-localized RNA, a positive correlation between the abundance of them and 

ADT levels would indicate an ambient origin for ADT counts. However, there was no 

correlation observed between ADT levels and ribosomal contents. In fact, neuronal nuclei had 

the lowest levels of free-floating RNA, strongly decreasing the liklihood of there being any 

significant ambient origin of the AT reads detected (Fig. 6.7A, B). Furthermore, NeuN protein 

and its transcript, Rbfox3, were both detected in 73.9% of neurons and in 1.3% of glial cells (r 

= 0.64, p<2.2-e16) (Fig. 6.7D), suggesting high specificity for detection of NeuN ADTs. 

Although there is not much improvement in NeuN detection and quantification at the protein 

level (86.3%) compared to the transcript level (81.5%) in neurons, MECP2 protein was 

detected in neuronal nuclei twice more than with its transcript, in 3,440 and 1,582 nuclei 

respectively (r = 0.12, p<2.2-e16) (Fig. 6.7C). However, comparing MECP2 protein abundance 
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to its low detected transcript to evaluate the specificity of detection might be misleading, as 

their expression levels are known not to correlate well (Rodrigues et al. 2016). 

 

Figure 6.7 Protein and transcript expression levels. Scatter plots showing the ribosomal content (y-axis) and ADT counts (x-
axis) for MECP2 (A) and NeuN (B) proteins per nucleus (nuclei are colour coded by cell type). Correlation of transcript (x-axis) 
and protein (y-axis) expression for Mecp2 and MECP2 (C), and Rbfox3 and NeuN (D). 

To compare the protein abundance levels to other brain cell markers, I conducted 

hierarchical clustering of the average scaled expression per cell type of MECP2 and NeuN 

proteins together with their transcripts, Mecp2 and Rbfox3, and 28 other brain cell markers 

(for Astrocytes: Phkg1, Slc39a12, Atp1a2 and Plpp3; for OPCS: Pdgfra, Cspg4, Sox6 and Vcan; 

for ODCs: Tgfbr1, Inpp5d, Ly86, Csf1r, Mbp, Plp1, Enpp6, Opalin and Anln; for VLMCs: Slc7a11, 

Bmp6, Cped1 and Slc6a20a; for neurons: Calb2, Dcx, Snap25, Slc17a7, Slc17a6, Gad, and 

Gad2) (Fig. 6.8). MECP2 and NeuN proteins clustered together with the pan-neural markers 

Rbfox3 and Snap25. Interestingly, MECP2 protein had a similar profile to Snap25, which is 

lowly expressed in glial cells but highly enriched in neurons. The Mecp2 transcription levels 

grouped with other neuronal markers in the dataset, but it also showed some expression in 

the VLMCs cluster. 
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Figure 6.8 Hierarchical clustering of regional cell types by brain cell markers expression and protein abundance. Regional 
cell types (x-axis) were grouped into glial and neuronal cells (yellow and green boxes) by the expression of brain cell gene 
markers (scaled log2 normalized) as well as MECP2 and NeuN protein abundances (scaled CLR normalized). 

Overall, these results showed a specific enrichment of NeuN and MECP2 proteins in 

neuronal nuclei, and a small detection of MECP2 in glia, comparable to Snap25 transcript 

levels. Even though these results of the CITE-seq for intranuclear proteins are promising, 

several negative controls must be conducted in order to demonstrate that the technique is 

working for detection of nuclear MECP2 protein. Low MECP2 ADT counts might reflect a 

problem with the anti-MECP2 antibody, so a negative control (anti-IgG) antibody needs to be 

added to establish ADT background levels. Furthermore, analysis of an Mecp2-null sample is 

needed to confirm the specificity of the ADT coming from the oligo-conjugated anti-MECP2 

antibody. Furthermore, MECP2 is expressed in every cell, so standard normalization for its 

ADTs could be a problem for distinguishing none (MECP2-deficient nuclei), low (MECP2-

functional glial nuclei), and high (MECP2-functional neuronal nuclei) abundances in the 

Mecp2LoxSTop/+ brain tissues, therefore there is a need of establishing background levels for 

ADTs and Mecp2-null samples. 
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6.2.3 MECP2 intranuclear CITE-seq on a Mecp2-Null mouse model 

The intranuclear CITE-seq technique seemed to be effective for detection of the NeuN 

protein, however, higher confidence was required for the MECP2 results, as it was intended 

to be used for discrimination of MECP2-deficient and MECP2-functional nuclei. To confirm 

the specificity of intranuclear CITE-seq for MECP2, I tested the technique on Mecp2-null 

(Mecp2LoxStop/Y, NULL) and WT male mouse brain samples. Moreover, a mouse IgG1 isotype 

antibody was incorporated as a negative control to the antibody pool (anti-MeCP2 and anti-

NeuN antibodies), and as a measurement of ADT ambient contamination. 

The two CITE-seq experiments were performed as previously described in section 6.2. 

Both cDNA libraries, from NULL and WT, had a sequencing saturation of >20%; although, the 

NULL sample needed 42 million reads more (~29%) than the WT to reach it, indicating a higher 

transcript diversity. cDNA libraries had a median of >1,500 genes detected per high-quality 

nucleus and ~13% of total filtered usable UMIs, which is characteristic for the 10x Genomics 

chemistry v3 (Table 6.1). 

Table 6.1 CITE-seq cDNA libraries metrics 

Sample 
(Lib ID) 

Raw Reads 
Sequencing 
Saturation 

Nuclei 
Genes 

(Median) 
Total UMIs 

UMI% in 
Mitochondrial 

Genes 

High-quality Nuclei 

Nuclei 
Genes 

(Median) 
Total UMIs 

WT Female 
(RL1779) 

148,989,202 
(100%) 

16.4% 12,200 1,586 
40,145,475 

(26.95%) 
0.18 10,866 1,431 

29,712,598 
(19.94%) 

NULL Male 
(RL1996) 

186,413,102 
(100%) 

21.2% 9,179 1,787 
36,380,398 

(19.51%) 
0.59 7,654 1,587 

24,362,530 
(13.0%) 

WT Male 
(RL1997) 

144,827,208 
(100%) 

24.4% 8,048 1,662 
29,282,656 

(20.21%) 
0.79 6,597 1,561 

20,968,127 
(14.47%) 

 

NULL and WT male cDNA libraries were integrated, as described in Chapter 3, section 

3.3.5 (13,517 total nuclei: 7,245 NULL and 6,272 WT) (Fig. 6.9C), producing 27 clusters that 

were allocated to distinct cell types by identification of marker genes (Fig. 6.9A). Of those 

clusters, 19 were sub-types of neurons (NULL: 3,576 nuclei; WT: 3,406 nuclei), and 8 were 

different types of glial cells (NULL: 3,669 nuclei; WT: 2,866 nuclei) (Fig. 6.9B). To replicate the 

protein analysis performed on the WT female mouse CITE-seq, clusters were aggregated by 

their brain region (cortex, hippocampus, thalamus and hypothalamus) and cell-type (neurons: 

excitatory and inhibitory; and non-neuronal cells, glia: ODCs, OPCs, microglia, astrocytes, and 

vascular cells) (Fig. 6.9D). Neuronal identity (Fig. 6.9E) was confirmed by the expression of 

neuronal markers (Rbfox3, Snap25, Slc17a1, Slc17a6, Gad1, and Gad2) (Fig. 6.10A, B). 



   
 

   
 

97 

 

Figure 6.9 NULL and WT integrated datasets. (A) UMAP showing the 27 clusters (number and color coded) identified in the 
integrated data from NULL and WT cDNA libraries. (B) Percentage of each sample (y-axis, color coded, NULL in red and WT 
in green) in clusters (x-axis, number coded as in (A)). (C) UMAPs highlighting the nuclei corresponding to each sample. UMAPs 
displaying nuclei grouped by regional (D) and general (neurons in green and glia in yellow) (E) cell types. Abbreviations in (D) 
stand for: Ctx, ExcHpc, ExcHyp, and ExcThal, excitatory neurons from the cortex, hippocampus, hypothalamus, and thalamus, 
respectively; InhHind, InhHpc, and InhThal, inhibitory neurons from the hindbrain, hippocampus, and thalamus, respectively; 
MSN, medium spiny neurons; NPCs, neural precursor cells; ODCs, oligodendrocytes; OPCs, oligodendrocyte precursor cells; 
VCs, vascular cells. 
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Figure 6.10 Neuronal gene markers in integrated data. (A) Hexagonal binning plot showing the mean expression of nuclei 
within a bin for each cell marker. (B) Violin plots displaying the normalized expression (log2) of neuronal markers within each 
regional cell type. 

Given that the NULL and WT CITE-seq experiments were individually performed, ADT 

counts were filtered and normalized per ADT library before their incorporation into 

integrated cDNA datasets. Three nuclei were identified as outliers in the NULL library (Fig. 

6.11A), and zero in the WT (Fig. 6.11B). Both ADT libraries had approximately the same 

number of total raw ADTs counts (NULL: 2,062,048; and WT: 2,053,441). Raw ADT counts (Fig. 

6.11C) and CLRe (Fig. 6.11D) showed similar profiles for each protein (MECP2, NeuN, and IgG) 

between NULL and WT samples. MECP2 profiles in the NULL sample resembled the WT ones, 
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even though a distribution similar to the one observed for IgG1 was expected, in which ADT 

counts and CLRe are centered at zero (Fig. 6.11D). This initial result raised a concern about 

the NULL sample used and the specificity of the used anti-MECP2 antibody. 

 

Figure 6.11 ADT data filtering and normalization. Distribution of total ADT raw counts per nucleus for NULL (A) and WT (B) 
ADT libraries, marking the threshold for outliers (dotted red line) at the lower tail. MECP2 (top), NeuN (middle), and IgG1 
(bottom) distributions of raw ADT counts (C) and scaled normalized ADTs (D) per sample.  
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As the MECP2 protein detection unexpectedly indicated that there was detection of 

significant MECP2 ADT signal in the NULL sample, positive and negative ADT controls were 

assessed to discard a general issue with this CITE-seq experiment. Protein abundances were 

assessed by cell type within each sample, together with NeuN and MECP2 CLRe correlations. 

The negative control IgG1 was almost absent (CLRe<0.1) from all nuclei (-0.14 median CLRe 

in 13,129 nuclei, 97% of all nuclei), indicating a very low ADT ambient contamination and/or 

carryover of unspecific antibodies. In contrast, the positive control, NeuN, was specifically 

expressed (CLRe>0.1) in neuronal nuclei for both NULL (0.81 median CLRe in 3,009 neuronal 

nuclei, 84% of all nuclei; 0.6 median CLRe in 181 glial nuclei, 5% of all nuclei) and WT (0.79 

median CLRe in 2,665 neuronal nuclei, 78%; and 0.45 median CLRe in 212 glial nuclei, 7% of 

all nuclei) datasets (Fig. 6.12A, B). MECP2 displayed the same pattern in the NULL and WT 

datasets, being expressed at higher levels and more detected in neuronal nuclei (NULL: 0.83 

median CLRe in 2,875 nuclei, 80% of all nuclei; and WT: 0.84 median CLRe in 2,448 nuclei, 71% 

of all nuclei) than in glial nuclei (NULL: 0.36 median CLRe in 352 nuclei, 10% of all nuclei; and 

WT: 0.40 median CLRe in 427 nuclei, 15% of all nuclei) (Fig. 6.12A,B). Putative MECP2 protein 

abundance levels correlated to NeuN protein per sample (r=0.91 in NULL; r=0.89 in WT) (Fig. 

6.12C) and in the integrated datasets (r=0.9) (Fig. 6.12D). NeuN and MECP2 were both 

detected in 78% (2,782 nuclei) and 70% (3,406 nuclei) of neuronal nuclei from NULL and WT 

samples, respectively. Despite the specificity in the control proteins for both samples, the 

correlation between NeuN and MECP2 CLRe levels in the WT male dataset (Fig. 6.12C) did not 

separate in two clear populations, neurons and glia, like in the WT female dataset (Fig. 6.6A). 

