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Abstract
Background  Rett Syndrome (RTT) is a neurodevelopmental disorder primarily caused by mutations in the MECP2 
gene. Despite its monogenic nature, the molecular events contributing to RTT pathogenesis are not fully elucidated.

Methods  We applied a multi-omics approach to comprehensively analyse the spatiotemporal gene and protein 
expression patterns in MeCP2-mutant (RTT) and isogenic control (IC) forebrain organoids. Dorsal and ventral forebrain 
organoids were cultured for 75 days using patient-derived RTT and IC hiPSC lines. Transcriptomics and proteomics 
profiles were characterized at days 0, 13, 40, and 75, corresponding to distinct neurodevelopmental phases.

Results  The spatiotemporal transcriptomic analysis revealed alterations in GABAergic signaling at the latest 
neurodevelopmental stages, while changes in neuronal development, DNA-associated processes, and post-
transcriptional regulation were found to occur across different stages. These changes were also observed at the 
protein level and in independent validation datasets. Notably, differentially expressed lncRNA genes such as 
MIR137HG and PWRN1 may act as regulators of these affected processes. Moreover, our results provide systematic 
evidence for the involvement of imprinted genes in RTT pathology.

Conclusions  Together, our study lays the foundation for future studies to functionally validate the significance of the 
identified processes and molecular targets in RTT pathogenesis, and to assess their value as therapeutic targets.
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Background
Rett syndrome (RTT, OMIM #312750) - a neurodevel-
opmental disorder predominantly affecting females - is 
characterized by a unique pattern of neuroregression 
following a period of apparently normal development 
[1]. RTT is primarily caused by mutations in the methyl-
CpG-binding protein 2 (MECP2) gene, a crucial epigen-
etic regulator orchestrating gene expression in the central 
nervous system [2].

To comprehend the complex molecular mechanisms 
underlying neurological disorders, attention has increas-
ingly turned to high-throughput technologies such as 
transcriptomic and proteomic analyses. The advantage 
of these high-throughput technologies lies in their abil-
ity to provide a comprehensive snapshot of gene and 
protein expression patterns, allowing researchers to gain 
insights into the intricate network of molecular events 
underlying the pathology. The involvement of MeCP2, 
which can function both as a transcriptional [3] and post-
transcriptional regulator [4, 5], underscores the potential 
of transcriptomic and proteomic approaches to unravel 
the regulatory dynamics at play in RTT. For instance, 
the application of high-throughput approaches in RTT 
research has, among others, indicated the occurrence of 
translational dysregulation [5], mitochondrial dysfunc-
tion [6, 7] and changes in neural maturation [8] and func-
tion [9].

While traditional models such as 2D cell cultures and 
animal models have been instrumental in advancing our 
understanding of RTT, their inherent limitations pose 

challenges in mirroring the complexity of the human 
brain [10]. The advent of brain organoids − 3D self-
organizing structures that recapitulate key features of 
human brain development – has revolutionized our abil-
ity to model neurodevelopmental disorders, providing a 
platform that more closely resembles the structural and 
functional intricacies of the human brain compared to 
conventional models [11]. In contrast to human post-
mortem brain tissue, which can only be analyzed in a 
cross-sectional manner, brain organoids derived from 
iPSCs enable longitudinal investigation of develop-
mental processes within the same experimental system. 
Although organoids represent a simplified and develop-
mentally immature model that does not fully recapitulate 
the complexity or progression of the human brain in vivo, 
they mimic key aspects of early neurodevelopment. This 
enables investigation of temporal cellular responses to 
MeCP2 loss-of-function and may help delineate develop-
mental stages that are relevant in RTT pathology. Brain 
organoids can also be generated in a region-specific 
manner to identify alterations that are specific to cer-
tain brain areas. This is particularly important for RTT, 
as the expression of MeCP2 and its regulatory targets 
vary across the different regions of the brain [12, 13]. As 
exemplified by Gomes et al., RTT pathology indeed man-
ifests differently in ventral and dorsal forebrain organoids 
[14]. While neurons in the dorsal (glutamatergic) fore-
brain organoids differentiated prematurely, the neurons 
in ventral (GABAergic) forebrain organoids exhibited 
migration defects.
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Although RTT has previously been studied in brain 
organoids [7, 8, 14], no study to date has applied multi-
omics techniques to characterize RTT brain organoids in 
a spatiotemporal manner. This approach could yield in-
depth knowledge about how dysfunctions within affected 
pathways contribute to the onset of RTT. Therefore, our 
research aims to leverage the power of transcriptomic 
and proteomic techniques to conduct a comprehen-
sive analysis of spatiotemporal gene and protein expres-
sion patterns in MeCP2-mutant (RTT) and matched 
isogenic control (IC) forebrain organoids. Through this 
approach, we aim to contribute novel perspectives to 
the understanding of RTT pathogenesis, potentially pav-
ing the way for the development of targeted therapeutic 
interventions.

Methods
hiPSC lines and maintenance
The patient-derived hiPSC cell line (46, XX) with the 
MeCP2:R255X nonsense mutation (rs61749721) (RTT) 
and the respective isogenic control (IC) cell line were 
obtained from Universidade de Lisboa [14]. The eth-
ics approval and written consent for tissue collec-
tion were coordinated by Hospital Sant Joan de Déu 
(HSJD) and Centro Hospitalar de Lisboa Norte (CHLN) 

Ethics Committees as previously described [14]. Cells 
were cultured on Matrigel™-coated plates in serum-free 
mTeSRTM1 Plus medium and passaged every 2–3 days 
using 0.5 mM EDTA dissociation buffer (Thermo Fisher 
Scientific) when 85% confluency was reached. Further-
more, the iPSC clones were expanded for 2–3 passages 
and seeded into three technical replicates before begin-
ning the differentiation process. Hence, the three repli-
cates represent separate differentiations to account for 
the variability in stem cell differentiation.

Induction of region-specific forebrain organoids
To identify the spatiotemporal alterations in the multi-
omics profile that occur during neurodevelopment, we 
applied the protocol for the generation of dorsal (i.e., glu-
tamatergic) and ventral (i.e., GABAergic) forebrain organ-
oids as previously described [14, 15] (Fig. 1A). In brief, 
hiPSC colonies were incubated with 10 µM ROCK inhib-
itor (ROCKi, Y-27632, 10 µM, StemCell Technologies) for 
30 min at 37 °C, dissociated with Accutase, and seeded in 
triplicate on microwell plates (AggreWell™ 800, StemCell 
Technologies) at 1.5 × 106 cells/well in mTeSRTM1 Plus 
supplemented with 10 µM ROCKi for 24 h. The expan-
sion medium was then refreshed entirely without ROCKi 
supplement. After the aggregates attained a diameter of 

Fig. 1  Overview and quality control of the experimental model. A Overview of the protocol for the induction, maturation, and maintenance of the 
region-specific forebrain organoids. RNA and proteins were extracted from dorsal and ventral forebrain organoids at four time points (i.e., day 0, day 13, 
day 40, and day 75), corresponding to the different developmental stages. B Mean expression per time point and region of pluripotency, neural progeni-
tor cell (NPC), neuronal, forebrain, ventral region, and dorsal region markers. The expression values are converted to Z-scores through unit variance scaling. 
C Biplot of the PCA scores (transcriptomics data) and the median loadings of the five gene ontology (GO) terms with highest positive (orange arrows) and 
negative (purple arrows) normalized enrichment scores (NES). The arrows indicate the GO terms’ contributions to the principal components
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250–300 μm (2–3 days), the medium was half-changed 
to induction medium, marking this as day 0. The neural 
induction medium (N2B27) comprised of 50% DMEM/
F12/N2 (DMEM-F12, (Thermo Fisher Scientific) supple-
mented with 1% (v/v) N2 (Thermo Fisher Scientific), 1.6 
g/L Glucose (Sigma), 1% (v/v) PenStrep, and 20 µg/mL 
Insulin (Sigma) and 50% of Neurobasal/B27 (i.e., Neuro-
basal™ medium (Thermo Fisher Scientific) supplemented 
with 2% (v/v) B27 (without vitamin A)-supplement 
(Thermo Fisher Scientific), 2 mM L-glutamine (Thermo 
Fisher Scientific) and 1% (v/v) PenStrep).

For the dorsal aggregates, 2 µM Dorsomorphin (Sigma) 
and 2 µM A83-01 (Tocris) was added to the medium 
until day 5, with half-medium being refreshed at days 
0, 3, and 5. For the ventral aggregates, the medium was 
supplemented with 10 µM SB-431,542 (SB) (Sigma) and 
100 nM LDN-193,189 (LDN) (Sigma). At day 5, the cell 
aggregates (approximately 300 aggregates per well of the 
microwell plate) were transferred to ultra-low attachment 
6-well plates (Corning). At day 7, the dorsal forebrain 
culture medium was half changed with fresh medium 
supplemented with 1 µM CHIR-99,021 (tebu-bio), 10 µM 
SB-431,542 (Sigma) and 10  µg/ml Heparin (Sigma) and 
the ventral forebrain culture medium was half changed 
with fresh medium supplemented with 2.5 µM IWP2 
(Sigma), 100 nM SAG (Millipore) and 10 µg/ml Heparin 
(Sigma).

