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Human neural organoid
microphysiological systems show the
building blocks necessary for basic
learning and memory

Check for updates

Dowlette-Mary Alam El Din1,2, Leah Moenkemoeller 1, Alon Loeffler 3, Forough Habibollahi3,
Jack Schenkman4, Amitav Mitra5, Tjitse van der Molen 6,7, Lixuan Ding1, Jason Laird 1,2,
Maren Schenke 1,2, Erik C. Johnson8, Brett J. Kagan 3,9, Thomas Hartung 1,2,10,11 &
Lena Smirnova 1,2

Brain Microphysiological Systems, including neural organoids derived from human induced
pluripotent stemcells, offer a unique lens to study the intricateworkings of the humanbrain. This paper
investigates the foundational elements of learning and memory in neural organoids by quantifying
immediate early gene expression in response to chemical modulation, input-specific short- and long-
term synaptic plasticity, neuronal network dynamics, connectivity, and criticality to demonstrate the
utility of these organoids in basic science research. Neural organoids showed synapse formation,
glutamatergic and GABAergic receptor expression, immediate early gene expression basally and
evoked, functional connectivity, criticality, and synaptic plasticity in response to theta-burst
stimulation. In addition, pharmacological interventions on GABAergic and glutamatergic receptors
and input-specific theta-burst stimulation further shed light on the capacity of neural organoids to
mirror synaptic modulation, specifically short- and long-term potentiation and depression,
demonstrating their potential as tools for studying neurophysiological and neurological processes and
informing therapeutic strategies for diseases.

Neural organoids, which can be grouped under the umbrella term of Brain
Microphysiological Systems (bMPS), are derived from human induced
pluripotent stem cells (hiPSCs) and offer a powerful tool for studying brain
development, diseasemodeling, drug discovery, andpersonalizedmedicine1
,2. They can recapitulate key features of the human brain, including cellular
diversity3–6, connectivity7, and functionality3,4,8, and can capture specific
donor genotypes9. The model used for this study is comprised of multiple
neural cell types, including GABAergic, glutaminergic, cholinergic, ser-
otonergic, and dopaminergic neurons; neural progenitor cells (NPCs),

astrocytes, and myelinating oligodendrocytes10,11. Functional analysis of
another neural organoidmodel has shown that their oscillations are similar
to human preterm neonatal EEG features12. Other neural organoid models
have been shown to harbor neuronal assemblies with ample size and
functional connectivity, enabling them to collaboratively trigger field
potentials7. Recently, neural organoids have been proposed as a model of
cognition, potentially capable of modeling learning and memory (OI –
organoid intelligence)13. Although OI as a field, is still in its infancy, the
global interest of researchers to develop a model of learning-on-chip for
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biomedical research is rapidly growing. For example, organoids were used
for reservoir computing, demonstrating spatial information processing and
network plasticity as a form of unsupervised learning14. In addition, goal-
directed learning has been successfully performed in organoids15. The extent
to which organoids model the mechanisms of learning and memory needs
to be explored further. To develop a reliable OI model, we first need to
understand the molecular and cellular machinery of learning, neuronal
network activity and function, and synaptic plasticity in neural organoids -
an ongoing goal for our group and others.

One critical aspect of brain functionality that is important for learning
and memory is synaptic plasticity16–19. Short- and long-term potentiation
(S(L)TP) are activity-dependent forms of synaptic plasticity associated with
short- and long-term learning and memory processes16,20,21. LTP occurs at
the cellular level and involves modifications in synaptic transmission to
enhance signal conduction16,22,23. Both LTP and STP are NMDA receptor-
dependent forms of synaptic plasticity21,24–26. Synaptic plasticity relies on the
rapid activation of immediate early genes (IEGs) in response to stimuli and
plays a key role inmediating the transcription and translation of other genes
involved in the formation andmaintenance ofmemories27. Altered synaptic
plasticity leads to abnormal neural network activity, impairing cognitive
functions and behavior, and has been linked to various neurological and
psychiatric disorders19,28.

Criticality is another important aspect of neuronal activity that has been
shown to optimize the ability of neuronal networks to encode and process
information29. At the critical state, neuronal activity exhibits scale-free
dynamics, allowing for efficient information processing and integration
acrossdifferent brain regions30. In addition, researchhas shownthat criticality
is important for learning andmemory in the brain31. Research inmonolayers
of cortical cultures suggests that criticality may be a fundamental property
that arises in dynamic systems receiving structured information, making it a
valuable metric to assess in more complex cultures30. Likewise, criticality has
been observed to vary in response to pharmacological intervention in neural
cultures and so can be a highly nuanced metric to consider32. Despite this
perspective, aspects of criticality in neural organoids are less explored33,34.