This might indicate that the CITE-seq ADT libraries for the male samples had a lower 

performance at the antibody labelling step. 
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Figure 6.12 Estimated NeuN and MECP2 protein abundances. Violin plots of NeuN, MECP2, and IgG1 protein abundances in 
regional (A) and general (B) cell types. MECP2 (x-axis) against NeuN (y-axis) estimated protein abundances per nucleus 
(colour coded by cell type (C) or sample (D)). 

Next, the levels of the protein abundance estimated by ADT detection were compared 

to their corresponding transcript abundance. The NULL sample expressed Mecp2, as 

explained in Chapter 5 and described by the creators of the MECP2LoxStop mouse strain (Guy 

et al. 2007), the mutant Mecp2-LoxStop allele is able to produce transcripts that are detected 

by RT-qPCR, but no protein has been detected derived from these transcripts. Similar results 
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to the WT female sample were observed for the NULL and WT male datasets on both proteins, 

displaying no correlation for MECP2 protein and Mecp2 transcript expression levels (r=0.08 

and r=0.07, in NULL and WT, respectively) (Fig. 6.13A), and a weak correlation for NeuN 

protein and Rbfox3 transcript in all nuclei (r=0.51 and r=0.47, in NULL and WT, respectively) 

(Fig. 6.13B). When protein abundances were compared to other brain markers per regional 

cell-type clusters, MECP2 and NeuN grouped again with the pan-neuronal gene markers, 

Snap25 and Rbfox3, while IgG1, interestingly, clustered with Mecp2 transcript due to their 

low detection (Fig. 6.13C). Similar expression was observed for MECP2 in NULL clusters 

compared to WT clusters. 

 

Figure 6.13 Protein abundances and transcript expression levels. Correlation of estimated transcript and protein abundance 
for Mecp2 and MECP2 (A), and Rbfox and NeuN (B), showing expression levels per nucleus (colour coded by cell type) in each 
sample. (C) Hierarchical clustering of regional cell types per sample (x-axis, NULL in red, WT in green) based on the expression 
of marker genes and protein abundance (y-axis). 
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These results indicated that CITE-seq for the intranuclear protein MECP2 was not 

specific. Two explanations for these results are: (1) the anti-MECP2 antibody has non-specific 

binding that follows the abundance patterns of the anti-NeuN antibody; or (2) the NULL male 

sample is actually Mecp2+/Y and not Mecp2LoxStop/Y. To rule out a sample swap, the expression 

of the neomycin cassette (Neo) on the Mecp2-LoxStop allele was assessed. Genotyping on 

the male mouse samples confirmed the presence of the reported MECP2LoxStop/Y mutation and 

the Mecp2 wild-type allele in WT mice (Fig. 6.14A, B). Moreover, Neo expression was only 

seen in the NULL nuclei (27 nuclei, 0.3%) and not in WT (Fig. 6.14C). 

 

Figure 6.14 Mecp2 allele genotyping and Neo cassette expression. PCR products of the Mecp2-wildtype and -LoxStop alleles 
(A), and neomycin cassette (B). Samples used in the CITE-seq experiment are marked in red. (C) UMAP plots highlighting 
nuclei in which transcripts are detected from the neomycin cassette (in red) in each sample. 

Furthermore, differential expression (DE) analysis between the NULL and WT datasets was 

performed for each of the 27 cell types. The DE analysis resulted in 322 significant differential 
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expressed genes (DEGs) (LFC>0.5, p-adjusted < 0.01). Gene ontology (GO) analysis using the 

322 DEGs found enriched the following biological functions: “nervous system development”, 

“neurogenesis”, “regulation of trans-synaptic signaling” and “synapse organization” (Fig. 

6.15A). From the GO analysis performed in Chapter 5, these GO terms were found in the set 

of TAM vs. WT DEG, which represented normal transcriptomic variance between two brain 

samples, which could be the case with only one replicate per condition. However, after closer 

investigation of the cellular compartment (Fig. 6.15B) and molecular function (Fig. 6.15C) 

enriched GO terms, they were found to be enriched for genes involved in “glutamate receptor 

activity”, “glutamatergic synapse”, and “dendrites”, which are known cellular and neuronal 

processes known to be affected in Rett Syndrome. Additionally, enriched KEGG pathways 

were “glutamatergic synapse”, “long term potentiation”, “calcium signaling pathway”, and 

“axon guidance” (Fig. 6.15D). These pathways have been identified in my previous snRNA-seq 

DE analysis (see Chapter 5, section 5.3), and again they might reflect the hyperexcitability 

seen in the brain of the Mecp2-mutant (Zhang et al. 2014), and the dysfunction in long term 

potentiation that results in learning and memory impairments in Mecp2-mutant mice 

(Moretti et al. 2006). 
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Figure 6.15 GO term enrichment of NULL vs. WT DEGs Enriched GO term trees from biological function (A), cellular 
component (B), molecular function (C), and KEGG pathways(D) categories. The blue dot size indicates the significance of the 
terms, the bigger the smaller the p-value. 

In all, these results confirmed genotype and phenotype of the NULL mouse used for 

this experiment. The next step was to test the anti-MECP2 antibody on NULL tissues in flow 

cytometry. The reason why I did not perform flow cytometry on a NULL or RTT (Cre-

Mecp2LoxStop/+) sample before is that the cohort of Mecp2LoxStop brain tissues I have was very 

limited, in cases sufficient for only a single nuclei isolation experiment from a tissue sample, 

as the mouse colony no longer existed, and only a few brain sections were shared for this 

thesis work. Given the uniqueness of the samples, all the techniques were tested on WT 

samples to avoid losing precious material. However, a negative control for the MECP2 

labelling is needed to corroborate the anti-MECP2 antibody specificity. In addition to the 

NULL samples, WT, RTT, and RES brain samples were labelled and analyzed by flow cytometry 
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in the same experiment. Flow cytometry revealed that using the anti-MECP2 antibody stained 

all samples regardless of their genotype. Unexpectedly, all samples showed two populations, 

high and low MECP2 fluorescence, which correlated to the NeuN+ and NeuN- populations, 

neurons and glia, respectively (Fig. 6.15). The percentage of nuclei (DAPI+ nuclei) in each 

population (nuclei inside each fixed gate, neurons or glia) was approximately the same for all 

samples (NULL: 55% neuronal and 35% glial nuclei; RTT: 61% neuronal and 31% glial nuclei; 

RES: 57% neuronal and 35% glial nuclei; WT: 55% neuronal and 32% glial nuclei) (Fig. 6.15). 

These results indicated unspecific binding of the anti-MECP2 antibody for flow cytometry 

purposes. 

 

Figure 6.16 MECP2 and NeuN FAN sorting. Flow cytometry plots (axes are on logarithm scale) of WT, RES, RTT, and NULL 
samples (columns) with different staining conditions (rows). Gating (boxes within the plots) was the same for individual 
staining (DAPI NeuN-488 and DAPI MECP2-594) but adjusted in co-stained nuclei to quantify (percentage of total DAPI+ 
nuclei) each population (neurons and glia). 

6.3 Discussion 

The results of the pilot research outlined here described the development and testing 

of a protocol to detect and quantify MECP2 and NeuN abundance per nucleus. Even though 

during early flow cytometry and immunostaining tests the detection of MECP2 in a wildtype 
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female sample showed a cell type specific abundance of the protein, the CITE-seq approach 

for MECP2 is not reliable, as NULL samples also displayed the same abundance pattern. This 

result was later replicated in flow cytometry, confirming the non-specificity of the anti-

MECP2-antibody for CITE-seq experiments. One possibility is that the anti-MECP2-antibody is 

not suitable for flow cytometry experiments and therefore also not suitable in CITE-seq. 

Another explanation might be that the immunogen against the MECP2 MBD cross reacts with 

other MBD proteins, given their sequence similarity within this protein domain. A western 

blot on the NULL, RTT, and WT samples could confirm or disprove the specific binding of the 

anti-MECP2 antibody, but due to sample quantity limitations, this was not undertaken and 

the development of the CITE-seq for the intranuclear protein MECP2 was stopped, even 

though it seemed to be working effectively for NeuN. 

The success of NeuN CITE-seq experiments might be related to the localization of the 

protein and well characterized antibody (Mullen et al. 1992). Even though NeuN is primarily 

an intranuclear protein bound to the nuclear matrix (Dent et al. 2010), it also localizes in the 

perinuclear cytoplasm (Mullen et al. 1992; Lind et al. 2005). This minor perinuclear 

cytoplasmatic protein localization might be enough to work in CITE-seq experiments, as it 

does in flow cytometry. However, the presence of MECP2 ADTs in the NULL sample and the 

total absence of IgG1 ADTs for both, NULL and WT, samples suggest that the anti-MECP2 

antibody is binding somewhere in the nucleus and not been carryover as free-floating 

ambient antibody.  

In general, for CITE-seq experiments, these pilot results highlighted the need of a 

knockout of the protein of interest as an important control sample for antibody testing. 

Additionally, flow cytometry results reflected the behavior of the ADT data, confirming the 

utility for CITE-seq testing. Regarding CITE-seq experimental design for protein comparison 

among samples, it might be better to use a technique such as cell/nucleus hashing to 

aggregate the nuclei/cells of all samples, keeping sample origin, and then perform the 

antibody staining on the pooled samples. As ADT data from each protein is normalized 

individually per sample, differences in antibody staining or technical variation during ADT 

library preparation and sequencing might impact the normalized protein abundance. ADTs 

from pooled samples undergoing the same staining and library preparation and sequencing, 

they can be normalized together eliminating the technical variance and reflecting only 

biological differences. 
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For the purposes of this thesis, the discrimination between MECP2-deficient and -

functional nuclei was performed using the SNP strategy. MECP2-LoxStop allele specific SNPs 

were captured from low input whole genome bisulfite-sequencing libraries from snRNA-seq 

leftover nuclei. Therefore, in Chapter 7, I describe the characterization of hippocampal Cre-

Mecp2LoxStop mice samples by snRNA-seq, their DNA methylation profiles, and the 

transcriptomic analysis of MECP2-functional and -deficient nuclei.  
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Chapter 7: Transcriptomic and DNA methylation profiling of a MECP2-

rescued Rett Syndrome mouse model 

7.1 Introduction 

In the results presented so far, the discrimination of MECP2-deficient and -functional 

nuclei was attempted by: (1) the transcriptional detection of the Neomycin-Stop cassette 

(Neo) within the Mecp2-LoxStop allele (see Chapter 4, Fig. 4.1), an approach which in snRNA-

seq data resulted in a very low detection rate even for NULL samples (0.3%); and (2) direct 

quantification of MECP2 protein per nucleus using CITE-seq, however, the antibody used was 

unspecific in flow cytometry and CITE-seq experiments resulting in similar results for NULL 

and WT samples. A third approach, applied and described in this chapter, is the use of SNPs 

specific to each of the Mecp2 alleles, which has been employed previously in a different Rett 

Syndrome mouse model characterized by snRNA-seq, identifying 10% of total nuclei or 22% 

of the excitatory nuclei from all samples (Renthal et al. 2018). In this Chapter, whole genome 

bisulfite-sequencing will be employed to detect allele specific SNPs and explore DNA 

methylation profiles and potential regulatory region disruption in hippocampal tissues from 

the Cre-Mecp2LoxStop mouse model. Additionally, transcriptomic and epigenetic features of 

Mecp2-mutant and rescued mice will be investigated in the context of Rett Syndrome 

etiology. 