Maintenance and maturation of forebrain organoids
At day 13, the culture medium was half changed with 
N2B27 (with vitamin A) without adding dorsal (i.e., 
SB-431542, CHIR-99021, Heparin) and ventral (i.e., 
SAG, IWP2, Heparin) reagents, continuing until day 40 
with the medium being changed every 2–3 days. On day 
41, the medium was changed to BrainPhys™ Neuronal 
Medium (StemCell Technologies), supplemented with 
NeuroCult™ SM1 Neuronal Supplement (StemCell Tech-
nologies), N2 Supplement-A (StemCell Technologies), 
Recombinant Human Brain Derived Neurotrophic Fac-
tor (BDNF, PeproTech, 20 ng/mL), Recombinant Human 
Glial-Derived Neurotrophic Factor (GDNF, PeproTech, 
20 ng/mL), dibutyryl cAMP (1 mM, Sigma), and ascorbic 
acid (200 nM, Sigma). Organoids were maintained until 
day 75, changing one third of the total medium every 2–3 
days. All organoids in a well (> 20 organoids) were pooled 
for RNA and protein extraction and quantification.

RNA extraction and quantification
RNA extraction
Samples were collected at day 0 and during differentia-
tion at days 13, 40, and 75. To dissociate the organoids for 
the purpose of RNA extraction, organoids were first gen-
tly dissociated with Accutase (Sigma) for 5 min at 37 °C. 
Total RNA was extracted using High Pure RNA Isolation 

Kit (Roche). Samples were then stored at -80 °C until fur-
ther experiments.

Library construction and sequencing
Library construction and sequencing were performed 
by LC Sciences (Houston, TX, USA). These include the 
evaluation of RNA integrity by the Agilent Technolo-
gies 2100 Bioanalyzer, removal of ribosomal RNA, and 
RNA fragmentation (divalent cation buffers in elevated 
temperature). Furthermore, Illumina’s TruSeq-stranded-
total-RNA-sample preparation protocol was followed to 
prepare the sequencing library, while the Agilent Tech-
nologies 2100 Bioanalyzer High Sensitivity DNA Chip 
was used for quality control analysis and quantification of 
the sequencing library. Finally, paired-ended sequencing 
was performed with Illumina’s NovaSeq 6000 sequencing 
system.

Preprocessing and quality control
The processing and quality assessment of the sequenc-
ing reads was performed by LC Sciences (Houston, TX, 
USA). Particularly, using Cutadapt [16] and in-house 
scripts, reads with adaptor contamination as well as low 
quality and undetermined bases were removed. FastQC 
[17] was subsequently utilized to assess the quality of the 
remaining reads.

As a second step, Bowtie2 [18] (version 2.5.1) was 
applied to align the reads to the GRCh38 reference 
genome. The gene and isoform expression was quantified 
using RSEM [19] (version 1.3.3). Each sample contained 
10 to 20 million mapped reads. The established workflow 
from the edgeR R/Bioconductor package [20] (version 
3.42.4) was accordingly followed for the filtering of lowly 
expressed genes and the data normalization. Specifically, 
genes with an expression above 10 counts per million 
(CPM) in at least three samples were kept for normal-
ization. Trimmed mean of M values (TMM) and CPM 
normalization was performed to calculate the normal-
ized expression levels. Boxplots of expression values and 
Principal Component Analysis (PCA) plots were con-
structed for the assessment of the pre-processing qual-
ity. It should be noted that differential expression analysis 
results from the X chromosomal genes might be unreli-
able as the active X chromosome is different between the 
IC and RTT samples. Hence, X chromosomal genes were 
excluded from the analysis before normalization.

Protein extraction and quantification
Protein extraction
Proteins were extracted at day 0 and during differentia-
tion at days 13, 40, and 75 in both dorsal and ventral fore-
brain organoids. To gently dissociate the organoids, they 
were treated with Accutase (Sigma) for 5  min at 37  °C. 
After dissociation, protein extraction was performed. 
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The cells were washed twice with cold PBS, collected in 
a 15 ml tube, and centrifuged at 1500  rpm for 5 min at 
4 °C. The resulting pellet was washed with cold PBS, cen-
trifuged again, and excess PBS was carefully removed. 
The cells were resuspended in 500 µl of 50 mM ammo-
nium bicarbonate (ABC) with 5  M urea. After three 
freeze/thaw cycles in liquid nitrogen and one minute of 
vortexing, the suspension was transferred to an Eppen-
dorf tube and centrifuged for 30  min at 14,000  rpm at 
10 °C. The resulting supernatant was divided into 200 µl 
and 100 µl aliquots for protein assays, with the aliquots 
stored at -80 °C.

Protein concentrations were determined using a Brad-
ford-based protein assay. 50 µg of protein, in 50 µl of 50 
mM ABC with 5 M urea were considered. 5 µL of dithio-
threitol (DTT) solution (20 mM final) was added and 
incubated at room temperature for 45 min. The proteins 
were alkylated by adding 6 µL of iodoacetamide (IAA) 
solution (40 mM final). The reaction was run at room 
temperature for 45  min in darkness. The alkylation was 
stopped by adding 10 µL of DTT solution (to consume 
any unreacted IAA) and incubated at room temperature 
for 45 min. For the digestion 2 µg trypsin/lysC was added 
to the protein and incubated at 37  °C for 2 h. 200 µl of 
50 mM ABC was added to dilute the urea concentration 
and further incubated at 37 °C for 18 h. The digestion mix 
was centrifuged at 2.500 g for 5 min and the supernatant 
was collected for liquid chromatography-mass spectrom-
etry (LC-MS).

LC-MS
A nanoflow HPLC instrument (Dionex ultimate 3000) 
was coupled on-line to a Q Exactive (Thermo Fisher Sci-
entific) with a nano-electrospray Flex ion source (Prox-
eon). Of the digested peptide mixture, 5  µl was loaded 
onto a C18-reversed phase column (Thermo Fisher 
Scientific Acclaim PepMap C18 column, 75  μm inner 
diameter x 50 cm, 2-µm particle size). The peptides were 
separated with a 240 min linear gradient of 4–45% buffer 
B (80% acetonitrile and 0.08% formic acid) at a flow rate 
of 300 nL/min.

MS data were acquired using a data-dependent top10 
method, dynamically choosing the most abundant pre-
cursor ions from the survey scan (250–1250  m/z) in 
positive mode. Survey scans were acquired at a resolu-
tion of 70,000 and a maximum injection time of 100 
ms. Dynamic exclusion duration was 30  s. Isolation of 
precursors was performed with a 2.0 m/z window and a 
maximum injection time of 200 ms. The resolution for 
high energy collision dissociation (HCD) spectra was set 
to 17,500 and the normalized collision energy was 30 eV. 
The under-fill ratio was defined as 1.0%. The instrument 
was run with peptide recognition mode enabled, but 

exclusion of singly charged and charge states of more 
than five.

Database search and quantification
The MS data were searched using the Proteome Discov-
erer 2.2 Sequest HT search engine (Thermo Fisher Sci-
entific), against the UniProt human database. The false 
discovery rate (FDR) was set to 0.01 for proteins and pep-
tides, which had to have a minimum length of 6 amino 
acids. The precursor mass tolerance was set at 10 ppm 
and the fragment tolerance at 0.02 Da. One miss-cleavage 
was tolerated, and the oxidation of methionine was set as 
a dynamic modification. Carbamidomethylation of cyste-
ines was set as fixed modifications. Label-free quantita-
tion was conducted using the Minora Feature Detector 
node in the processing step and the Feature Mapper node 
combined with the Precursor Ions Quantifier node in the 
consensus step with default settings within Proteome 
Discoverer 2.2.

Data preprocessing and quality control
The pre-processing of the raw proteomics data and the 
differential expression analysis was done using the DEP 
R/Bioconductor package [21] (version 1.22.0). Similar to 
the transcriptomics analysis, sex chromosomal proteins 
were excluded. Furthermore, autosomal proteins were 
excluded if, in every experimental group (i.e., genotype/
region/time combinations), two or three replicates had 
missing values. Thus, proteins were only included in the 
analysis if they were quantified in at least two replicates 
of at least one experimental group. Accordingly, the data 
was normalized using variance stabilizing normaliza-
tion (VSN) and mixed imputation was performed for 
the imputation of missing values. Specifically, k-nearest 
neighbors (kNN) imputation was done for values missing 
at random (MAR), while quantile regression imputation 
of left-censored data (QRILC) was performed for values 
missing not at random (MNAR). For this, proteins miss-
ing in all replicates of at least one experimental group 
were considered MNAR. Boxplots of the protein expres-
sion values and PCA plots were constructed for the 
assessment of the pre-processing quality. Finally, the pro-
teins (UniProt ID) were matched to their corresponding 
gene (Ensembl ID and HGNC symbol) using the biomaRt 
R/Bioconductor package [22] (version 2.56.1).