The extent to which hiPSC-derived neural organoids demonstrate
features of synaptic plasticity is still being investigated.One studyhas shown
that organoids respond to external electrical signals and maintain elevated
neuronal activity short term33. Another study has shown that assembloids
exhibit STP/LTP using patch clampmethods35. Additionally, Zafeiriou et al.
showed that neuronal organoids exhibit both short- and long-term changes
in network dynamics36.While these are great first steps,morework needs to
be done to characterize and better understand synaptic plasticity in neural
organoid models.

Here, we focus on analyzing the foundational elements of learning and
memory in neural organoids through the characterization of spontaneous
and evoked neural network dynamics, input-specific synaptic plasticity,
functional connectivity, IEG expression, and criticality. We show that our
model has spontaneous and evoked highly interconnected neural networks
that change over time, show expression and activation of IEGs, and
demonstrate critical dynamics.

Results
Neural organoids were differentiated from iPSC-derivedNeural Progenitor
Cells (NPC) for up to 14 weeks and characterized throughout development
(Fig. 1a).Gene expressionof synaptic plasticitymarkerswas quantified from
week 0 toweek 12. Calcium signaling development was analyzed fromweek
2 to week 14. Finally, electrical activity was characterized by High-Density
Microelectrode Arrays (HD-MEAs) over two independent time periods,
from weeks 6-to-9 and 10-to-13. In addition, pharmacological modulation
of neurotransmission was performed at weeks 8 and 13. Lastly, input-
specific Theta Burst Stimulation (TBS) was implemented at week 14 to
induce synaptic plasticity. To analyze both spontaneous and evoked elec-
trical activity fromtheHD-MEAdata, functional connectivity and criticality
analysis were performed. A schematic overview of the neurocomputational
investigations is shown in Fig. 1b. In addition, an example of how evoked

activity from pharmacological or electrical stimuli can modulate synaptic
transmission to induce synaptic plasticity is shown in Fig. 1c. In long-term
potentiation, IEGs play a role in trafficking of glutamatergic receptors into
the postsynaptic terminal (Fig. 1c), therefore expression of these IEGs can
serve as a molecular marker for long-term memory27,37.

Neural organoidsdeveloppropersynapse formationandexpress
receptors necessary for synaptic transmission
Neural organoids were differentiated following our in-house established
protocol11. The expression of markers for astrocytes (GFAP), oligoden-
drocytes (MBP,OLIG2) andmature neurons (MAP2) increased in thefirst 8
weeks of maturation and then plateaued in the following weeks, indicating
that the differentiation predominantly occurs rapidly until week 8 and then
reaches a more stable, mature cell composition from week 8 to 12 (Sup-
plementary Fig. 1).Hence, two timepointswere selected for the experiments
in this paper.

RNA-sequencing (RNAseq) revealed some interesting trends in gene
expression between week 8 and week 12/13 organoids. Firstly, while many
GABAergic markers showed no difference in expression (e.g., PVALB,
GABRA1, LHX6), we observed a slight trend in downregulation of several
GABAergic markers, such as SST, SLC32A1, andGAD 1 and 2 in the week
12/13 organoids compared to the week 8 group, as shown in Supple-
mentary Fig. 2a and b.

By comparing expression levels across main cell lineages and brain
regions (Supplementary Figs. 3 and 4), we observe an increase in the
expression of astrocyte markers (e.g, AQP4, GFAP, HOPX, S100B, and
SLC1A3) in the week 12/13 group compared to week 8. These data suggest
that the observed trends in downregulation in expression of GABA and
glutamatergicmarkers (GRIN3A, GRIN3B, and SLC17A7) may be linked to
the shift in cellular populations with more astrocytes (based on the higher
expression of astrocyte markers in the week 12/13 organoids), (Supple-
mentary Figs. 2 and 3). We also profiled the expression of brain region
markers, which showed the presence of genes across the forebrain, hind-
brain, andmidbrain andno consistent differences in expression between the
two age groups (Supplementary Fig. 4).

These findings are further supported by the functional enrichment
analysis (Supplementary Fig. 5), which revealed that genes associated with
synaptic signaling, neuronal differentiation, and axonogenesis were
downregulated and cell cycle genes were upregulated in the week 12/13
group (Supplementary Fig. 5).

We then evaluated the presence of pre- and postsynaptic markers as
well as IEGs as the key proteins involved in synaptic plasticity and learning
formation. Presence of the presynaptic marker Synaptophysin (SYP) and
postsynaptic marker HOMER1 was detected in both week 8 and 12 orga-
noids, displaying typical punctual staining (Fig. 2a). Gephyrin-positive
signal was close to background with few positive cells at week 8 and
increased at week 12 (Fig. 2b). This indicates that there are more developed
inhibitory synapses at the later stage of differentiation. Gene expression of
GABRA1, which encodes the inhibitoryGABAA receptor, followed the same
pattern (Fig. 2c). Gene expression of postsynaptic marker HOMER1 was
steady over time (Fig. 2c). Presence of Synapsin1 and MAP2 seemed to be
reduced at week 12 vs. week 8, supporting RNAseq data of the lineage shift
towards more astrocytes (Fig. 2b), although cell number quantification is
needed to drive the final conclusions.