7.2 Results 

7.2.1 Integration of hippocampal snRNA-seq libraries from a Rett Syndrome mouse 

model 

New hippocampal snRNA-seq samples were prepared from two biological replicates 

for each of the four conditions (RTT, Cre-Mecp2LoxStop/+; RES, Cre-Mecp2LoxStop/+ tamoxifen 

treated; WT, Cre-Mecp2+/+, and TAM, Cre-Mecp2+/+ tamoxifen treated). Hippocampi were 

chosen over other brain tissues based on their role in adult neurogenesis, memory, and 

learning processes (Eichenbaum 2004; Toda et al. 2019) and the impairments in these 

neurological functions reported in Rett Syndrome patients and Mecp2-mutant mice (Pelka et 

al. 2006; Berger-Sweeney 2011). These libraries were made with the 10x Genomics Single Cell 
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3’ v3.1 chemistry and sequenced to a minimum of 20% saturation. Although I aimed to 

recover 10,000 nuclei per sample, one dataset (TAM #1) presented with only half of the 

expected number of nuclei. Despite that, all samples had a median number of detected genes 

> 880 and none presented mitochondrial reads > 1% (Table 7.1). High-quality nuclei were 

defined by the presence of ≥ 500 unique genes in at least 10 nuclei, ≤ 4,000 UMIs, and 

mitochondrial and ribosomal content ≤ 1%. 

Table 7.1 Hippocampal snRNA-seq Libraries 

Sample 
(Lib ID) 

Raw Reads 
Sequencing 
Saturation 

Nuclei 
Genes 

Median 
Total UMIs 

% UMI in 
Mitochondrial 

Genes 

High-quality Nuclei 

Nuclei 
Genes 

Median 
Total UMIs 

RTT #1 
(RL2156) 

193,233,489 
(100%) 

25.9% 10,486 
1,078 

 
34,779,138 

(18%) 
0.14 

9,985 
 

1,083 
 

31,775,065 
(16.4%) 

RTT #2 
(RL2161) 

187,626,616 
(100%) 

27.2% 10,027 
969 

 
29,733,460 

(15.8%) 
0.10 

9,804 
 

968 
28,251,731 

(15%) 
RES #1 

(RL2153 
196,252,478 

(100%) 
21.4% 9,150 

1,321 
 

33,522,325 
(17.1%) 

0.12 
8,874 

 
1,325 

31,436,930 
(16%) 

RES #2 
(RL2162) 

150,218,687 
(100%) 

22.5% 10,054 
1,088 

 
27,818,183 

(18.5%) 
0.11 

9,870 
 

1,108 
27,236,503 

(18.1%) 
WT #1 

(RL2155) 
226,398,136(

100%) 
27.7% 9,981 

1,365 
 

40,404,154 
(17.8%) 

0.19 9,382 1,400 
36,850,854 

(16.3%) 
WT #2 

(RL2163) 
136,460,480 

(100%) 
21.5% 12,629 

850 
 

26,428,134 
(19.4%) 

0.25 11,936 880 
25,471,924 

(18.7%) 
TAM #1 
(RL2154) 

172,814,143 
(100%) 

23.5% 5,987 
2,027 

 
34,498,834 

(20%) 
0.18 

5,566 
 

2,000 
29,227,555 

(16.9%) 
TAM #2 
(RL2164) 

116,337,938 
(100%) 

22.1% 8,470 
1,118 

 
21,142,367 

(18.2%) 
0.10 

8,366 
 

1,122 
20,932,028 

(18%) 

 

 The main source of variation among these datasets was technical (Fig. 7.1A). 

Differences among sample embedding values were smaller between conditions (Fig. 7.1B) 

than between replicate batches (Fig. 7.1C). The batch effect was corrected and integrated 

using Harmony (3,000 variable genes, 50 PCs and sample as covariate) (Fig. 7.1E).  
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Figure 7.1 Data integration. In the PCA plots (top row), each dot corresponds to a single nucleus, which are colour-coded by 
sample: RES #1, light yellow; RES #2, dark yellow; RTT #1, dark red; RTT #2, bright red; TAM #1, light blue; TAM #2, dark blue; 
WT #1, dark green; WT #2, light green. Violin plots (bottom row) have the same colour pattern as in the PCA plots. Batches 
(#1 and #2) are indicated by the number after the hashtag. One sample/library of each condition was processed in each 
batch. (A) PCA plot of non-integrated samples. Even though there is a co-localization pattern on the nuclei PC embeddings, 
they are sparse among samples. This is further explored on the violin plots, where the main differences in the embedding 
distributions are between batches and not conditions. (B) PCA plots of harmony integrated PC 1 (harmony 1) and 2 (harmony 
2) demonstrated that the condition-corrected embeddings had a minimum effect on the variance among samples. However, 
the batch-corrected (C) embeddings showed a better aggregation, appreciated on the distribution of the embedding values 
of harmony 1. (D) Integration over both covariates (batch and condition) resulted in a slight improvement on the nuclei 
aggregation compared to batch only correction. However, there was a remaining variance between batches more visible on 
the violin plots of harmony 1 (i.e. RES #1 and RES#2, and WT #1 and WT #2). Harmony embedding correction using sample 
origin as covariate showed the best integration (E), aligning the distribution of each sample embedding values. This suggested 
the presence of an individual sample variance being greater than the condition effect. Even though D and E should be the 
same, the difference between them relies on how Harmony treats the covariates. For D, Harmony corrects for the first 
covariate and then passes to the second one, instead of doing them at the same time, which happens in E. 

The integrated data produced 47 distinct clusters that corresponded to specific cell 

types. Of these clusters, 39 were neuronal (18 excitatory and 18 inhibitory neuron subtypes, 

1 neuronal precursor cells, and 2 neuroblast-like) and 8 glial (oligodendrocytes subtypes, 

microglia, vascular cells, astrocytes, and oligodendrocyte precursor cells) (Fig. 7.2A). There 

were two clusters (UnknownL, #15, and UnknownH, #22, Fig. 7.2A) that, apart from Rbfox3 

and Snap25, had no other evident gene markers in comparison to the rest of the dataset. The 

only difference between these two clusters was the high expression of Rbfox3 in one of them. 

However, they did not express any other neuronal marker, and their gene and UMI content 

was similar to the one exhibited by glial nuclei (Fig. 7.2B, C). Based on these characteristics, 

these clusters were labelled as unknown low (UnknownL, #15) and unknown high (UnknowH, 

#22), referring to the expression of Rbfox3, and classified as neuroblast-like nuclei. 
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Figure 7.2 Cluster composition by condition. (A) UMAP representation of the 47 clusters/cell-types identified in the 
aggregated data from all conditions and replicates. Clusters are colour- and number- coded. Total number of nuclei in the 
dataset is indicated on the top left. Violin plots of the number of (B) UMIs and (C) genes per cluster. Clusters are coloured 
and numbered as in the UMAP plot. The y-axis is in logarithm scale. (D) Cluster composition by sample. Clusters are identified 
by their numbers on the x-axis. (E) Sample composition per general cell-types: glial cells (yellow), excitatory (green), and 
inhibitory (orange) neurons. (F) UMAP plot displaying the distribution of the general cell-types. (G) UMAP plots highlighting 
condition-specific nuclei (Rescue, yellow; RTT, red; Tamoxifen, blue; WT, green) from the rest (gray) of the dataset. Total 
number of nuclei per condition is shown on the right of its corresponding UMAP. Cell-type labels in panel (A) stand for: 
AxoAxonic, axo-axonic inhibitory neurons from the hippocampus/cortex; BasketBis, inhibitory neurons from the 
cortex/hippocampus; CA1, CA3 and posCA1, excitatory neurons from hippocampal CA1, CA3 and posterior CA1, respectively; 
ChoExcThal, cholinergic excitatory neurons from the thalamus; ChoInhStr, cholinergic inhibitory neurons from the striatum; 
CtxPyrPir, excitatory cortical pyramidal neurons; CtxPyrL2/3, CtxPyrL4, CtxPyrL5, CtxPyrL6, and CtxPyrL6b, excitatory 
pyramidal neurons from cortical layers 2/3, 4, 5, 6, and 6b, respectively; LCtxL6, excitatory neurons from lateral cortical layer 
6; D1MSN, D2MSN, pMSN and mtxMSN, D1, D2, patch D1/D2 and matrix, individually, medium spiny neurons; ExcEnt, 
ExtInfcol, ExcSbc and ExcThal, excitatory neurons form the entorhinal cortex, inferior colliculus, subiculum and thalamus, 
respectively; ImGnlN and MtGnlN, immature and mature granule neurons from the dentate gyrus; ImCtxPyr, immature 
excitatory cortical pyramidal neurons; ImInhHab and ImInhHind, immature inhibitory neurons from the habenula and 
hindbrain, respectively; ImInhPitx2, immature inhibitory neurons expressing Pitx2; Interneurons, inhibitory interneurons 
from the hippocampus; InhHind, InhPld and InhThal, inhibitory neurons from the hindbrain, pallidum and thalamus, 
respectively; oMicroglia, microglia displaying oligodendrocyte markers; Neuglf, inhibitory neurogliaform neurons from the 
hippocampus/cortex; NeuHyp, inhibitory neurons from the hypothalamus; NPCsFB, neuronal precursor cell-like from the 
forebrain; mfODCs, nODCS, and ODCs, myelin forming, newly formed and mature, accordingly, oligodendrocytes; OPCs, 
oligodendrocytes precursor cells; ProjInterN, inhibitory projection interneurons from the cortex/hippocampus; UnknownH 
and UnknownL, unknown cell with high and low expression of Rbfox3; and VLMCs, vascular leptomeningeal cells. 
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The cell type composition of the conditions was unexpectedly heterogeneous (Fig. 

7.2D). A clear outlier was the TAM condition, which was mainly enriched in excitatory neurons 

(65% of TAM nuclei) and depleted in inhibitory (5% of TAM nuclei) neurons (Fig. 7.2E). 

Additionally, unlike the other conditions that were composed of 45-56% of glial cells, only 

30% of nuclei in the TAM samples were glial (Fig7.2 E). This composition bias in the TAM 

condition, occurred in both TAM replicates (Fig. 7.2 D), despite their difference in number of 

nuclei and genes detected per nucleus in each TAM sample (Table 7.1). The RES samples, 

which were also injected with tamoxifen, do not display these large skewed cell-type 

proportions. However, they do have more excitatory neurons (28% of RES nuclei) in 

comparison to the WT and RTT conditions (18% of WT nuclei and 12% RTT nuclei) (Fig. 7.2E). 

For each cluster, it is expected that approximately 25% of nuclei come from each 

condition (Fig7.2 D). However, there was substantial variation in the composition of most 

clusters. TAM nuclei were found in significantly higher proportions than would be expected 

for several clusters, including: immature (cluster #16) and mature (cluster #8) granule 

neurons from the dentate gyrus (79.8% and 77.3%, respectively); hippocampal CA1 (cluster 

#18), posterior CA1 (cluster #31) and CA3 (cluster #30) excitatory neurons (80.4%, 53% and 

84.6%, respectively); cortical pyramidal piriform neurons (cluster #19, 69.8%); and excitatory 

neurons from the entorhinal cortex (cluster #43, 71.6%) and subiculum (cluster #34, 47.5%). 

In contrast, the WT condition was the primary contributing sample to any striatal medium 

spiny neurons (D1, cluster #5, 68.8%; D2, cluster #6, 72.19%; matrix D1, cluster #39, 77.3%; 

and patch D1/D2, cluster #20, 55%) and almost the only constituent of the neural precursor 

cells-like of the forebrain (cluster #41, 95.3%). The RTT condition dominated the clusters of 

inhibitory neurons from the pallidum (cluster #35, 62.4%), hypothalamus (cluster #13, 57.8%), 

thalamus (cluster #26, 49.2%) and general hindbrain (cluster #3, 54.3%). Unexpectedly, 98.5% 

of cluster #33 is RTT nuclei, and this cluster displayed genes enriched in excitatory neurons 

from the inferior colliculus (Tcf7l2, Lhx9, Tfap2d, and Ndst4) (Fig. 7.3), in accordance with the 

gene markers found for this region in the Mouse Brain Atlas (Zeisel et al. 2018). However, it 

is composed of only one RTT (RTT #1) sample. Two other clusters of immature inhibitory 

neurons, expressing Pitx2 (cluster #40) and from the midbrain (cluster #44), were composed 

of 62.5% and 48.6%, respectively, of RTT nuclei (Fig. 7.3). A cluster of cholinergic excitatory 

neurons from the thalamus (cluster #47) contained only RTT (46.3%) and RES (53.7%) nuclei. 