Evaluation of the spatiotemporal expression profile
To evaluate quality of the induced spatiotemporal dif-
ferentiation, the mRNA expression of known plu-
ripotency (NANOG), neural progenitor cell (NES), 
neuronal (TUBB3, MAP2), forebrain (OTX1, FOXG1), 
ventral region (GSX2, DLX2, NKX2-1, LHX6, GAD1, 
GAD2), and dorsal region (SATB2, EOMES, BCL11B, 
LHX2, EMX1, TBR1, PAX6) markers was evaluated [14]. 
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The expression for each gene was converted to a z-score 
through unit variance scaling. Furthermore, organoid 
sections (day 41) were prepared and immunostained 
as previously described [14, 15]. The dorsal and ventral 
organoid sections were immunostained for TBR1 (Rabbit 
anti-TBR1; Millipore) and FOXG1 (Rabbit anti-FOXG1; 
Cell Signaling Technology), respectively. Goat anti-Rab-
bit IgG, Alexa FluorTM–546 (Thermo Fisher Scientific) 
was used as the secondary antibody. DAPI (Sigma) was 
used for nuclear counterstaining.

To further evaluate the spatiotemporal expression pro-
file in the transcriptomics dataset, analysis of the PCA 
loadings was performed to characterize the genes with 
a time-dependent expression profile. As PC1 captured 
most of the variation over time, the loadings of PC1 were 
used to rank the genes for the Gene Ontology (GO) gene 
set enrichment analysis (GSEA). In short, GSEA evalu-
ates whether the genes of a GO term are non-randomly 
distributed in the ranked gene list. Particularly, a negative 
enrichment score indicates that the genes of the corre-
sponding GO term are more prevalent among the genes 
with a negative PC1 loading, while a positive enrichment 
score denotes a higher abundance of positively loaded 
genes, both pointing at time-dependent expression pro-
files for these terms. The GSEA was performed using 
the clusterProfiler R/Bioconductor package [23] (ver-
sion 4.8.3). To avoid redundancy of GO terms, we only 
focused on the Biological Process (GO-BP) aspect, and 
the rrvgo R/Bioconductor package [24] (version 1.12.2) 
was applied to cluster similar GO terms using Resnik 
similarity (threshold = 0.85) with the most significant GO 
term as the representative term for the cluster. Similar 
to the transcriptomics data, PC1 of the proteomics data 
captured most of the time-dependent variation and the 
proteins with the largest negative and positive PC1 load-
ings were considered to have a time-dependent expres-
sion profile.

Due to the absence of vasculature in the forebrain 
organoid model, apoptosis may occur at later develop-
mental stages. Hence, the protein expression levels of 
known pro-apoptotic markers BAX, CASP3, and CASP6 
and anti-apoptotic marker BAG1 were evaluated to 
assess the potential presence of an apoptotic expression 
profile across the neurodevelopmental stages.

Identification of RTT-specific alterations
Identification of protein markers
To identify proteins with an altered expression profile 
in RTT at each time point and brain region, differential 
expression analysis was performed using the DEP R/Bio-
conductor package [21] (version 1.22.0), which applies 
the limma R/Bioconductor package [25] (version 3.56.2) 
to fit protein-wise linear regression models. Proteins 
with an FDR-adjusted P value < 0.05 and absolute log2 

fold change (|log2FC|) > 1 were considered differentially 
expressed. Accordingly, we identified proteins with par-
ticular time- and region-specific alterations by applying 
selection criteria as described in Table S1, Additional file 
1.

In a separate analysis, we aimed at identifying proteins 
with a transient, early time differential expression profile. 
These transient proteins markers were defined as being 
differentially expressed at day 13 (FDR-adjusted P value 
< 0.05 and |log2FC| > 1), while remaining unchanged 
at days 40 and 75 (nominal P value > 0.1). To compare 
protein and gene expression profiles, proteins and their 
corresponding genes were matched using biomaRt R/
Bioconductor package [22] (version 2.56.1).

Trajectory inference analysis
Trajectory inference was performed using genes 
annotated to the forebrain development GO term 
(GO:0030900). PCA was conducted on IC samples only 
to define a reference developmental trajectory. A smooth-
ing spline was fitted through the IC samples in PCA space 
to model the progression of forebrain development. RTT 
samples were subsequently projected into the same PCA 
space, and pseudotime values were assigned by identify-
ing the closest point on the reference spline. Pseudotime 
was defined as the distance along the spline. Trajectory 
inference was conducted separately for dorsal and ventral 
forebrain organoids. Differences in pseudotime between 
RTT and IC samples at each time point were assessed 
using Welch’s two-sample t-test.

Identification of alterations in GABAergic and glutamatergic 
signaling 
To investigate how GABAergic signaling in the ventral 
(i.e., GABAergic) region and glutamatergic signaling 
in the dorsal (i.e., glutamatergic) region were affected 
in RTT, we visualized the signed -log10 P value (Eq. 1) 
of GABAergic and glutamatergic signaling-associated 
genes over time in the ventral and dorsal region, respec-
tively. Particularly, for this analysis, genes involved in 
GABA or glutamate synthesis, transport, and recep-
tion were selected from the GABA receptor signaling 
(WP4159) and Neuroinflammation and glutamatergic 
signaling (WP5083) pathways from WikiPathways [26], 
respectively.

Identification of altered biological processes
For the transcriptomics data, instead of identifying indi-
vidual markers, we focused on characterizing the altered 
biological processes in the RTT organoids. For this, the 
quasi-likelihood F-test from the edgeR R/Bioconductor 
package [20] (version 3.42.4) was first applied to assess 
the statistical significance of the gene expression differ-
ence between the RTT and IC at each time point (i.e., 



Page 7 of 22Koetsier et al. Journal of Neurodevelopmental Disorders           (2026) 18:33 

days 0, 13, 40, and 75) per region (i.e., ventral and dorsal 
region). Subsequently, GO-BP GSEA (clusterProfiler R/
Bioconductor package [23], version 4.8.3) was performed 
at each time point and brain region separately using the 
signed -log10 P value to rank the genes (Eq. 1).

	 Ranking Score = −log10 (P value) · sgn (log2FC) 
� (Equation 1)

To avoid redundancy of GO terms, the rrvgo R/Biocon-
ductor package [24] (version 1.12.2) was applied to clus-
ter similar GO terms using Resnik similarity (threshold 
= 0.8). To be able to jointly represent the results from 
the different time points and brain regions, the GO term 
with the highest mean -log10 P value over all time points 
and brain regions was chosen as the representative term.

Despite the lower coverage of the proteomics com-
pared to the transcriptomics data, it is still purposeful to 
see whether the altered biological processes at the tran-
scriptomics level are also reflected at the protein level. 
Hence, we also performed GSEA on the proteomics data 
using signed -log10 P value as the ranking variable (Eq. 1) 
for the significant GO-BP terms identified from the tran-
scriptomics data.

Validation and interpretation of the alterations in RTT
Validation in publicly available RNA-seq data
To further validate our GO-BP GSEA results, we 
searched the Gene Expression Omnibus (GEO) [27] web-
site (keyword: “Rett Syndrome”) for RNA sequencing 
data of RTT and control samples (species: homo sapiens; 
minimal sample size per experimental group: 3) (Table 
1). The raw count tables of four studies (i.e., GSE107399 
[28] GSE123753 [5] GSE117511 [9] and GSE128380 [29]) 
were downloaded from GEO. For each validation dataset 
separately, the lowly expressed genes were filtered out 
and the raw counts were normalized using the edgeR R/
Bioconductor package [20] (version 3.42.4). We applied 
the same filtering and normalization settings as for our 
own dataset. This package was also used to perform 

differential expression analysis. Depending on the study 
design, a different statistical model was fitted to assess 
the statistical significance of the expression difference 
between RTT and control samples (Table 1). GO-BP 
GSEA was performed for each dataset using the signed 
-log10 P value to rank the genes (Eq. 1). However, for the 
validation, we only focused on the significant GO-BP 
terms identified from our transcriptomics data.

Validation in publicly available proteomics data
To validate the findings from our proteomics data, 
the proteomics dataset of Varderidou-Minasian et al. 
(PXD013327) [30] was re-analyzed. This validation set 
includes the protein quantification of RTT and IC iPSC-
derived NPCs at four time points during neuronal dif-
ferentiation (days 3, 9, 15, and 22). Data pre-processing 
and differential expression analysis was performed using 
the DEP R/Bioconductor package [21] (version 1.22.0) as 
described for our proteomics data. The signed -log10 P 
value was used as the ranking variable for the GSEA (Eq. 
1).

Permutation analysis
To evaluate whether the number of GO-BP terms that 
reached statistical significance in the proteomics data 
and transcriptomics validation sets is more than expected 
by chance, a 1,000-permutation analysis was performed 
where, for each permutation, the genes/proteins were 
randomly ordered before performing GSEA. Particu-
larly, for each permutation of the transcriptomics data, 
a randomly ordered gene list was generated by randomly 
selecting a list of genes from the union of genes that pass 
quality control in at least one validation set. The length 
of the selected gene list was equal to the mean number 
of genes that passed QC in the different datasets. For the 
permutation analysis of the proteomics data, all proteins 
that passed QC were randomly ordered at each permu-
tation. The number of significant GO terms for each 
validation set was compared against the null distribution 
generated by the permutation analysis.

Table 1  Overview of the RNA-seq validation sets
GEO accession
(PubMed ID)

Origin/tissue MeCP2 mutation (domain*) Design Contrasts**

GSE107399
(PMID: 29742391)

Cell culture: induced pluripotent stem cells 
(iPSCs), neural progenitor cells (NPCs), and 
neurons.