Indeed, RES nuclei were exclusively enriched in clusters coming from the thalamus region, 
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including thalamic excitatory neurons (cluster #11, 56.5%) and immature neurons from the 

habenula (cluster #46, 46.9%). 

 

Figure 7.3 Cluster gene markers. Violin plots displaying the normalized expression of gene markers (x-axis) associated to the 
identification of each cluster (y-axis). Clusters are grouped by their general cell-type indicated by colour boxes (yellow, glia; 
green excitatory neuron; inhibitory neurons). Red arrows on the right y-axis point to immature neuronal markers. Pan-
neuronal gene markers (Rbfox3 and Snap25) are displayed to split glia cells from neurons. Cluster #41, NPCsFB, expresses 
Ano1, which is present in intermediate neuronal precursors cells, and seems to be GABAergic committed precursors, by their 
expression of Gad1 and Gad2. Additionally, cluster #41 has low levels of Dcx, a common marker of immature neurons. As 
described above, clusters #22 and #15, UnknownH and UnknownL, present no other markers except for the expression of 
the pan-neuronal genes. 

The enrichment of cell-types per condition appeared to show clear composition 

differences, with being TAM samples biased towards hippocampal, WT towards striatal, RTT 

towards a mixture of hindbrain and midbrain, and RES towards thalamic. This composition by 

condition suggests a potential technical issue at the dissection of the hippocampal samples. 

However, there are two biological replicates per condition, each replicate coming from a 
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different litter. Each litter was processed at different times during dissection and library 

preparation. A possible technical explanation for the composition similarity between 

replicates and high variance between conditions is that I might have prepared snRNA-seq 

libraries from different sections of the hippocampus, as almost all other non-hippocampal 

enriched regions are surrounding or in contact with the hippocampus. As input, I used all of 

the hippocampal tissues I received from our collaborators. However, other experiments may 

have been performed with subsets of these dissected hippocampal tissues. Therefore, it is 

possible that the tissue samples had been unintentionally differently used among conditions, 

leaving somewhat distinct remaining sections used for the snRNA-seq here. 

7.2.2 Differential expression analysis between conditions reveal different levels of  

To fairly compare the specific cell-types identified, I only analyzed clusters in which at 

least 20 nuclei were present from each replicate per condition. Only 14 clusters (mfODCs, 

nODCs, InhHind, ODCs, CtxPyrL2/3, CtxPyrL6b, Astrocytes, Microglia, UnknownL, OPCs, 

ProjInterN, UnkownH, BaskBisC and InterN) satisfied this threshold for all conditions. 

However, 19 more clusters (D1MSN, D2MSN, MtGnlN, ExcThal, NeuHyp, CtxPyrL4, ImGnlN, 

CA1, pDMSN, ProjInterN, InhThal, AxoAxonic, InhPld, oMicroglia, VLMCs, Neuglf, CtxPyrPir, 

CtxPyrL6, CtxPyrL5 and posCA1) passed this requirement in at least two conditions, from 

which interesting pairwise comparisons (RTT vs. WT, RTT vs. RES, RES vs. WT, RES vs. TAM, 

TAM vs. WT) were performed. Therefore, these 19 clusters were also added to the differential 

expression (DE) comparisons when the conditions allowed. The 14 clusters that were left out 

consisted of only one sample, one condition, or did not have enough nuclei from both samples 

for the pairwise comparison. 

Pairwise comparisons between conditions (RTT vs. WT, RTT vs. RES, RES vs. WT, RES 

vs. TAM, TAM vs. WT) within each of the 33 clusters, when possible, were performed. All 

significant differentially expressed genes (DEGs; adjusted p. value by Wilcoxon Rank Sum test 

with cutoff ≤ 0.01, Seurat package; on genes detected in 50% of the nuclei of groups tested) 

were split by the directionality of the transcriptional change within each of the cell types (Fig. 

7.4, rows). The total number of unique DEGs per condition comparison was lower than the 

sum of the directional unique DEGs, indicating that the expression change of genes can occur 

in opposite directions depending on the cell type tested (Fig. 7.4). An example of this was the 

Brinp3 gene, which was upregulated in astrocytes and downregulated in ExcThal neurons in 
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RTT vs. WT DEG. Intriguingly, Brinp3 expression is known to be enhanced in neural stem cells 

and neurons, but it is not expressed in astrocytes (Terashima et al. 2010). Given that the Brinp 

family of genes are involved in neurogenesis and neuronal differentiation (Kobayashi et al. 

2014), the dysregulation of Brinp3 in RTT neurons might indicate impairments in neuronal 

differentiation and maturation. Moreover, most of the DEGs were found in neuronal clusters, 

specifically in excitatory neurons, with the clusters with more DEGs (being, in descending 

order, ExcThal, CtxPyrL2/3, MtGnlN, ImGnlN, and CA1) (Fig. 7.4), which agreed with previous 

studies pointing to excitatory neurons as the main contributors to Rett Syndrome etiology 

(Nelson et al. 2006; Zhang et al. 2014). Astrocytes, on the other hand, was the glial cell type 

with the largest number of DEG in all comparisons. Interestingly, astrocytes regulate synapsis 

by secreting neurotransmitters (Seifert et al. 2006), and glutamate metabolism alterations 

have been found in MECP2-deficient astrocytes (Okabe et al. 2012), in addition to their 

involvement in Rett Syndrome disease progression (Lioy et al. 2011). 

All comparisons that include the RTT or RES condition generated more than 530 DEGs. 

In contrast, the differential expression between TAM and WT resulted in 295 DEGs. These 295 

genes represented the effect of tamoxifen on the brain and might also reflect transcriptional 

variance between mouse samples. However, removing these 295 DEGs from any other 

condition comparison could potentially eliminate RTT or RES transcriptional effects in the 

brain. Instead, to detect tamoxifen-related dysregulated genes, common genes changing into 

the same direction (up or down) in the TAM samples when comparing RES vs. TAM and TAM 

vs. WT conditions were identified (set D, Fig. 7.4). Then, DEGs sharing the same directional 

change in all comparisons against the WT condition were used to define genes that reflected 

WT specific variation and the basal transcriptomic variance in these mouse samples (set E, 

Fig. 7.4). The combination of tamoxifen-related dysregulated genes (n=118) and basal 

variation (n=53) DEGs generated a total of 154 unique genes that were removed from the 

other DEG lists (blacklisted), resulting in a total of 847 unique dysregulated genes over all 

comparisons (Fig. 7.4, genes in blue). Most (92%) of these filtered DEGs are protein coding 

genes, which is expected from the polyA-based mRNA capture snRNA-seq method (Fig. 7.5B). 

There was no obvious preference for gene length or CG% content in gene bodies in 

upregulated or downregulated genes (Fig. 7.5C, D). 
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Figure 7.4 Design of the differential expression comparisons. The upset plot indicates the conditions compared (y-axis on 
the right) and the intersection of DEGs sets among them. Rows and columns are further split by the directionality of the 
transcription change (up- or down-regulated, indicated by arrows). Multi-colored bars display the number of DEGs per 
condition compared within each cell type (bars are colour-coded as in Fig. 7.2A per cell type). The name of the cell type with 
the highest number of DEGs per condition compared is indicated next to its respective bar. The total number of up- and 
down-regulated DEGs per condition (Total DEGs, indicating in black, are the count of unique genes) is represented by gray 
bar plots. The total number of up- and down-regulated DEGs per condition after filtering out blacklisted genes (number of 
blacklisted DEGs in red) is displayed by blue bars (Filtered total DEGs, indicated in blue, are the count of unique genes). The 
total number of specific (only present in that given group) genes per comparison and set are indicated in orange. 

Specific DEGs from each comparison (Fig. 7.4, comparison-specific DEGs, numbers in 

orange per row) were identified to evaluate their unique contribution to the condition 

transcriptional profile. DEGs that were present in all (common DEG, n=39) or in 3 to 4 (shared 

DEG, n=279) condition comparisons (Fig. 7.5A, B) were identified and removed from 

condition overlapping sets of DEGs (Fig. 7.4 set-specific DEGs, numbers in orange per column). 

Blacklisted DEGs were also included in the downstream analysis as a negative control gene 

set for specific Rett Syndrome DEG. 
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Figure 7.5 Cell type-specific condition comparisons. Bar plots of the directionality of the transcriptional change (A) and 
biological type of gene (B) per filtered group-specific DEGs, and shared (overlapping genes in 2 to 3 condition comparisons 
regardless of directionality), common (present in all comparisons), and blacklisted DEGs. Violin plots of the gene length (C) 
and GC% (D) distribution per DEG list. 

The specific (unique genes) RTT dysregulated transcriptional profile was obtained 

from the RTT vs. WT condition comparison (RTT DEG, n= 77). In addition, the RTT condition 

was compared to RES, assuming that the rescue of MECP2 in RES produced a WT-like 

condition, generating 75 specific DEGs (RTTRES DEG). To assess if the RES condition behaves 

as a WT when compared to RTT, directional shared DEGs per cell type were identified 

between these two comparisons (set A, n=50). Therefore, set A DEGs represented the genes 

that were dysregulated in RTT compared to WT in a certain direction (up or down) per 

corresponding cell type and that were also differentially expressed when RTT was compared 

to RES, but not differentially expressed in RES compared to WT, suggesting that the set A 

genes in RES were restored to WT levels per cell type. Gene ontology (GO) enrichment analysis 

on these individual three sets of DEGs (RTT , RTTRES, and set A) found that the RTT DEGs were 

mainly involved in the following biological functions: “plasma membrane bounded cell 

projection organization”, “cell surface receptor signaling pathway”, “positive regulation of 

protein localization to centrosome”, “nervous system development”, “neuron 

differentiation” and “locomotion” (Fig. 7.6A). In contrast, RTTRES and Set A had no significant 
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enrichment in biological functions but they were highly enriched in dendritic GO terms when 

cellular compartment categories were assessed (Fig. 7.6B). While RTT DEGs resulted in 

enriched cellular compartment categories of “plasma membrane bounded cell projection 

organization” and “synapse”, suggesting axons and dendrites. Moreover, RTT DEGs were 

enriched in “protein kinase activity” molecular function terms (Fig. 7.6C), while RTTRES DEGs 

were in “calmodulin binding”. Interestingly, protein kinases are master regulators of 

axodendritic development (Buchser et al. 2010; Bennison et al. 2020), and RTT DEGs include 

3 key players (Cdc42bpa, Gsk3b, and APC) in the signaling pathways regulated by 

Pl3k/Akt/mTOR that promote neuritogenesis (the process that initiates neuronal 

morphogenesis for axon and dendritic formation). The expression patterns of Cdc42bpa 

(upregulated in RTT), APC (upregulated in RTT), and Gsk3b (downregulated in RTT) reflected 

an active neuritogenesis process, which is a feature of immature neurons, only in RTT nuclei 

(Buchser et al. 2010; Bennison et al. 2020). On the other hand, the calmodulin binding term 

enriched in RTTRES DEGs, included the genes: Map6 (downregulated in RTT vs. RES) whose 

knockdown produced up to 24% reduction in brain volume due to deficits in axon growth 

(Deloulme et al. 2015), similar to the 25% brain volume reduction reported in Rett Syndrome 

patients (Carter et al. 2008); and Rit2 (downregulated in RTT vs. RES) an associated gene with 

neurological disorders, including autism, and neuronal differentiation and survival 

(Daneshmandpour et al. 2018). Furthermore, some of the dendritic-enriched genes in set A 

(“Restored RTT genes”) included: Frmpd4 (downregulated in RTT), whose deletion causes 

spatial learning and memory impairments following a decrease in the density of dendritic 

spines in glutamatergic neurons (Piard et al. 2018); and Dgki (upregulated in RTT) that 

enhances the retrieval of synaptic vesicles at excitatory synapses during periods of elevated 

neuronal activity (Goldschmidt et al. 2016). All these results suggested that dendritic defects 

seen in RTT neurons were restored in RES by regulation of calmodulin binding and synaptic 

transmission processes. Additionally, approximately a quarter (102 of the 414) of the total 

dysregulated genes in RTT vs. WT comparison were restored in RES to WT expression levels. 
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Figure 7.6 Top 5 enriched GO terms in DEG lists. 

To identify genes in RES that still exhibited the dysregulation displayed in RTT, shared 

DEGs between the RTT vs. WT and RES vs. WT comparisons in the same cell types and 

directionality were picked (set B, “Persistent RTT genes”, n= 101). The RES vs. WT comparison 

was used as an alternative to RES vs. TAM in order to overcome a possible bias from the 

distinct cell types seen among conditions where TAM was the most different in brain regions 

composition. Additionally, as all tamoxifen-related genes (set D) were filtered out from every 
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DEGs list, only genes relevant to the rescue of Mecp2 were expected. Set B has an enrichment 

in “anterograde trans-synaptic signaling”, “cell morphogenesis” and “synapse assembly” 

biological function GO terms (Fig. 7.6A). The enriched cellular components terms in set B were 

“synapse”, “synaptic membrane” and “cell junction”; while the molecular function terms 

were “protein domain specific binding”, “gamma-catenin binding”, “glutamate receptor 

binding”, and “signaling receptor binding” (Fig. 7.6B). Among the genes in set B, some 

interesting examples were: Gria3 (upregulated in RTT and RES), which allows cAMP-driven 

potentiation through activation of protein kinase A (Pka) and the GTPase Ras (Renner et al. 

2017); Stxbp5 (downregulated in RTT and RES) that inhibits the small RhoA GTPase activity to 

maintain dendritic morphology and expression of AMPA receptors (Shen et al. 2020); Shank2 

(upregulated in RTT and RES), which is involved in synapse formation and dendrite 

morphogenesis, while its loss of function is associated with autism spectrum disorders 

(Zaslaysky et al. 2019); and Mef2c (downregulated in RTT and RES) that balances excitatory 

and inhibitory synapses and its knockout produces autism-like symptoms (Harrington et al. 

2016). Set B genes might represent the genes that take longer to stabilize or that will remain 

altered even after a successful MECP2 rescue. These genes might need to be addressed 

individually, if some RTT symptoms (i.e. learning and memory impairment) persist. As the 

mouse brain samples were collected after most of the RTT phenotypes disappeared (RTT 

score 0), it is possible that even if physical and visible characteristics are rescued, the 

respective neurological trait could still be present. 

To explore more deeply the impact of the rescue of MECP2 at the transcriptomic 

levels, RES samples were compared against WT (RESW DEG, n=55) and TAM (REST DEG, 

n=120) conditions. Additionally, shared DEGs between these two comparisons were detected 

per cell type and direction (set C, n=41). GO analysis on the three DEG lists (RESW, REST, and 

set C) resulted in an enrichment in the “anterograde trans-synaptic signaling” biological 

function term, despite the input genes being different. Only the REST DEGs had the “protein 

localization to membrane” term, and it shared the “nervous system development” category 

with set C (Fig. 7.6A). In cellular component terms, the set C was enriched in for “dendrites”, 

while it shared the “synapse” category with RESW and REST DEGs (Fig. 7.6B). In addition, 

RESW DEGs were also enriched in “postsynaptic specialization” and REST DEG in the 

“postsynapse” term. When molecular function terms were assessed, 10 of the REST DEGs 

were found in “GTPase regulator activity” (Tbc1D1, Ralgapa2, Srgap2, Nrp1, Rasgrp1, 
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Arhgap12, Acap2, Agap1 and Rapgef2), and 3 in the “GABA-chloride ion channel activity” 

(Gabrg2, Gabra4, and Gabra5) (Fig. 7.6C). Remarkably, knockdown of Gabra5 

(downregulated in RES vs. TAM) improved learning and memory through the enhancement 

of long-term potentiation. Additionally, Srgap2 (upregulated in RES vs. TAM) regulates the 

development of excitatory and inhibitory synapsis, preserving the excitation/inhibition 

equilibrium (Fossati et al. 2016). In the case of set C DEGs, 5 (Grik4, Kcnd3, Slc8a1, Slc8a3 and 

Kcnip3) of them are part of the “monovalent inorganic cation transmembrane transporter 

activity” molecular function category. Interestingly, studies on Kcnd3 (upregulated in set C) 

associate its downregulation with hyperexcitability (Kim et al. 2002; Noh et al. 2019). Overall, 

these DEGs highlighted genes that might counteract and balance the hyperexcitation seen in 

RTT neurons. Moreover, these genes might enhance the impaired learning and memory 

processes described in RTT patients and mouse models. 

Finally, when KEGG pathways were assessed for gene enrichment, most of the DEGs 

fall in the same top functional categories: “axon guidance”, “glutamatergic synapse”, and 

“calcium signaling pathway” (Fig. 7.6D). Overall, most of the DEGs detected in RTT and RES 

conditions were involved in dendritic/axon morphogenesis, excitatory synapse regulation, 

and calcium influx, indicating a primary alteration of these functions in RTT brains. Blacklisted, 

common, and shared DEGs were enriched only in general neurological processes like “nervous 

system development”, “neurogenesis”, and “neuron differentiation”. These results suggest 

that the strategy of only using specific genes can identify relevant biological signals of the 

evaluated group (sets and comparisons). 

7.2.3 Parallel alteration of gene expression and DNA methylation in RTT and RES samples 

Once the transcriptomic changes in RTT and RES samples were established, DNA 

methylation (DNAme) profiles were generated in both samples. Hippocampal neuronal 

(NeuN+ nuclei) bulk methylomes were made from surplus nuclei from those isolated for 

preparation of snRNA-seq libraries. Only the first replicate per condition was used for 

methylome generation (n=4). To reflect brain region diversity and to diminish the tissue and 

condition variation found in hippocampal samples by snRNA-seq, cortical neuronal nuclei 

from the same animals were included to generate additional methylomes (n=4). Methylomes 

were produced using the optimized whole genome bisulfite sequencing (WGBS) protocol 
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developed for low input samples in Chapter 4, section 4.4. All WGBS libraries had non-

conversion rates ≤ 0.5% and coverage higher than 8x (Table 7.2). 

Table 7.2 WGBS libraries mapping and quality metrics 

Sample 
(Lib ID) 

Raw Reads 
Mapped 

Reads 
Dedup 
Reads 

Coverage 
Global Methylation in (%) Non-conversion Rate (%) 

CA CC CG CT CA CC CG CT 

NULL Hpc 
(RL1233) 

620,901,957 
(100%) 

70.9% 56.9% 
12.1x 

 
4.3 0.4 80.3 1.4 

0.5 
 

0.3 
0.3 

 
0.3 

RTT Hpc 
(RL1234) 

411,936,408 
(100%) 

70.3% 59.6% 
8.6x 

 
3.8 0.4 78.9 1.2 

0.5 
 

0.3 
0.3 

 
0.3 

RTT Ctx 
(RL1235) 

385,208,572 
(100%) 

67.4% 61.5% 
9x 

 
4.6 0.4 79.9 1.5 

0.5 
 

0.3 
0.3 

 
0.3 

WT Hpc 
(RL1236) 

399,497,206 
(100%) 

69.8% 62.2% 
8.6x 

 
6.2 0.5 84.4 1.9 

0.5 
 

0.3 
0.3 

 
0.3 

WT Ctx 
(RL1237) 

480,505,631 
(100%) 

68.8% 60.7% 
10.7x 

 
4.5 0.4 80 1.4 

0.5 
 

0.3 
0.3 

 
0.3 

RES Hpc 
(RL1238) 

503,685,893 
(100%) 

70.3% 63.2% 
11.3x 

 
7.5 0.5 83.9 2.4 

0.5 
 

0.3 
0.3 

 
0.3 

RES Ctx 
(RL1239) 

636,843,168 
(100%) 

64.4% 53.9% 
11.6x 

 
4.2 0.4 81.1 1.3 

0.5 
 

0.3 
0.3 

 
0.3 

TAM Hpc 
(RL1240) 

644,071,909 
(100%) 

58% 41% 
9.3x 

 
3 0.4 81.4 1 

0.5 
 

0.3 
0.4 

 
0.3 

TAM Ctx 
(RL1241) 

465,804,638 
(100%) 

68.8% 59.6% 
10.3x 

 
4.2 0.4 78.2 1.4 

0.5 
 

0.3 
0.3 

 
0.3 

 

To explore cell type composition of the methylomes, they were compared to well 

characterized DNAme profiles from neuronal and glial populations (Lister et al. 2013; Mo et 

al. 2015), as in Chapter 4 (Fig. 4.4A, B). Methylation levels of each sample were calculated for 

each of the specific cell type differential methylated regions (sctDMRs, n=72,586), 

determined by comparing the reference methylomes against each other. Only sctDMRs 

showing high variance (standard deviation differences ≥ 0.2, n=41,280) among all samples 

were used for cell-type assessment. Cortical samples exhibited a similar cell type profile to 

one another and were primarily similar to previously profiled excitatory neurons (Fig. 7.7A). 

In contrast, in the sctDMRs, the hippocampal methylomes displayed methylation levels 

comparable to inhibitory and glial cells (NeuN- and Glia samples). Moreover, the hippocampal 

samples appeared to have different cell-type compositions based on this analysis: RTT and 

TAM seemed to be a mix of excitatory and inhibitory neurons (at different ratios), while WT 

and RES primarily looked like inhibitory neurons (Fig. 7.7A). To discard glial contamination in 

these samples, methylation levels in the CA context (mCA, neuronal specific methylation) 

within the same 41,280 sctDMRs were evaluated (Fig. 7.7B). All cortical and hippocampal 

samples presented mCA levels corresponding either to inhibitory or excitatory neurons. 

Unexpectedly, the RTT and TAM hippocampal samples displayed excitatory mCA profiles at 

these sctDMRs that were more similar to excitatory neurons, while RES and WT had a unique 
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hypermethylated profile at these regions (Fig. 7.7B). All reference methylomes were made 

from cortical tissues, therefore, it is possible that the difference in methylation of 

hippocampal samples is related to the brain region used as input. However, methylation 

levels within the sctDMRs were appeared to be more variable between the hippocampal 

samples. 

These results agreed with the snRNA-seq data, which detected brain region and cell 

type variation among conditions (TAM, hippocampal enriched; WT, striatal enriched; RES, 

thalamic enriched; and RTT, mid- and hind-brain enriched). In contrast to the snRNA-seq data, 

where the subsetting of the datasets based on cell type can avoid composition biases, these 

variable bulk methylomes cannot be used for DMR analysis between conditions, as regions 

related to sample cell type composition (including these sctDMRs), and not condition-based, 

may be detected and confound the analysis. Therefore, DMRs between conditions were only 

identified in cortical samples, for further analysis. 

 

Figure 7.7 Methylation levels at sctDMRs in CG and CA contexts. 

Interestingly, promoter regions had more DMRs than exons in any sample 

comparison, which might reflect a direct regulatory effect on the expression of the adjacent 

gene (Fig. 7.8A). Additionally, there was no obvious bias in the chromosomal location of DMRs 

(Fig. 7.8B). In general, tamoxifen treated samples (RES and TAM) showed a larger number of 

DMRs (> 9,000) when compared to non-treated (RTT and WT) samples (Fig. 7.8A). Specifically, 

the TAM sample was hypomethylated in comparison to the rest of the samples. Even though 



   
 

   
 

125 

hypomethylation has been observed in non-neural tissues as part of the toxicity seen in 

tamoxifen treated animals (Tryndyak et al. 2006), no changes in DNA methylation or gene 

expression have been found in female or male mouse brains by tamoxifen induction of Cre 

(Chucair-Elliott et al. 2019). RES vs. TAM DMRs had 1,519 DMRs (18.3% of total DMRs) shared 

with TAM vs. WT, in contrast with the 1,703 overlapping DMRs (18.1% of total DMRs) in RES 

vs. WT DMRs. However, only 1,053 DMRs were shared in between RES comparisons to control 

samples (WT and TAM). To diminish the tamoxifen signals in the RES methylomes, for 

downstream analysis the RES vs. TAM DMRs were used to explore MECP2 rescue effects. 