X487W (CTD) or E235fs (TRD) Expr ~ 0 + (genotype * 
cell type) + patient

RTT.iPSC – WT.iPSC
RTT.NPC – WT.NPC
RTT.Neuron – WT.Neuron

GSE123753
(PMID: 32209477)

Cell culture: NPCs and neurons. Deletion of exons 3 and 4 
(NTD, MBD, ID, TRD, and CTD)

Expr ~ 0 + (genotype * 
cell type)

RTT.NPC – WT.NPC
RTT.Neuron – WT.Neuron

GSE117511
(PMID: 32526163)

Interneurons at different days of matura-
tion: D0, D10, D18, D32, D46, and D74.

R133C (MBD) Expr ~ 0 + geno-
type + time

RTT – WT

GSE128380
(PMID: 32561870)

Post-mortem brain: temporal cortex (TC) 
and cingulate cortex (CC).

T158M (MBD), exon deletion, 
or non-reported mutation.

Expr ~ 0 + (genotype * 
brain region)

RTT.TC – WT.TC
RTT.CC – WT.CC

*NTD N-terminal domain, MBD methyl binding domain, ID  inter domain, TRD  transcriptional repression domain, CTD  C-terminal domain. **RTT  Rett syndrome/
MECP2-mutant, WT wild type/control
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Validation in publicly available ChIP-seq data
In order to assess whether the identified GO-BP terms 
are transcriptionally regulated by MeCP2, we used the 
publicly available mouse ChIP-Seq dataset (GSE71126 
[31]) to quantify MeCP2 binding to the promoter region 
(+/- 3000 base pairs from the transcription start site 
(TSS)) of the genes annotated to the significant GO-BP 
terms identified from our transcriptomics data. The 
MeCP2 enrichment was quantified around the gene’s 
TSS (i.e., TSS +/- 3000 bp). The Welch two-sample t-test 
was applied to compare the mean level of MeCP2 enrich-
ment of the GO-BP term’s genes versus all other genes.

Interpretation of the altered biological processes
To understand the spatiotemporal expression profile of 
significant GO-BP terms, the eigengene and eigenpro-
tein of the GO terms were calculated and visualized. The 
eigengene was defined as the first principal component of 
the gene expression data of the genes in the correspond-
ing GO term. Similarly, the eigenprotein was defined as 
PC1 of the corresponding GO term’s protein expression 
data. The extent to which the individual genes/proteins 
in the term contribute to its eigengene’s/eigenprotein’s 
spatiotemporal expression profile was defined by their 
module membership. The module membership was cal-
culated as the absolute Pearson correlation coefficient of 
the gene/protein expression values with the eigengene/
eigenprotein.

Differential isoform usage analysis 
To assess changes in isoform usage, differential isoform 
usage (DIU) analysis was performed. We only included 
isoforms with a total raw gene count above 50 in all sam-
ples and a raw isoform count above 10 in all RTT or in 
all IC samples. The relative abundance of each isoform 
(i.e., ratio of isoform expression and total gene expression 
weighted by the transcript’s effective length) as estimated 
by RSEM [19] (version 1.3.3) was compared between 
RTT and IC using the Mann-Whitney U Test. A gene was 
considered to undergo DIU in case of a Mann-Whitney 
U test P value ≤ 0.1 at minimally four of the seven time 
points and/or brain regions. For the Mann-Whitney 
U test, a P value threshold of 0.1 was chosen because P 
≤ 0.05 cannot be reached for a sample size of three per 
experimental group.

Differentially regulated post-transcriptional events
To identify differentially regulated post-transcriptional 
events, a linear model was fitted with the protein expres-
sion (log2 intensity) as the dependent variable and the 
gene expression (log2 CPM) and experimental group 
(RTT and IC) as the independent variables. Genes were 

considered to be subject to differentially regulated post-
transcriptional events when the coefficient for the gene 
expression is significantly higher than 0 and the coef-
ficient for the experimental group is significantly differ-
ent from 0 (FDR-adjusted P value < 0.05). These criteria 
imply that we looked for genes whose protein expression 
depends on their gene expression, and that the intercept 
of this relationship is significantly different for the two 
groups.

Identification of protein and lncRNA regulators
To identify lncRNA and protein regulators of the signifi-
cant GO-BP terms from the transcriptomics analysis, we 
applied a tree-based network inference method (GENIE3 
R/Bioconductor package [32], version 1.22.0) with the 
eigengenes of the GO-BP terms as the target variables. 
When performing network inference, we limited poten-
tial regulators to proteins and lncRNAs. Specifically, we 
only used proteins that have been reported to act as a 
transcription factor [33] and lncRNAs that are known to 
physically interact with the DNA or a transcription fac-
tor protein (NPInter [34], version 5.0). The top 5% of the 
protein-eigengene interactions and the top five permille 
of the lncRNA-eigengene interactions were used to con-
struct the regulatory network.

Imprinted genes
Evaluation of the differential expression profile of imprinted 
genes
Since loss-of-imprinting has been suggested to be 
involved in RTT pathology [35], we characterized the dif-
ferential expression profile of previously reported or pre-
dicted imprinted genes (geneimprint.com). Specifically, 
the Fisher’s Exact test was applied to assess whether the 
odds of a gene being differentially expressed (i.e., FDR-
adjusted P value < 0.05 and |log2FC| > 1) was significantly 
different for imprinted genes than for non-imprinted 
genes. The Fisher’s Exact test was chosen to accommo-
date for the low frequency of imprinted genes.

Validation of the differential expression profile
The differential expression profile of imprinted genes 
was validated in the publicly available RNA-seq datas-
ets (Table 1). However, as the number of differentially 
expressed genes in these validation datasets was limited, 
we used the nominal P value instead of the FDR-adjusted 
P value to establish the differential expression status of 
a gene. Individual effects of the different validation sets 
were pooled by fitting a random effects model (inverse 
variance method, restricted maximum-likelihood estima-
tor, Hartung-Knapp adjustment) using the meta package 
[36] (version 7.0.0).
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Evaluation of MeCP2 binding to the promoter of imprinted 
genes
We used the publicly available mouse ChIP-Seq data-
set (GSE71126 [31]) to quantify MeCP2 binding to the 
promoter region (+/- 3000 base pairs from the TSS) 
of imprinted and non-imprinted genes. The imprinted 
genes for the mouse species were retrieved from geneim-
print.com. The Welch two-sample t-test was applied to 
compare the mean level of MeCP2 enrichment between 
imprinted and non-imprinted genes.

Allele-specific expression analysis
Using our RNA-seq data, allele-specific expression (ASE) 
analysis was performed to investigate the loss or gain of 
bi-allelic expression of imprinted genes based on hetero-
zygous genotype calls in these genes. ASE was performed 
using the CollectAllelicCounts function of the Genome 
Analysis Toolkit (GATK, version 4.5.0) [37]. The ASE 
score for a specific single nucleotide polymorphisms 
(SNP) was defined as the ratio between read count of 
the highest expressed allele and the total read count, as 
described before [38]. Here, an ASE score of 0.5 corre-
sponds to a bi-allelic expression with 50% of the reads 
coming from either allele, while a score of 1 indicates a 
purely mono-allelic expression. To limit the potential bias 
introduced by spontaneous mutations during the genera-
tion and maintenance of the brain organoids, we limited 
our ASE analysis to the SNPs from the Axiom Exome 
Plus genotypes VCF file (genomics-public-data, GATK 
resource bundle [37]) which include coding variants 
observed multiple times in different sequencing datasets.

A gene was considered bi-allelically expressed if it has 
an ASE score < 0.85 with reference and alternative allele 
count > 5 in all samples of at least four time points and/or 
brain regions. Genes with a bi-allelic expression in either 
the RTT or IC group were considered to have a differen-
tial ASE in the case of Mann-Whitney U Test P value ≤ 0.1 
at minimally four time points and/or brain regions.

The ASE results were validated in mouse RNA-Seq data 
(GSE71126 [31]). The ASE validation analysis was limited 
to the mouse genome collection of SNPs (REL2021) from 
the Mouse Genomes Project [39]. For this validation, a 
gene was considered bi-allelically expressed if it has an 
ASE score < 0.85 with reference and alternative allele 
count > 5 in all samples of an experimental group (i.e., 
RTT and wild-type (WT)). Genes with a bi-allelic expres-
sion in either the RTT or WT group were considered to 
have a differential ASE in case of Mann-Whitney U Test 
P value ≤ 0.1.

Results
The multi-omic profile captures neurodevelopmental 
processes with a dynamic spatiotemporal expression
In order to study the spatiotemporal expression profile 
of the developing brain, both dorsal and ventral fore-
brain organoids were cultured for 75 days using a patient-
derived hiPSC cell line (46, XX) with the MeCP2:R255X 
nonsense mutation (RTT) and the respective isogenic 
control (IC) cell line. Transcriptomic and proteomic pro-
files were characterized at days 0, 13, 40, and 75 (Fig. 1A). 
The quality control of the transcriptomics and proteomics 
data demonstrated high data quality (Figure S1, Addi-
tional file 1), the absence of an enhanced pro-apoptotic 
protein expression profile at the latest developmental time 
points (Figure S2A, Additional file 1), and mono-allelic 
expression of the MECP2 gene (Figure S3, Additional file 
1). Furthermore, the region- and/or time point-specific 
markers [14] exhibited the desired spatiotemporal expres-
sion patterns (Fig. 1B), which was further confirmed by 
immunofluorescence imaging (Figure S4, Additional file 
1). Gomes et al. demonstrated that RTT (MeCP2:R255X) 
and IC ventral and dorsal forebrain organoids are elec-
trophysiologically active and contain astrocytes [14]. The 
latter was supported by our transcriptomics data, which 
showed elevated expression levels of the astrocyte mark-
ers GFAP, S100B, and SOX9 at later neurodevelopmental 
stages (Figure S5, Additional file 1).