 

Figure 7.8 Genomic context of DMRs. (A) Bar plots displaying the number of DMRs per genomic region overlapped. Each 
graph displays one comparison between two conditions. DMRs are split by methylation state (hyper or hypo, colour-coded). 
(B) Number of DMRs per chromosome for each comparison (color-coded). 

To assess whether the DMRs are associated with any of the biological functions found 

in the snRNA-seq datasets, GO enrichment analysis was performed on the genes associated 

with RTT DMRs (RTT vs. WT), RES DMRs (RES vs. RTT), and TAM DMRs (RES vs. TAM), as 

determined using the GREAT tool as previously. Interestingly, the most common biological 

functions (i.e. “cell projection organization”, “postsynaptic organization”, and “axogenesis”) 
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in snRNA-seq were enriched, and RTT DMRs also overlapped genes that were found in the 

“locomotion behavior” term, as RTT DEGs uniquely did (Fig. 7.9). RTT DMRs found in RTT DEG 

include: Strn, a calmodulin-binding protein, which when downregulated impairs locomotory 

activity (Bartoli et al. 1999), is downregulated and hypermethylated in RTT. RES DMRs 

presented a unique enrichment in the “cognition” term (Fig. 7.9), which included the genes: 

Mef2c, found previously downregulated and hypermethylated in RTT and RES; Foxp2, which 

when lost produces linguistic impairments (Devanna et al. 2014), is upregulated and 

hypomethylated in RES and RTT (set B DEG); and Shank2, described earlier as upregulated in 

RTT and RES presents hypo- and hyper-methylated DMRs in its intronic regions. Even though 

only one methylome replicate per condition was used, the agreement between expression 

and methylation data supports the involvement of certain identified genes and biological 

processes being involved in Rett Syndrome pathology. RTT DMRs were found in promoters of 

genes known to be dysregulated in RTT, including the Apc and Rasgrp1 genes, and 48 others. 

Furthermore, RES DMRs overlapped 50 DEGs in RES or RES and RTT samples, including: Auts2 

implicated in autism and neurodevelopmental disorders (Oksenberg and Ahituv 2013), which 

has been found to be dysregulated in MECP2-deficient neuronal tissues (Ben-Shachar et al. 

2009). 
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Figure 7.9 Top 10 Biological Function terms from GO enrichment analysis of genes overlapped by DMRs. 

Given that MECP2 repression activity depends on the number of MECP2 molecules 

binding the gene bodies of its targets, which in turns correlates to the number of available 

binding sites (methylated cytosines, specifically in CA context) (Gabel et al. 2015; Kinde et al. 

2015; Kinde et al. 2016; Nott et al. 2016), gene length and methylation levels were evaluated 

depending on the directionality of the transcriptional change. No tendency based on gene 

length was seen towards any direction, with the median gene length 211.1 kb in up- and 155.5 

kb in down-regulated genes (Fig. 7.10A). However, almost all gene bodies of DEGs (81%) were 

longer than ≥ 100 kb, which is a generally utilized length to distinguish long from short genes. 

Neuronal genes tend to be longer than genes of other tissues (Gabel et al. 2015). The genes 

with the lowest CG methylation in gene bodies (mCA ≤ 0.04) were either down-regulated or 

in the “both” classification, meaning that depending on the cell type and condition, the gene 

will be up- or down-regulated. The median gene length in the “both” classification was 406 

kb, but it is mainly composed of DEGs in the common and blacklisted groups (Fig. 7.5A), 
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discarding a dysregulation due to MECP2-deficiency. mCA in the gene bodies of the DEGs 

ranged from 0 to 0.12 (methylation levels range from 0 to 1) (Fig. 7.10A), displaying a high 

methylation (mCA ≥ 0.04) upregulated genes in RTT (mCA median 0.04), set A (mCA median 

0.045), set B (mCA median 0.048) and set C (mCA median 0.041), but not in upregulated RES 

(mCA median 0.028), RTTRES (mCA median 0.031), REST (mCA median 0.034) or TAM (mCA 

median 0.019) DEG, indicating that not only the transcriptional changes in RTT are influenced 

by the methylation levels in mCA but also the genes in RES that became restored, RTT residual 

dysregulation or that play a counteracting role. Downregulated genes, showed low levels in 

RTT (mCA median 0.027), set A (mCA34), RES (mCA38), RTTRES (mCA28), REST (mCA median 

0.045) or TAM (mCA median 0.019) DEG, but not in set B (mCA median 0.04) and set C (mCA 

median 0.045), which indicating that set B (residual genes) and set C (counteracting genes) 

are not directly affected by MECP2. To explore more deeply the methylation changes from 

gene to gene, mCA from RTT and RES were plotted against their respective controls, WT and 

TAM (Fig. 7.10B). Only small changes in mCA between conditions were found, but DEG that 

presented them were, as expected, mainly neuronal genes (i.e. Satb2, Fam19a2, Cux1, and 

Slc24a2) (Fig. 7.10B). These results suggest that it is not the gene length, but the methylation 

status and cell type function of the gene that will favor the transcriptional changes towards 

one direction. 
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Figure 7.10 Gene body DNA methylation and gene length of DEGs. (A) Scatter plots of gene body methylation in CA (x-axis) 
and CG (y-axis) contexts for the DEGs. Gene length is given by the size of the dots in kb. Plots were divided by regulation 
change (columns) per condition (rows). DEGs are colour coded by the groups previously defined. Scatter plots compering the 
gene body methylation in CA context of DEG in RTT and WT (B), and in RES and TAM (C) conditions. 

7.2.4 Cell and non-cell autonomous effects in RTT and RES samples 

Once DEGs and disrupted neurological functions in RTT and RES had been confirmed 

by DNA methylation, MECP2-functional and MECP2-deficient nuclei identification was 

attempted using SNPs. Methylomes are deep coverage genomic DNA sequencing libraries 

that keep the information of methylated cytosines at the single nucleotide level, therefore 

they can be used to identify SNPs and other genetic variants. All methylomes from 

Mecp2LoxStop mice and control littermates (including the 6 libraries from Chapter 4) were used 

to identify SNPs on the X chromosome that could discriminate between the Mecp2-mutant 

and -wildtype alleles. An additional methylome was prepared from Mecp2LoxStop/Y (referred as 

NULL) leftover nuclei used for the CITE-seq experiment (see Chapter 6, section 6.3). The NULL 

methylome was used as a reference for SNPs present uniquely in the mutant allele, and to 

test the accuracy and sensitivity of this approach. 
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The Mecp2-LoxStop mutation was created in embryonic stem cells from the 

129P2/Ola mouse strain that were transferred into pseudo-pregnant C57BL6 female mice 

(Guy et al. 2007). Although the Cre-Mecp2LoxStop mouse line is presented as a congenic mutant 

mouse on a C57BL6 background, differential mouse strain SNPs can still be found in the 

genomic DNA surrounding the Mecp2 locus (Fig. 7.11A) using the WGBS data. To determine 

specific Mecp2-allele SNPs from the WGBS data, first the specific Mecp2-mutant allele SNPs 

(129/Ola mouse strain SNPs) were identified by their presence in the Mecp2 NULL methylome 

and at least in three other mutant carrier samples (RTT or RES, heterozygous for Mecp2 ) (see 

Chapter 3, section 3.2.15). Additionally, none of the specific Mecp2-mutant allele SNPs can 

be present in any methylome sample that carried only wildtype alleles (WT and TAM). The 

criterion for identifying specific Mecp2-wildtype allele SNPs (C57BL6 mouse strain SNPs) was: 

complete absence in the NULL sample and presence in at least 4 of the methylomes carrying 

only wildtype alleles (WT and TAM). This filtering produced 199 specific Mecp2-allele SNPs 

(masSNPs) that represented a nucleotide variant from the mouse reference genome (mm10) 

corresponding either to the 129/Ola or C57BL6 mouse stains (Fig. 7.11A). Transcripts in 

snRNA-seq data presenting masSNPs could then be used to determine which X chromosome 

was active, the Mecp2-mutant or -wildtype allele carrier, per nucleus. 
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Figure 7.11 SNPs from the Cre-Mecp2LoxStop mouse model. (A) Chromosome track displaying SNPs found in each sample’s 
methylomes when compared to the mm10 mouse genome reference. Mecp2 allele specific SNPs (masSNPs, in pink) were 
only found in the X chromosome. Mecp2-mutant samples (RTT and RES) displayed a different SNP profile from the Mecp2-
wildtype samples (WT and TAM) only in the X chromosome. These Mecp2 allele specific SNPs (masSNPs, in pink) were used 
to discriminate MECP2-deficient and MECP2-functional nuclei in the replicate #1 samples. (B) SNPs at 1.5 Mb (region in red, 
in A) from Mecp2 locus (region in green, in B) used in the replicate #2 samples. 

In Chapter 4 (Fig. 4.4), one of the WT methylomes presented SNPs 2 Mb downstream 

of the Mecp2 locus that were only found in the RTT samples, suggesting a chromosomal 

crossover during gamete meiosis between maternal X chromosomes. However, this sample 

still carried the Mecp2-wildtype allele and presented the corresponding WT phenotype. Given 

that no DNA sequence information was available for the replicates #2 (methylomes were 

made only from snRNA-seq replicates #1), the genomic region where masSNPs could be found 

was reduced to 1.5 Mb around Mecp2 locus for replicates #2 (Fig. 7.11B). This is to account 

for potential unforeseen chromosomal cross overs in replicates #2. However, when the 
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masSNPs were mapped back to snRNA-seq data, 70 false positives, Mecp2-mutant nuclei with 

wildtype-allele SNPs, were identified in the WT #2 sample (Table 7.3), suggesting that other 

genomic rearrangements or SNPs were present in this particular sample. WT #1 and RES #2 

also had 1 false positive case each (Table 7.3), but nuclei with the corresponding cell barcodes 

were discarded early on during the snRNA-seq data pre-processing steps. The NULL sample 

had 18 false positive cases (Table 7.3), however none of these nuclei were in the snRNA-seq 

data, which could be the product of environmental RNA contamination, sequencing errors, 

or somatic mutations. Importantly, no RTT or RES nuclei were assigned both mutant and 

wildtype SNPs. 

Table 7.3 Allele assignment by SNPs.  

Sample 
No. of nuclei assigned to 

mutant allele 

No. of nuclei assigned to 

wildtype allele 

NULL male 119 18 

WT male 0 101 

RTT #1 165 89 

RTT #2 132 174 

RES #1 102 112 

RES #2 66 163 

WT #1 1 319 

WT #2 70 143 

TAM #1 0 329 

TAM #2 1 233 

*Numbers marked in red display false positive cases. 

 

Allele assignments by SNPs in the replicate #2 samples were removed to avoid false 

positive callings. In total, a specific allele was allocated only in 604 nuclei (Table 7.4), resulting 

in a SNP discovery rate of 0.8% in snRNA-seq data, which was very low in comparison to the 

~10% (1,289 nuclei out of 12,451) rate seen in Renthal et al. for excitatory neurons. However, 

the deeper sequencing per nucleus (5 reads per gene per nucleus) in Renthal et al. might 

explain the difference between both studies. 

To increase the number of allele-assigned nuclei, MECP2-deficient nuclei were also 

detected by the expression of the Neo cassette. Neo was detected in 48 more nuclei, from 

which 11 were in the RES samples (Table 7.4). The presence of Neo in RES samples indicates 

that the mutation was not excised from all Mecp2-mutant nuclei, but rather from the ~75% 



   
 

   
 

133 

of them, considering that the RTT samples presented four times more nuclei expressing Neo 

(Table 7.4). There was no overlap between the RTT and RES nuclei allele-assigned by SNPs 

presence and the ones by Neo expression, but given the low numbers in nuclei for both 

approaches this is not unexpected (Table 7.4). 