For both the transcriptomics and proteomics data, 
the first principal component (PC1), which captures the 
largest amount of variance in the data, distinguished the 
different neurodevelopmental stages, with higher PC1 
scores indicating more advanced developmental time 
points (Fig. 1C and Figure S2B, Additional file 1). There-
fore, to identify the biological processes that exhibit time-
dependent transcriptional changes, gene set enrichment 
analysis (GSEA) was conducted on the PC1 loadings of 
the transcriptomics data. This analysis showed that DNA- 
and RNA-associated processes, such as Transcription by 
RNA polymerase I, RNA modification, and Chromosome 
segregation are particularly active during the early time 
points (Fig. 1C). In contrast, neuronal differentiation-
associated processes, including Neuron recognition, Regu-
lation of synaptic structure or activity, and Cognition have 
a high gene expression at the later neurodevelopmental 
stages (Fig. 1C). The temporal expression profile of these 
processes are confirmed by the expression data of the 
LIBD Stem Cell Browser [40] (Figure S6, Additional file 
1). Similarly, in the proteomics data, the proteins with an 
increased expression at the latest neurodevelopmental 
stages include proteins (i.e., MAP1B, DPYSL2, NCAM1) 
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that are enriched in the brain (proteinatlas.org [41], ver-
sion 23.0), while those with a lower expression at these 
later stages solely encompassed ribosomal proteins (i.e., 
RPL5, RPL3, RPS3A, RPS26, RSL1D1) that do not exhibit 
a tissue-specific expression profile (Figure S2B, Addi-
tional file 1).

RTT organoids exhibit region- and time-specific gene and 
protein expression alterations
Depending on the brain region and time point, the num-
ber of differentially expressed genes (i.e., FDR-adjusted P 
value < 0.05 and |log2FC| > 1) for the “RTT versus IC” sta-
tistical comparison varied between 1,735 and 3,649, while 
the number of differentially expressed proteins (i.e., FDR-
adjusted P value < 0.05 and |log2FC| > 1) ranged between 
67 and 304 (Fig.  2A-B and Figure S7, Additional file 1). 
From the differentially expressed proteins, we identified 
five species that were differentially expressed with a con-
sistent direction of effect at minimally six of the seven 
time points and/or brain regions (i.e., PSMD5, GSTM1, 
KLC2, ACP1, and CRYZ).

Although there were no proteins with an early-time dif-
ferential expression profile (i.e., differentially expressed at 
day 0 and day 13 in both regions), we identified 18 neural 
progenitor cell (NPC)-specific protein markers that are 
specifically differentially expressed at day 13, but not at 
the later developmental stages (Figure S8, Additional file 
1). Among these 18 transiently differentially expressed 
proteins are multiple neurodevelopmental (e.g., ROBO2, 
SS18L1, PPP2R5D, and CYFIP2) and mitochondrial 
(e.g., NDUFS7, MICOS13, and NDUFA6) proteins. Fur-
thermore, we identified several proteins with mid- and 
late-time changes as well as proteins with region-spe-
cific (ventral or dorsal) alterations (Fig. 2C). The protein 
expression profiles of 3,341 of the 3,428 proteins that 
passed QC were successfully mapped to their corre-
sponding gene expression profiles. The median Spearman 
correlation between gene and protein expression of gene-
protein pairs was 0.51, with 16% of the pairs exhibiting a 
negative correlation (Figure S9, Additional file 1). Nota-
bly, many of the identified protein markers in Fig. 2C had 
a similar differential expression profile at the transcrip-
tomics level.

GABAergic expression profile is altered in the RTT ventral 
region
Since synaptic dysfunction is known to be central in RTT 
pathology [1], we also investigated the transcriptomic 
changes in GABAergic signaling in the ventral (i.e., GAB-
Aergic) region and glutamatergic signaling in the dorsal 
(i.e., glutamatergic) region. At the late time points (i.e., 
days 40 and 75), when neurons appear the ventral region 
forebrain organoids, there was an increased expression in 
RTT of the genes involved in GABAergic signaling (Fig. 

2D-E). In line with these findings, DLX5-AS, a positive 
regulator of GABAergic signaling [42], was found to be 
upregulated, while the negative regulator BDNF [43] had 
a downregulated mRNA expression in the ventral region 
(Figure S10, Additional file 1). In contrast, no consistent 
up- or downregulation of glutamatergic signaling-associ-
ated genes was identified in the dorsal region (Figure S11, 
Additional file 1).

RTT organoids show transcriptomic and proteomic 
changes in chromatin remodeling, post-transcriptional 
regulation, and neuronal development
After the differential expression analysis, GSEA was per-
formed to identify the biological processes with altered 
gene expression levels between RTT and IC organoids. 
This analysis led to the identification of 26 Gene Ontol-
ogy – Biological Process (GO-BP) terms with an FDR-
adjusted P value < 0.05 at minimally four of the seven 
time points and/or brain regions. As shown in Fig.  3, 
these terms fall within three broad categories: (1) neuro-
nal migration and development-related processes (blue 
cluster), (2) DNA-associated processes (green cluster), 
and (3) post-transcriptional and other processes (yel-
low cluster). In addition to these GO-BP terms with an 
overall differential expression profile, we identified sev-
eral GO-BP terms that are specific to the late time points 
(e.g., Positive regulation of cytokine production), mid time 
points (e.g., Response to radiation), ventral region (e.g., 
Cell-substrate adhesion), and dorsal region (e.g., Purine-
containing compound metabolic process) (Figures S12 
and S13, Additional file 1). Despite the lower coverage, at 
most time points and/or brain regions, minimally six of 
the 26 GO-BP terms with an overall differential expres-
sion profile reached statistical significance (P value < 0.05) 
in the proteomics data (Fig.  3). Using a 1000-permuta-
tion analysis, we estimated that the probability of having 
at least six significant GO-BP terms for randomly labeled 
proteomics data is 9e-3. Notably, some of the changes 
might be caused by a different developmental timing of 
RTT and IC forebrain organoids (Figure S14, Additional 
file 1).

Independent data validate the identified transcriptomic 
and proteomic changes
To validate our GO-BP GSEA results, we characterized 
RTT-associated alterations in independent RTT RNA-
seq datasets from male (GSE117511 [9]) and female 
(GSE107399 [28] and GSE123753 [5]) neural cell cul-
tures and postmortem brains (GSE128380 [29]) as well 
as in a RTT proteomics dataset from iPSCs undergoing 
neuronal differentiation (PXD013327 [30]). Interestingly, 
the identified 26 GO-BP terms with significant changes 
at minimally four of the seven time points and/or brain 
regions (Fig. 3) also showed significant alterations in 
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Fig. 2  Characterization of the spatiotemporal alterations in RTT. A Volcano plots of the proteomics data for the comparison RTT vs. IC at each time point 
and brain region. B Volcano plots of the transcriptomics data for the comparison RTT vs. IC at each time point and brain region. Note that, in the volcano 
plots (panel A and B), the D0/iPSC comparison is the same for the ventral and the dorsal region. C Bar chart of the log2FCs of the overall and region/
time-specific protein markers at the different time points and/or brain regions (left). The log2FCs of the corresponding genes are shown in the right 
panel. The bar size corresponds to the absolute log2FC, and the black border around the bars indicates an FDR-adjusted P value < 0.05 and |log2FC| > 1. 
D Circular heatmap of gene expression changes in GABAergic signaling-associated genes colored by the signed -log10 P value (i.e., -log10 P value * sign 
log2FC) for the comparison RTT vs. IC. A consistent gene expression upregulation in RTT is seen at days 40 and 75. The black border around the heatmap 
tiles indicates an FDR-adjusted P value < 0.05. E Schematic overview of the GABAergic signaling pathway and their associated genes. The pathway was 
created with BioRender.com
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the different transcriptomics and proteomics valida-
tion sets (Fig. 4A). Specifically, permutation analysis 
revealed that the probability of having at least six of the 
26 significantly enriched GO-BP terms is approximately 
3e-3 for randomly labeled transcriptomics data and 4e-3 
for randomly labeled proteomics data, indicating that 

the observed findings are unlikely to have occurred by 
chance. However, the direction of effect is not always 
consistent between the different transcriptomics and 
proteomics validation sets.

Among the identified GO terms, Cytoplasmic transla-
tion (GO:0002181) reached statistical significance in most 

Fig. 3  Gene Ontology (GO) Gene Set Enrichment Analysis (GSEA) results of RTT versus IC forebrain organoids. A The heatmap of the transcriptomics 
results (left) shows the signed -log10 P value of the GO terms with an FDR-adjusted P value < 0.05 at minimally four time points and/or brain regions. The 
GO terms fall into three broad categories: (1) neuronal migration and development-related processes (blue cluster), (2) DNA-associated processes (green 
cluster), and (3) post-transcriptional and other processes (yellow cluster). The sign of the signed -log10 P value is determined by the enrichment score, 
where a negative and a positive score indicate an overrepresentation of the GO term’s genes among the down- and upregulated genes, respectively. The 
black border around the heatmap tiles indicates an FDR-adjusted P value < 0.05. The GSEA heatmap on the right shows the signed -log10 P value of the GO 
terms from our proteomics analysis. In this heatmap, a P value < 0.05 is indicated by a black border around the heatmap tiles. B Network diagram showing 
the overlap between GO terms, quantified using the Jaccard index. The Jaccard index is the number of shared genes between two GO terms divided by 
the total number of unique genes present in either term (i.e., the set size of the intersection divided by the set size of the union). The edge width is pro-
portional to the Jaccard index, with thicker edges indicating greater gene overlap. The node colors correspond to the three GO categories from panel A
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Fig. 4 (See legend on next page.)
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of the transcriptomics and proteomics datasets (Figs.  3 
and 4A). Specifically, the protein and RNA expression 
of cytoplasmic translation-related genes was slightly 
increased in the dorsal/glutamatergic region, whereas its 
expression was more pronouncedly decreased at the lat-
est time points of the ventral/GABAergic region. Inter-
estingly, the changes in this GO term are particularly 
driven by the expression alterations of the small and large 
ribosomal subunit proteins (Figures S15 and S16, Addi-
tional file 1).

Given the changes in the gene and protein expres-
sion of RNA splicing, via transesterification reactions 
(GO:0000375), we sought to investigate whether we could 
observe differential isoform usage (DIU) in the RTT fore-
brain organoids. Through the DIU analysis, we identified 
443 genes with changes in the relative isoform expression 
level at minimally four time points and/or brain regions. 
Interestingly, 216 of these 443 DIU genes were also dif-
ferentially expressed (i.e., FDR-adjusted P value < 0.05) at 
minimally four time points and/or brain regions. Addi-
tionally, 15 of the 26 GO terms of Fig. 3 were significantly 
enriched with the DIU genes, with Cytoplasmic transla-
tion (GO:0002181) being the most significant (Figure 
S17, Additional file 1). Together, these findings indicate 
that alterations in the relative isoform distribution in 
RTT are often associated with gene expression changes, 
where not all of the gene’s isoforms contribute equally to 
the increasing or decreasing expression levels. This can, 
among others, be seen for the ribosomal protein gene 
RPL9, where predominantly the protein-coding RPL9-
201 and − 203 isoforms are responsible for the increased 
RPL9 expression in RTT (Figure S18, Additional file 1). It 
should, however, be noted that changes in isoform usage 
cannot only be attributed to alternative splicing but can 
also be the result of alternative promotor usage or alter-
native polyadenylation [44].

In order to determine whether the differential 
expressed processes are direct regulatory targets of 
MeCP2, we re-analyzed the MeCP2 ChIP-Seq data of 
Rube et al. (GSE71126 [31]). In the original study, Rube et 
al. measured MeCP2 chromatin binding in mouse olfac-
tory neuroepithelia at higher resolution than other avail-
able animal and human MeCP2 ChIP-seq data. We found 
significantly higher MeCP2 enrichment around the tran-
scription start site (i.e., TSS +/- 3000 bp) of particularly 
neuronal migration and development-related genes (blue 

cluster) than would have been expected by chance (Fig. 
4B). For instance, Ameboidal-type cell migration – cell 
migration using temporary cellular projections – might 
be under direct control by MeCP2 as it reached high lev-
els of statistical significance at protein, RNA, and MeCP2 
promotor-binding levels (Figs. 3 and 4, and S19, Addi-
tional file 1). In contrast, the observed transcriptomics 
and proteomics changes in Cytoplasmic translation and 
RNA splicing, via transesterification reactions (Figs. 3 and 
4A) level may not have directly resulted from changes 
in MeCP2 promotor-binding activity (Figs. 4B and S19, 
Additional file 1).

Because the active X chromosome is different between 
the RTT and IC samples, we excluded X-linked genes 
from our organoid analyses. To nevertheless assess 
whether X chromosomal alterations could play a role 
in RTT pathology, we performed differential gene 
expression analysis of X-linked genes in independent 
RNA-seq validation datasets from post-mortem brains 
(GSE128380) and male interneurons (GSE117511). The 
X-linked genes MAOA and IL13RA were differentially 
expressed (P value < 0.05) in both datasets (Figure S20, 
Additional file 1).

Network inference identified differentially expressed 
proteins and lncRNAs as key regulators
The altered expression profile of the identified biologi-
cal processes may either have resulted directly from the 
loss of MeCP2 binding to the gene promoter or relate to 
changes in the expression of other protein or lncRNA 
regulators. To identify potential lncRNA and protein 
regulators of the 26 GO-BP terms, we performed net-
work inference with the eigengene (i.e., the first principal 
component) of the GO-BP terms as target variables. This 
analysis resulted in a network with 15 candidate lncRNA 
regulators and 9 protein regulators (Fig. 5A). Of these 
potential regulators, 11 lncRNAs and 2 proteins were dif-
ferentially expressed (i.e., FDR-adjusted P value < 0.05) 
at minimally three time points and/or brain region (Fig. 
5A). Among these differentially expressed regulators, the 
transcription factor ZNF326 as well as several lncRNA 
genes, such as PWRN1, OSER1-DT, and the miRNA host 
genes MIR100HG, MIR137HG, and MIR181A1HG, are 
associated with multiple CNS-related traits (GWAS Cat-
alog [45] version 2023-12-20) (Fig. 5B). Together, the con-
vergence of (1) predicted regulation of RTT-dysregulated 

(See figure on previous page.)
Fig. 4  Validation of the GSEA results. A The heatmap shows the signed -log10 P value of GSEA in the transcriptomics validation sets (left panel) and 
proteomics validation set (right panel) for the 26 GO-BP terms shown in Fig. 3. The GO terms fall into three broad categories: (1) neuronal migration and 
development-related processes (blue cluster), (2) DNA-associated processes (green cluster), and (3) post-transcriptional and other processes (yellow clus-
ter). The black border around the heatmap tiles indicates a P value < 0.05. B The left panel shows the statistical significance (i.e., -log10 Welch two sample 
t-test P value) of the mean MeCP2 enrichment around the TSS (+/- 3000 bp) of the genes annotated to the corresponding GO term versus all other genes. 
The dashed line indicates the P value threshold of 0.05. The top right panel shows the MeCP2 enrichment of the genes annotated to the Ameboidal-type 
cell migration (GO:0001667) term. The mean MeCP2 enrichment of these genes (blue) versus the enrichment of 100 random gene sets (grey) is visualized 
in the bottom right panel
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Fig. 5  Identification of potential regulators. A The chord diagram shows the potential lncRNA and protein regulators (right) for each of the 26 GO-BP 
terms (left). The heatmap on the right visualizes the spatiotemporal differential expression (signed -log10 P value) profile for each of the potential regula-
tors. The black border around the heatmap tiles indicates an FDR-adjusted P value < 0.05. B Network diagram of the association between the potential 
regulators and CNS-related traits (GWAS Catalog version 2023-12-20). The potential regulators from panel A were included in the diagram if they were 
differentially expressed at minimally three time points and/or brain regions and had minimally one association with a CNS-related trait. AD: Alzheimer’s 
disease; ADHD: attention deficit hyperactivity disorder; AN: anorexia nervosa; ASD: autism spectrum disorder; BD: bipolar disorder; EA: education attain-
ment; MS: multiple sclerosis; NAS: neonatal abstinence syndrome, OCD: obsessive-compulsive disorder; PUD: peptic ulcer disease; TS: Tourette syndrome; 
UD: unipolar depression
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processes, (2) consistent temporal and/or regional dys-
regulation, and (3) independent genetic links to CNS-
related traits supports their potential relevance to RTT 
pathophysiology.

Imprinted genes are more likely to be differentially 
expressed in RTT
The involvement of dysregulated genomic imprinting 
in RTT pathology is under debate. While some studies 
show a dysregulated imprinted status of several genes 
in response to MeCP2 loss-of-function [35, 46], others 
show that the imprinted status remains unaffected [47]. 
To investigate the potential pathological role of imprinted 
genes in RTT, we characterized the differential expres-
sion profile of previously reported or predicted imprinted 

genes (geneimprint.com). Only 1% of the genes that 
passed QC were predicted or reported to be imprinted 
(i.e., Nimprinted = 164). Interestingly, imprinted genes tend 
to be differentially expressed at more time points and/
or brain regions than non-imprinted genes (Fig. 6A). For 
instance, the imprinted genes MEG3, MEG8, ZNF229, 
and MEST genes were significantly upregulated at mini-
mally six of the seven time points/brain regions (Figure 
S21, Additional file 1). Notably, MEST has two promoter 
regions of which only one is imprinted [48]. The MEST 
isoform transcribed from the imprinted promoter (e.g., 
MEST-201) demonstrated a significant increase in the 
relative isoform abundance in RTT, while the MEST iso-
form transcribed from the non-imprinted promoter (e.g., 
MEST-202) had a decreased relative isoform abundance 