Table 7.4 Allele assignment by SNPs and Neo expression 

Sample 
No. of nuclei assigned to mutant allele No. of nuclei assigned to wildtype allele 

By SNPs By Neo Total By SNPs Total 

RTT #1 96 20 116 52 52 

RTT #2 0 17 17 0 0 

RES #1 52 5 57 51 51 

RES #2 0 6 6 0 0 

WT #1 0 0 0 180 180 

WT #2 0 0 0 0 0 

TAM #1 0 0 0 172 172 

TAM #2 0 0 0 0 0 

 

In general, SNP allele-assigned nuclei had a higher number of UMIs and genes 

detected, which was expected as SNPs will be more easily identified in nuclei with higher read 

coverage (Fig. 7.12A). Therefore, only nuclei identified as wildtype by SNPs in the WT and 

TAM samples were used as controls for differential expression analysis between RTT and RES 

conditions allele-assigned nuclei. Given the low numbers of nuclei and their broad dispersion 

across clusters (Fig. 7.12B), they were grouped in more general cell types (inhibitory neurons, 

excitatory neurons, and glial cells) for allele-assigned nuclei differential expression analysis 

(Fig. 7.12C). To overcome the cell type composition bias described previously, only genes 

expressed in at least 80% of the nuclei in the particular group of cell types were used for 

comparisons. 
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Figure 7.12 Characteristics of Mecp2-allele assigned nuclei and DEG analysis design. (A) Violin plots showing the number of 
genes and number of UMIs in allele assigned and unassigned nuclei. (B) UMAP showing the cluster distribution of allele-
assigned nuclei (colour-coded as in A). (C) Number of allele assigned and unassigned nuclei (colour-coded as in A) per general 
cell type. (D) Schematic of all nuclei comparisons performed, each indicated by roman number and a bi-directional line. 

From all possible combinations (Fig. 7.12D), only 6 (comparisons v, vi, vii, viii, and ix) 

of them resulted in significant (p.adj. ≤ 0.01) DEGs. Unfortunately, the low numbers of nuclei 

eliminated the possibility to compare the two allele nuclei groups within RTT or RES samples 

(Fig. 7.12D, comparisons iii and iv). Comparisons of RTT and RES with their respective 

condition controls (WT and TAM) were driven by the enriched cell types in each control 

sample. DEGs were only found in excitatory nuclei in RES vs. TAM (for mutant allele vs. 

wildtype allele expressing nuclei [vii], and wildtype allele vs. wildtype allele expressing nuclei 

[viii]), in inhibitory nuclei in RTT vs. WT (for mutant vs. wildtype [v], and wildtype vs. wildtype 

nuclei [vi]), and for both neuronal types in TAM vs. WT (wildtype vs. wildtype nuclei [ix]) (Fig. 

7.12D). To note, no significant DEGs were found in glial nuclei. GO term analysis on RTT 

wildtype vs. WT wildtype DEGs (n=7; Nrxn1, Mast4, Car10, Cdh12, Cdk14, Celf2, and Phactr1) 

and TAM vs. WT DEGs (n=6; Nfib, Fam19a1, Tcf4, Meis2, Phactr1, and Adamts17) in inhibitory 

nuclei resulted in no enrichment, given the low number of DEGs in each set. In contrast, DEGs 
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(n=52) from RTT mutant vs. WT wildtype nuclei were enriched in: “second-messenger-

mediated signaling”, “regulation of neuron migration”, “calcium mediated signaling”, 

“cognition” and “glutamate receptor signaling pathway” (Fig. 7.13). Even though these results 

are from a small subset of nuclei, the GO terms obtained were also observed in the analysis 

of the whole snRNA-seq dataset (section 7.2.2), confirming the Rett Syndrome biological 

signal. Interestingly, the followings genes from previous DEG categories were found: Camta1 

(upregulated in RTT mutant nuclei), the calmodulin-binding transcription activator that its 

knockout leads to motor deficits and ataxia (Long et al. 2014), was found upregulated in 

RTTRES DEG; and the Mast4, encoding a protein kinase involve in neurodegeneration, was 

upregulated in RTT and RES conditions and formed part of set B of DEG. Moreover, the DEGs 

(n=128) from TAM and WT comparison only resulted in general neuronal activity terms (Fig. 

7.12). 

 

Figure 7.13 Top 15 biological process GO terms enriched in DEGs from Mecp2 allele assigned nuclei 

The RES vs TAM comparisons revealed interesting results, where wildtype vs. wildtype 

DEGs (n=20) were enriched in “learning or memory”, “neuromuscular process”, and 

“regulation of protein localization to cell periphery” terms. From the 20 DEGs in the RES 

wildtype vs. TAM wildtype, 11 were blacklisted in the global analysis, however, the Dpp10 
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(upregulated in RES wildtype nuclei), which facilitates neuronal excitability (Chen et al. 2014), 

was found in set A and was upregulated in RTT; and Elavl2 (upregulated in RES wildtype nuclei) 

which its haploinsufficient levels in neurons dysregulate autism-relevant genes (Berto et al. 

2016), was found in set B and was downregulated in RTT and RES samples. While the mutant 

vs. wildtype nuclei DEGs (n=49) were found in “adult locomotory behavior”, “positive 

regulation of synaptic transmission”, “regulation of cell morphogenesis involved in 

differentiation”, and “regulation of postsynapse organization” (Fig. 7.13). Inspecting the DEGs 

from this comparison showed ~91% of them were either in the blacklist, common, or shared 

DEGs categories. The rest of the genes were: Lgil1 (downregulated in RES mutant nuclei), a 

regulator of excitatory transmission in early postnatal development and whose deficit leads 

to seizures (Boillot et al. 2016), was found downregulated in REST; Fras1 (upregulated in RES 

mutant nuclei), a regulator of embryonic development, sat on the set C and was upregulated 

in RTT and RES conditions; and Dpp10 found upregulated in RES mutant nuclei as in the 

wildtype. All of the GO terms and genes described above are relevant to the neurological, 

muscular, and cellular Rett Syndrome features. To see them enriched only in the RES nuclei, 

might suggest that these processes are enhanced to overcome the arrested maturation in 

neurons, the impairments in memory and learning, and the loss of mobility (Hagberg 2002; 

Dolce et al. 2013). 

7.3 Discussion 

In this chapter, I used snRNA-seq technologies coupled with WGBS to investigate the 

transcriptomic and epigenetic changes in a diseased and rescued Cre-Mecp2LoxStop mouse line 

modeling Rett Syndrome. Even though these analysis are limited by number of replicates 

(n=2) used per condition, altered expression of genes and pathways found in the RTT mouse 

samples, which agreed with Rett Syndrome etiology (Hagberg 2002; Dolce et al. 2013) and 

previous transcriptomic analysis (Johnson et al. 2017; Pacheco et al. 2017; Renthal et al. 

2018), were classified by their status in the MECP2-rescued samples. Multiple studies have 

explored MECP2 function restoration (Guy et al. 2007; Ross et al. 2016; Tillotson et al. 2017), 

although, their main focus was on evaluating MECP2 rescue, at a global or in a specific cell 

type level, by the improvement of visible symptoms or neuronal activity. These studies have 

highlighted the significance of each cell type in Rett Syndrome etiology and the possibility of 

reversing the disease in patients. However, none of the previous studies have explored the 
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transcriptomic or epigenetic changes that occur after the rescue of MECP2. Here, I showed 

both the dysregulated genes that are restored in RES mice, as well as residual molecular 

dysregulation of the disease following rescue and some of the main pathways and genes 

involved in the phenotype rescue. For instance, pathways involved in dendritic 

morphogenesis and stabilization, together with neuronal long-term potentiation, were the 

main processes restored. Protein kinases and their regulation by calmodulin binding seemed 

to be responsible for the stabilization of these processes. These results agreed with the 

finding of RTT DMRs in the promoters of protein kinases from the Pl3k/Akt/mTOR signaling 

pathway. Interestingly, the two main drug targets in clinical trials for Rett Syndrome are BDNF 

and IGF1, (Deogracias et al. 2012; Deacon et al. 2015) which regulate protein kinase activity 

in the Pl3k/Akt/mTOR signaling pathway (Amaral and Pozzo-Miller 2007; Buchser et al. 2010; 

Bennison et al. 2020). Moreover, BDNF is a key player in memory maintenance, synaptic 

plasticity, and stabilization (Bredy et al. 2007; Gonzalez et al. 2019), which might reproduce 

the effect on unique transcriptomic and epigenetic signals found in the RES mice involved in 

memory and learning processes through the stabilization of excitation/inhibition equilibrium. 

Importantly for drug treatments, residual transcriptomic signals included genes, Shank2 and 

Mef2c, that are found dysregulated in autism spectrum and neurodevelopmental disorders 

(Harrington et al. 2016; Zaslavsky et al. 2019; Caumes et al. 2020; Cosgrove et al. 2020; Lee et 

al. 2020), suggesting that the developmental damage cannot be completely rescued in adult 

diseased animals. Intriguingly, Shank2 expression was found upregulated in RTT and RES 

samples, but hypo- and hyper-methylated, in each respective condition, within the gene body 

specifically introns. The difference found in DNA methylation in RES but not the at expression 

level might suggest that the Shank2 gene has been primed epigenetically for a future 

transcriptional change. It could be that the rescue of MECP2 could restore the expression of 

Shank2 if it is examined in a longer window of time after the tamoxifen-treatment is given. 

These genes and their pathways might need to be targeted and stabilized individually in aged 

Rett Syndrome patients. 

In addition to these findings, discrimination of nuclei by the active Mecp2 allele was 

achieved by matching allele specific SNPs to transcripts surrounding the Mecp2 locus. The 

number of SNPs in snRNA-seq data is limited by the capture of transcript sequences from their 

3’ end. Furthermore, the detection of these few SNPs is restricted by the low read coverage 

per nucleus in snRNA-seq data. In fact, the discovery rate of this approach is correlated to the 
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sequencing depth of snRNA-seq libraries. Even though only 0.8% of the nuclei were identified 

as MECP2-deficient or -functional, I was able detect unique RTT and RES transcriptomic 

features. No significant DEGs were found in glial cells for any of the comparisons performed 

(Fig.7.11D), however, this result might be related the low numbers of nuclei used in these 

comparisons. RTT MECP2-deficient nuclei compared to WT showed altered genes involved in 

synapsis transmission and calcium signaling pathways. Interestingly, no biological function 

was found enriched in DEGs from MECP2-functional nuclei compared to WT samples, in 

agreement with previous snRNA-seq analysis (Renthal et al. 2018). However, these results 

might be biased by the use of snRNA-seq technologies, as transcriptomic studies performed 

on bulk neuronal cortical samples from MECP2-functional and -deficient nuclei found as non-

cell autonomous effects the upregulation of genes involved in reducing synaptic 

responsiveness that might counteract the hyperexcitability (Johnson et al. 2017). 

Intriguingly, comparison of RES nuclei carrying the Mecp2 wildtype allele to TAM 

MECP2-functional nuclei had different functional associations than those enriched in the 

DEGs identified between the mutant allele nuclei compared to TAM. Even though RES nuclei 

carrying the mutant or wildtype allele should be MECP2-functional in most cells (where the 

Cre-dependent LoxStop cassette was excised), they showed different transcriptional profiles 

to WT, possibly due to the dysregulation of the neuronal developmental arrestment in RTT 

neurons at an earlier age. It could be that wildtype allele carrier neurons are re-establishing 

the functions (such as memory and learning) that were impaired by the presence of MECP2-

deficient nuclei and overcompensating any shortage from mutant allele carrier nuclei, 

indicating non-cell autonomous effects. In the case of rescued mutant allele carrier nuclei, 

they might be maturing and integrating into neuronal networks (Piatti et al. 2011; Sun et al. 