Fig. 6  RTT-specific alterations in imprinted genes. A A bar chart visualizing the distribution of the number of imprinted and non-imprinted genes that 
are differentially expressed (i.e., differentially expressed genes; DEGs) at different numbers of time points/brain regions. The absolute number of genes is 
indicated by the text on top of the bars. In this plot, it can be seen that three imprinted genes (i.e., MEG3, MEG8, and ZNF229) are differentially expressed 
at all seven time points and/or brain regions. A gene was considered differentially expressed in case of a |log2FC| > 1 and FDR-adjusted P value < 0.05. B 
The odds ratio (OR) and the corresponding 95% confidence interval of being downregulated (blue), upregulated (red), or differentially expressed in either 
direction (grey) for imprinted genes versus non-imprinted genes is shown at the different time points and brain regions. For most time points and brain 
regions, the OR is significantly higher than one (i.e., black horizontal line). C The odds ratio (OR) and the corresponding 95% confidence interval of being 
downregulated (blue), upregulated (red), or differentially expressed in either direction (grey) for imprinted genes versus non-imprinted genes is shown for 
the different RNA-seq validation sets. Note that for the validation sets the nominal P value instead of the adjusted P value was used to determine the dif-
ferential expression status of a gene to increase the number of DEGs for the statistical analysis (i.e., Fisher’s exact test). D Mean tag counts at the promoter 
region (+/- 3000 bp from the TSS) for imprinted (n = 79) and non-imprinted genes (n = 25,000) in the publicly available MeCP2 ChIP-Seq data (GSE71126). 
The orange lines on the background are the mean tag counts of 100 random permutations where for each permutation 79 random genes were selected. 
These permutations indicated that MeCP2 binds more abundantly to the promoter region of imprinted genes than expected for a random set of genes
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(Figure S22, Additional file 1), suggesting that the 
increased MEST mRNA levels are particularly driven by 
increased activity of the imprinted promoter in RTT.

In general, we found that at almost all time points and 
brain regions, the odds of an imprinted gene to be dif-
ferentially expressed was significantly higher than for the 
non-imprinted genes (Fig. 6B), a property that was also 
observed in multiple validation sets (Fig. 6C). Further-
more, the re-analysis of publicly available MeCP2 ChIP-
Seq data (GSE71126 [31]) indicated that MeCP2 binds 
more abundantly to the promoter region of imprinted 
genes than non-imprinted genes (P value = 8.9e-9, Fig. 
6D). Imprinted genes with higher levels of MeCP2 pro-
moter enrichment also exhibited larger expression 
changes in MeCP2 knockout mice (Figure S23, Addi-
tional file 1). Hence, the direct binding of MeCP2 to 
imprinted promoter regions might be one way by which 
MeCP2 can regulate the expression of imprinted genes. 
Interestingly, from the 26 identified GO terms, only Cell-
cell signaling by wnt (GO:0198738) is overrepresented 
with imprinted genes (FDR-adjusted P value = 8.7e-3).

To investigate whether the changes in the expression 
profiles of imprinted genes are associated with the loss or 
gain of bi-allelic expression, we performed allele-specific 
expression (ASE) analysis on our transcriptomics dataset. 
It should be noted that due to the developmental stage- 
and tissue-specific nature of genomic imprinting [49], 
not all of the previously reported imprinted genes are 
expected to have a mono-allelic expression in the devel-
oping forebrain organoids. Indeed, ASE analysis on our 
transcriptomics dataset revealed that at least 11 of the 
reported imprinted genes had a bi-allelic expression in 
at least four time points and/or brain regions in the IC 
brain organoids (Table S2, Additional file 1). Interest-
ingly, four of these genes (MZF1, OBSCN, TSHZ3, and 
RHOBTB3) lost their bi-allelic expression in RTT (i.e., 
Mann-Whitney U Test P value < 0.1 at minimally four 
time points and/or brain regions) (Figure S24A, Addi-
tional file 1). We also identified two imprinted genes 
(MAGI2 and DLK1) with a monoallelic expression in IC 
that exhibited a bi-allelic expression in the RTT organ-
oids (Figure S24A, Additional file 1). Nevertheless, the 
loss- or gain- of bi-allelic expression was mostly not 
associated with a decrease or increase in total expression 
levels (Figure S24B, Additional file 1). Only the MEG3, 
MEG8 and MEG9 genes located in the same genomic 
region as the DLK1 gene, an imprinted gene that lost its 
mono-allelic expression in the RTT organoids, demon-
strated strong upregulation in RTT. However, as these 
imprinted genes demonstrated a fold change increase of 
significantly larger than two (Figure S25, Additional file 
1), the increase cannot solely be attributed to the gain of 
bi-allelic expression.

Discussion
In the present study, region-specific forebrain organoids 
with an RTT-causing MeCP2 mutation (MeCP2:R255X, 
rs61749721) and its isogenic control (IC) were utilized to 
characterize the spatiotemporal alterations in the RTT 
transcriptomic and proteomic profile. While GABAergic 
signaling was found to be specifically altered at the latest 
neurodevelopmental stages, transcriptomic alterations in 
neuronal migration and development, DNA-associated 
processes, and post-transcriptional regulation occurred 
across multiple developmental phases. The involvement 
of these biological processes in RTT pathology was also 
observed at the protein level and in multiple indepen-
dent RNA-seq datasets. Finally, we proposed potential 
lncRNA and protein regulators of these processes and 
provided evidence for a pathological role of imprinted 
genes.

A role of MeCP2 in chromatin remodeling and genomic 
imprinting
At both transcript and protein levels, we identified sev-
eral DNA-associated processes that were significantly 
enriched with upregulated genes across multiple time 
points and regions (Figs. 3, green cluster). While the 
direct role of MeCP2 in the formation of heterochro-
matin compartments has recently been challenged [50], 
our findings suggest that MeCP2 may instead play an 
indirect role in modulating chromatin state by regulat-
ing the expression of genes involved in DNA-associated 
processes, such as Protein-DNA complex assembly, DNA 
replication, and Chromatin remodeling. Notably, these 
DNA-associated processes were also found enriched 
in the validation sets with varying tissue/cell types, but 
with contrasting directions of effect (Fig. 4A). Opposing 
directions of effect at the gene level have previously been 
observed among different cell/tissue types in RTT [51, 
52]. Given the dual role of MeCP2 as a transcriptional 
activator and repressor [53], the direction of MeCP2 
mutations-associated changes may depend on the biolog-
ical context, such as mutation type, cell type, and genetic 
background.

Among others, chromatin remodeling is essential for 
regulating a gene’s imprinted status [54]. Importantly, 
in addition to the dysregulated expression of chromatin 
remodeling-associated genes, we found that imprinted 
genes are more likely to be differentially expressed (both 
up- and downregulated) compared to non-imprinted 
genes (Fig. 6A-B). This pattern was consistent across 
several independent validation sets (Fig. 6C). Since the 
imprinting status might not be completely faithful in 
iPSC-derived model systems [55, 56], RNA-seq data (Fig. 
6C, GSE128380) and ChIP-seq data (Fig. 6D) from non-
iPSC-derived model systems were included among the 
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validation sets. Despite the potential unfaithful imprint-
ing status, iPSC-derived model systems still exhib-
ited preference for differential expression of imprinted 
genes (Fig. 6B-C). In such case, this observation may be 
explained by previous research indicating that MeCP2 
binding to DNA is largely independent of DNA methyla-
tion status [31].

Although the role of MeCP2 in genomic imprinting is 
debated [47], due to Dlx5 loss-of-imprinting in Mecp2-
null mice, MeCP2 has previously been proposed as a 
regulator of imprinting [35, 46]. Moreover, the upregu-
lation of the murine homolog of DLX6 [46], MEG3 [57], 
and miRNA genes in the MEG3-imprinted region [58] 
(i.e., 14q32.2 in human) has also been observed in RTT 
mice models. The role of MeCP2 in imprinting has been 
further elucidated by Kernohan et al., who propose that 
MeCP2 can cooperate with ATRX and cohesion to silence 
several imprinted genes in mouse brains [59]. In line with 
this, we found that MeCP2 indeed preferentially binds 
to the promoter region of imprinted genes (Fig. 6D). In 
addition to transcriptional repression, MeCP2 binding to 
a promoter can also lead to the recruitment of transcrip-
tional activators and the subsequent positive regulation 
of the gene expression [53]. A similar mechanism may be 
at play at the promoter of imprinted genes that exhibited 
a downregulated expression in RTT. However, we found 
no conclusive evidence for the occurrence of the gain 
or loss of bi-allelic gene expression of imprinted genes 
in RTT (Figures S24 and S25, Additional file 1). Taken 
together, although previous studies pointed towards the 
involvement of imprinted genes in RTT pathology, our 
analysis shows, for the first time, systematic transcrip-
tomic changes of imprinted genes across multiple neuro-
developmental stages and validation datasets.

Imprinted genes have been linked to various neuro-
developmental disorders, like Angelman, Prader-Willi, 
Temple, and Kagami-Ogata syndromes [60, 61]. Specifi-
cally, Temple and Kagami-Ogata syndromes affect the 
chromosome 14q32 imprinted locus, the same genomic 
location where we found the loss of mono-allelic expres-
sion of the DLK1 gene and upregulated expression levels 
of the MEG3, MEG8, and MEG9 genes (Figure S24, Addi-
tional file 1). Interestingly, Temple and Kagami-Ogata 
syndromes have similar developmental manifestations 
as RTT, including hypotonia, motor delay, speech delay, 
and intellectual disability [62], possibly pointing towards 
similar molecular underpinnings. Prader-Willi syn-
drome, another neurodevelopmental disorder, has also 
been associated with increased gene expression levels of 
the imprinted MEG family in iPSCs [63]. These findings, 
together, suggest a possible involvement of the chromo-
some 14q32 imprinted locus in RTT and other neurode-
velopmental disorders.

Among the identified potential regulators of the 
DNA-associated processes was the Prader-Willi Region 
Non-Protein Coding RNA 1 (PWRN1) gene, which was 
differentially expressed at four time points and/or brain 
regions (Fig. 5). Although PWRN1 itself is not classified as 
imprinted (geneimprint.com), it resides in the imprinted 
Prader-Willi syndrome region on chromosome 15 and is 
known to be mono-allelically expressed in the brain [64]. 
The exact functional role of PWRN1 is unknown, but it 
has been shown to inhibit cellular proliferation [65, 66], 
a process that requires extensive chromatin remodeling 
[67] and is altered in MeCP2 loss-of-function conditions 
[68]. Besides PWRN1, some other identified potential 
regulators with a differential expression profile are also 
located in the genomic regions (< 500 kb) of predicted or 
reported imprinted genes, including LINC02593 (neigh-
boring imprinted gene: DVL1), OSER1-DT (neighboring 
imprinted gene: GDAP1L1), and MIR3936HG (neighbor-
ing imprinted gene: CSF2).

Impaired neuronal development and function in RTT
We showed that several GO terms related to neuronal 
development and migration were significantly enriched 
with either up- or downregulated genes at multiple time 
points and brain regions (Fig. 3, blue cluster). Specifically, 
among the enriched GO terms, processes such as Wnt 
signaling [69], the organization of extracellular matrix 
[70], the formation of neural projections [71, 72], as well 
as taxis and ameboidal-type cell migration, are known to 
play an important role in the initiation and/or progres-
sion of neuronal migration. This is supported by previ-
ous studies that identified neuronal differentiation and 
migration defects in RTT brain organoids [14, 73]. Fur-
thermore, we also found many of these processes to be 
significantly enriched in multiple validation sets (Fig. 4, 
blue cluster), further confirming our findings.

At days 40 and 75, when the organoids resemble the 
human fetal brain during the first and second trimes-
ters [74], we observed differential expression of neuronal 
proteins (Fig. 2C), further highlighting the presence of 
neuronal dysfunction. These neuronal proteins include 
neurofilaments NEFL and NEFM [75], SNCG [76], LY6H 
– a regulator of acetylcholine receptor activity [77], 
NTN1 – a regulator of axon guidance and neuroprotec-
tion [78], and VGF – a regulator of neurogenesis and 
neuroplasticity [79]. Besides, we also observed an upreg-
ulation of GABAergic signaling-related genes at the lat-
est developmental stages in the ventral region forebrain 
organoids (Fig. 2D). Indeed, GABAergic signaling has 
been described to play a central role in the pathogenesis 
of RTT and several other neurodevelopmental disorders 
[80]. Particularly, restoring Mecp2 expression in GAB-
Aergic neurons could rescue RTT-associated symptoms 
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in mice [81] and mutations in the GABA-B receptor R2 
(GABBR2) have been associated with RTT-like pheno-
types [82]. Nevertheless, in contrast to the enhanced 
expression of GABAergic signalling-associated genes in 
our results, previous studies identified reduced GABAer-
gic signalling activity and lower levels of Gad1 and Gad2 
in RTT mice models [81, 83]. However, GABAergic sig-
nalling is known to be a dynamic process that changes 
throughout the different pre- and post-natal develop-
ment stages [84]. Hence, the GABAergic signalling-
related changes observed in RTT do not remain stable, 
but instead fluctuate during neuronal development, pos-
sibly explaining discrepancies between our findings and 
the literature. Together, our study indicates that dysfunc-
tions in synaptic transmission in RTT can already mani-
fest as early as during prenatal neurodevelopment.

HMGA1, a known regulator of chromatin structure 
and gene transcription [85], is one of the predicted pro-
tein regulators of the neural development- and migra-
tion-related processes (Fig. 5A). Interestingly, this protein 
has previously been found to control the development 
and migration of neural crest cells via the Wnt pathway 
[86]. The reduced protein expression of HMGA1 in the 
RTT organoids might be responsible for the aberra-
tions in neuronal migration. Other potential lncRNA 
and protein regulators, such as ZNF326, MIR100HG, 
MIR137HG, and MIR181A1HG, were also shown to 
have altered expression profiles in RTT (Fig. 5A) and are 
associated with one or more CNS-related traits (Fig. 5B), 
suggesting their importance in neuronal function. Simi-
larly, the upregulated expression of the lncRNA regulator 
LINC02593 has previously been found to be associated 
with autism spectrum disorders [87]. These lncRNAs and 
proteins, as central regulators of multiple RTT-affected 
biological processes, may offer promising therapeutic 
opportunities. For instance, regulators such as IGF-1 
and SIGMAR, have already revealed favourable results as 
RTT therapeutic targets [88, 89].

RNA splicing and translation defects in RTT pathology
Also at the post-transcriptional level, we identified 
alterations in the RTT forebrain organoids. These altera-
tions were particularly related to post-transcriptional 
regulation of gene expression, cytoplasmic translation, 
and RNA splicing events (Figs.  3 and 4). The latter two 
processes were, however, not associated with enhanced 
MeCP2 binding to the genes’ promoter regions (Fig. 4B).

Regarding cytoplasmic translation, in our model sys-
tem, there was a slight increase in the protein and RNA 
expression of ribosomal protein-encoding genes in the 
dorsal/glutamatergic region, whereas there was a more 
pronounced decrease at the latest time points of the ven-
tral/GABAergic region (Figures S15 and S16, Additional 
file 1). A decrease in the global translational capacity in 

RTT neurons has previously been observed [5]. However, 
these neuronal cell cultures included both GABAergic 
and glutamatergic neurons. Hence, the decreased global 
translation observed by Rodrigues et al. may have been 
caused by the strong downregulation of global transla-
tion in the GABAergic neurons that potentially masked 
the (smaller) translational upregulation in the glutama-
tergic neurons. The involvement of aberrant cytoplasmic 
translation in RTT is further emphasized by the fact that 
mutations in many mRNA translation-associated genes 
are associated with microcephaly [90], a common clinical 
characteristic of RTT patients [91].

In addition to the differential expression of ribosomal 
proteins, we also observed changes in the expression of 
RNA splicing-related genes (Figs. 3 and 4). Alternative 
splicing, together with alternative promotor usage and 
alternative polyadenylation, drives alternative transcript 
isoform usage in a cell [44]. Consistent with the identified 
expression alterations of RNA splicing-related genes, sev-
eral genes and processes with an altered expression pro-
file in RTT also showed changes in their relative isoform 
expression levels in RTT. Differential alternative isoform 
usage was found to particularly occur for genes involved 
in cytoplasmic translation (Figure S17, Additional file 1). 
Differential splicing of such genes has previously been 
suggested to be a cellular coping mechanism to deal 
with stress [92], a well-established hallmark of RTT [28]. 
Indeed, alterations in alternative splicing events have 
been described in RTT mouse models [93, 94], suggest-
ing a role of alternative isoform usage in the pathology of 
RTT.

Limitations
It is important to note that the RTT and IC brain organ-
oids were generated from a single RTT patient. To 
address this limitation and other potential limitations of 
the current experimental approach (e.g., dissociation of 
the organoids with Accutase before lysis), we validated 
our findings in multiple independent cohorts which 
included RNA-seq, proteomics, and ChIP-seq data from 
different genetic backgrounds, RTT-causing MECP2 
mutations, and cell types/tissues. This validation con-
firmed that the identified RTT-associated GO terms 
were not specific to our study but could be observed 
across experimental setups, MECP2 mutations, and 
genetic backgrounds. Furthermore, the potential unfaith-
ful imprinting status in iPSC-derived model systems was 
addressed by validating our findings in RNA-seq (Fig. 6C, 
GSE128380) and ChIP-seq data (Fig. 6D) from non-iPSC-
derived model systems. While the distinct study designs 
and model systems of these validation datasets highlight 
the generalizability of our findings, they do not allow for 
the validation of the alterations that are specific to a brain 
region or developmental time point.
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Conclusions
By collecting and analyzing transcriptomics data from 
spatiotemporal RTT and IC forebrain organoid models, 
our study identified expression alterations in processes 
related to chromatin remodeling and genomic imprint-
ing, post-transcriptional regulation, and neuronal devel-
opment and functioning. Especially the identification 
of transcriptomic changes in GABAergic signaling dur-
ing early neurodevelopment, along with the systematic 
alterations in imprinted genes represent novel findings 
that may open new avenues for therapeutic interven-
tions. Nevertheless, the future collection and analysis of 
iPSC-derived brain organoids from patients with other 
RTT-causing MECP2 mutations will be needed to distin-
guish between common and patient/mutation-specific 
RTT alterations. Furthermore, future studies are needed 
to functionally validate the significance of the identified 
processes and molecular targets in RTT pathogenesis, as 
well as their value as therapeutic targets. 
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