2019), as the “regulation of morphogenesis involved in differentiation”, “ionotropic 

glutamate receptor signaling pathway” and “regulation of postsynapse organization” GO 

terms were specifically enriched in their DEGs. It is possible that only after the rescue of 

MECP2, mutant allele carrier nuclei started initiated cytoskeletal changes that allowed proper 

synaptic formation, maturation and transmission of signals (Bradke et al. 2020), processes 

that might result in the stabilization of long term potentiation (Abraham et al. 1991; Yang et 

al. 2008). Another interesting GO term in RES allele assigned nuclei were the “adult 

locomotory behavior” and “neuromuscular process”, which might have resulted in the 

improvement of mobility observed in rescue mice. 
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It should be noted that all the experiments and analysis outlined here are constrained 

by the number of replicates and the tissue variance found among conditions. Additionally, no 

further experiments (i.e., in situ) were performed to validate the results due to the limited 

amount of tissue and the frozen status of it. However, the results were consistent between 

assays and the results previously obtained in Chapter 5. Furthermore, the transcriptomic and 

DNA methylation alterations described here underlie I would caution the author in inferring 

function based on RNA abundance given what we know about the discordance between RNA 

expression and protein levels, and the emerging view on RNA localisation, which would be 

completely missed using single nuclei profiling. the physical characteristics evaluated in RTT 

and RTT-rescued mice. 

Overall, these results presented for the first time the transcriptional and DNA 

methylation changes in a MECP2-rescued adult mouse model, exploring the neuronal 

functions that are restored, and, more importantly, the residual RTT features that might guide 

future drug development for Rett Syndrome.  
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Chapter 8: General discussion and conclusions 

In this doctoral thesis, the development of single nucleus and next-generation 

genomics techniques have been described and applied to neural tissues from a Mecp2LoxStop 

female Rett Syndrome mouse model to: (1) overcome the challenges in studying the 

characteristic cellular mosaicism due to X chromosome inactivation of this neurological 

disorder; and (2) explore for the first time the molecular effects of MECP2-rescue in adult 

diseased animals. The research done on this Rett Syndrome mouse model is one of the few 

molecular studies on female mice concerning Rett Syndrome (Johnson et al. 2017; Zhao et al. 

2017; Renthal et al. 2018), as many of the transcriptomic analysis are based on Mecp2-null 

male animals (Kriaucionis et al. 2006; Pacheco et al. 2017; Osenberg et al. 2018; Sanfeliu et 

al. 2019), which avoid the MECP2 cellular mosaicism. Mecp2-null male mice do not represent 

the real biological status of the disease in humans, which only affect females as males do not 

survive global MECP2 dysfunction. Therefore, the cellular mosaicism becomes an important 

player in this neurological disorder, diluting the severe effects of MECP2-dysfunction, and this 

aspect needs to be included and explored in Rett Syndrome studies. 

Through the research presented in this thesis, I have developed and tested different 

approaches to address Rett Syndrome cellular mosaicism. The first approach was using the 

expression of the Neomycin cassette (Neo) within the Mecp2-LoxStop allele. However, the 

lower detection of Neo in the nuclei (0.3% detection in a Mecp2LoxStop/Y sample) made it 

unusable by its own for active-allele discrimination. A second approach tested was the direct 

detection of MECP2 protein in the nuclei, as Mecp2 transcripts are produced from the mutant 

allele (Guy et al. 2007) invalidating the usage of Mecp2 expression for allele discrimination. 

To detect and quantify MECP2 protein, I adapted the CITE-seq technique (Stoeckius et al. 

2017) allowing the parallel characterization of the transcriptome and intranuclear proteins at 

single nucleus level. Even though this approach is the most adequate for distinguishing the 

MECP2-functional and -deficient nuclei at single nucleus level, the results were unspecific for 

MECP2 protein when applied on Mecp2LoxStop/Y negative control sample. However, 

intranuclear CITE-seq allowed the specific characterization of the pan-neuronal marker NeuN, 

suggesting that further development of this technique and testing of different antibodies for 

MECP2 protein might achieve the specificity and sensitivity needed for the discrimination of 

MECP2-functional and -deficient nuclei. The third and final approach was the use of SNPs from 
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the 129P2/Ola mouse strain linked to the Mecp2-LoxStop allele to distinguish it from the 

Mecp2-wildtype allele, which has a pure C57BL6 mouse strain background. This SNP approach 

has been previously used in another snRNA-seq study, in which only 10% of the total nuclei 

was identify as MECP2-functional or -deficient (Renthal et al. 2018). In the snRNA-seq 

produced in this thesis, only 0.8% of nuclei was identified as MECP2-functional or -deficient. 

One of the main reasons of the lower performance of the SNP strategy in my snRNA-seq data 

is the lower coverage per nucleus, which limited the discovery of the already few specific 

Mecp2-allele SNPs in the transcripts. Given the low performance of the SNP technique in my 

data, the Neo cassette strategy was also added allowing the identification of 651 nuclei in 

total. 

One of the main questions regarding cellular mosaicism in Rett syndrome is the 

existence of a preference for inactivating the X chromosome carrying the Mecp2-mutant 

allele over the wildtype. Previous publications showed no bias for human and mouse samples, 

which agree with the percentages found in my datasets (35-65% for each group in RTT 

samples, Chapter 7, Table 7.3). However, the low numbers of nuclei identified in this study 

might not be adequate to draw conclusions about allelic-nuclei proportions. Despite these 

low numbers of nuclei, I detected Rett Syndrome molecular dysregulated features (calcium 

mediated signaling, cognition, and glutamate receptor signaling pathway) by comparing 

excitatory RTT (Mecp2LoxStop/+) nuclei expressing the Mecp2-mutant allele and excitatory WT 

(Mecp2+/+) nuclei; DEGs here included protein kinases and calmodulin-binding regulators that 

are highly relevant to the molecular, cellular, and behavioural aspects of the disorder. 

However, no specific cellular functions were found disrupted when excitatory or inhibitory 

RTT MECP2-functional nuclei were compared to WT nuclei, indicating the absence of non-cell 

autonomous effects. This result agrees with previous findings in snRNA-seq data from Rett 

Syndrome patients and a mouse model (Renthal et al. 2018). However, bulk neuronal RNA-

seq from MECP2-functional and -deficient nuclei showed a major upregulation of genes 

involved in the reduction of synaptic responsiveness in the nuclei expressing the wildtype 

allele (Johnson et al. 2017), probably as a response to the hyperexcitability found in Rett 

Syndrome brains. This discrepancy might be due to the technology chosen, as snRNA-seq 

data, despite its power to profile tissues at single nucleus level, is limited in the number of 

genes and transcript copies captured per nucleus. Higher coverage and sequence saturation 

of the datasets might be able to increase the numbers of the identified MECP2-functional and 
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-deficient nuclei together with gene and transcript numbers for a fairer comparison to the 

bulk RNA-seq datasets. 

When RTT samples were aggregated (i.e. without Mecp2-allele distinction) and 

compared to the WT control condition, taking into account the cell-type and the directionality 

of the regulation change, the main DEGs were involved in dendritic morphogenesis. The genes 

enriched in this biological function displayed an active immature neuronal immature process 

where dendritic formation is initiated, but not developed and matured. This process was 

mainly controlled by protein kinases involved in the Pl3k/Akt/mTOR signaling pathway. These 

findings were confirmed in the single base resolution DNA methylation data, where DEGs in 

RTT and their enriched pathways were also found to be dysregulated epigenetically. 

These identified disrupted biological functions in the RTT samples were evaluated in 

MECP2-rescued mice (tamoxifen-treated Mecp2LoxStop/+, referred as RES). To this end, 

transcriptomes and methylomes from the MECP2-rescue of symptomatic adult mice were 

profiled and compared to RTT, WT, and TAM (tamoxifen-treated Mecp2+/+, treatment control 

sample) samples, revealing three different groups of genes and pathways: (1) genes that were 

restored to WT levels, involved in dendritic morphogenesis and long-term potentiation; (2) 

residual RTT dysregulation found in genes regulating neurodevelopment; and (3) genes, 

mainly protein kinases, in the Pl3k/Akt/mTOR signaling pathway, activated in the MECP2-

rescue samples to stabilize neurological functions. Moreover, non-cell autonomous effects 

were found in the RES wildtype nuclei. However, the DEGs from the RES wildtype vs. TAM 

wildtype nuclei comparison displayed a regulation directionality and neurological function 

that suggest their involvement in counteracting RTT effects. More interestingly, RES mutant 

vs. TAM wildtype nuclei revealed residual dysregulated genes involved specifically in 

neurodevelopmental processes. Even though RNA abundance does not directly reflect 

protein function and/or abundance, the results outlined here identified the most 

differentially expressed genes in RTT and their restoration in RES to levels seen in WT samples. 

Although the use of snRNA-seq allows the quantification of mRNA in neurons, some mRNAs 

localize mainly at the dendrites and axons, for a faster trans-synaptic response, would be less 

represented in snRNA-seq data (Dalla Costa et al. 2021). 

How and to which extend cognitive abilities are affected or improved in the MECP2-

rescued mice was not tested in this thesis, however, motor learning improvement has been 

described in MECP2-rescued males (tamoxifen-treated Mecp2LoxStop/Y) (Robinson et al. 2012). 
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Interestingly, impaired motor-cerebellar learning has been reported in all male Mecp2-null 

mouse models (Katz et al. 2012). This has been further explored in a recent study where 

Mecp2 is deleted form most neurons in the cerebellum of mice, generating a delay in motor 

learning (Achilly et al. 2021). Achielly et al. found no deficits in non-motor related behaviors, 

generally associated with the cerebellum, including social behavior, gating or contextual fear 

memory. Even though cerebellar tissue was not examined in this thesis, magnetic resonance 

imaging on different brain regions from several RTT mouse models revealed that the volume 

of the cerebellum change depending on the type of mutation, being decreased in the 

Mecp2LoxStop model (Allemang-Grand et al. 2017). In contrast, cortical and subcortical regions 

were reduced in all Mecp2-mutant mice regardless of mutation type and correlated with 

metrics of behavioural tests, suggesting a higher susceptibility to the proper function of 

MECP2 in these brain regions (Allemang-Grand et al. 2017). In general, mice are not as 

affected by the lack of functional MECP2 as humans, and female RTT mouse models have 

milder and more variable cognitive impairments which make hard to quantify the effects of 

the rescued abilities. 

These thesis results represent the first insights into the molecular basis of the 

symptom improvements seen in MECP2-rescue mice. Additionally, the molecular profiles of 

the MECP2-rescue mice could be useful in guiding the development of future drug treatments 

in Rett Syndrome patients, where one of the main challenges observed here is the 

neurodevelopmental residuals of the disorder in aged individuals. These results indicate that 

Rett Syndrome treatments will be more effective in earlier developmental stages, however, 

most of the patients are not diagnosed until the manifestation of symptoms. To detect Rett 

Syndrome cases before the onset of the disease, one solution is to include Mecp2 gene in pre-

natal screenings. Moreover, for more detailed information about the outcomes of the 

treatments through the disease phases, it will be useful to undertake a similar 

characterization performed in this thesis of the restoration of MECP2 in mice at different 

developmental stages using mouse models reflecting the main mutations seen in patients. 

Importantly, monitoring of the transcription and epigenetic changes for a longer time after 

the rescue might result in more genes and traits restored, which could have been previously 

primed by DNA methylation. 

Overall, this doctoral research thesis has developed and applied methods to profile 

the transcriptomic and DNA methylation changes after the rescue of MECP2 function in adult 
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symptomatic Rett syndrome mice, evaluating the molecular changes is needed for the general 

improvement of the etiology of this neurological disorder. The identification of the time 

window for RTT treatment in which patients can avoid, if not all, then most of its severe 

neurological effects will be a major milestone for the RTT community. Additionally, 

exploration of the benefits and limitations of the treatments on adult and diseased animal 

models can identify the persistent traits for the development of therapeutic alternatives for 

symptomatic and aged patients.  
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