Both AMPA and NMDA receptors play an important role in
synaptic plasticity, including STP/LTP24,38,39, therefore showing expres-
sion of these receptors was imperative for this study to give insight into
the mechanisms of learning and memory in neural organoids. The
increase in gene expression over time was the greatest for GRIN1, which
plateaued around week 8 to week 12 (Fig. 2c). GRIN2A and GRIN2B both
increased over time with a higher increase of GRIN2A expression than
GRIN2B, suggesting increasing maturity40(Fig. 2c). GRIA1 expression
also increased over time and plateaued after week 8 (Fig. 2c). Thus,
plateau in expression of these subunits suggests the organoids reached a
mature state between week 8 to 12.
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Dynamic expression of immediate early genes associated with
synaptic plasticity and cognitive functions over time
IEGsare crucial for cognitive functions as theyact directly at the synapse and
mediate the cellular processes that are essential for learning and memory
consolidation27. To demonstrate that the neural organoids have the neces-
sary cellular components for cognitive processes, we quantified IEG
expression during the course of differentiation (Fig. 2d, e, Supplementary
Fig. 6). Gene expression of ARC, BDNF, NPAS4, NPTX2, and FOS was

significantly increased over time, while EGR1 was already expressed in
NPCsand remained at levels close to those inNPCs. Expressionof upstream
regulators of IEGs (CREB and CAMK2A) also increased over time with the
largest increase in expression of CAMK2A (Fig. 2f). In addition, SYNGAP1,
which plays a key role in regulating synaptic function and plasticity41, was
stably expressed throughout the course of differentiation, starting from
NPCs. The levels of IEG proteins (NPTX2, ARC, and BDNF) and upstream
IEG transcription factor CREB were comparable between week 8 and 12,

Fig. 1 | Schematic overview of the experimental
approach. a Experimental timeline. Created in
BioRender. Alam El Din, D. (2025) https://
BioRender.com/v4k2lpz b Overview of avalanche
and network connectivity analysis for time series
electrophysiology data from organoids plated on
HD-MEAs. Created in BioRender. Alam El Din, D.
(2025) https://BioRender.com/trj7ehf c Schematic
representation of synaptic transmission modulation
by pharmacological and electrical stimuli to induce
synaptic plasticity. Adapted from Kim, S. (2025).
Long-Term Potentiation. https://app.biorender.
com/biorender-templates/details/t-
61006a6924e0d000a40de3a1-long-term-
potentiation. Created in BioRender. Alam El Din, D.
(2025) https://BioRender.com/eqpwhdw.
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confirming the plateau observed in RT-qPCR data (Fig. 2d). These results
were consistent with RNAseq data which showed no changes in IEG
expression between 8 and 12/13week old organoids (Supplementary Fig. 6a
and Supplementary Fig. 6b).

Finally, we assessed the expression of microRNAs known to be involved
in synaptic plasticity (Fig. 2g)42 and observed expected dynamics. A strong
increase in expression of mir-124-3p over the course of differentiation was
observed. mir-132-3p and mir-134-3p had opposite expression patterns: mir-
132-3p was increased over time while expression of mir-134-3p was first

strongly induced from NPC to 2 weeks of differentiation and was down-
regulated thereafter (Fig. 2g).

Evidence of spontaneous electrical activity and highly inter-
connected neuronal networks in neural organoids
Electrophysiology over the course of organoid development was char-
acterized using calcium imaging and HD-MEAs. In addition to the
expression of molecular machinery involved in synaptic plasticity, neural
organoids showed highly patterned spontaneous electrical activity
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(Figs. 3 and 4). Calcium transients were measured using Fluo-4 biweekly
from week 2 to 14. Whole organoid change in fluorescence over resting
fluorescence intensity (ΔF/F) was quantified and compared across age
groups (Fig. 3a). From these ΔF/F plots, the average rise time, peak
amplitude, firing rate, decay time, burst duration, number of peaks, and
percentage of active organoids per time point were calculated (Fig. 3b).
Bursts were identified as peaks in calcium transients. Burst firing rate was
calculated as the number of burst peaks per second.

Calcium imaging showed that 2-week-old organoids did not exhibit
spontaneous oscillatory calcium dynamics. The first signs of oscillatory
calcium activity were detected at week 4, with high-frequency oscillations at
weeks 4 and 6, as shown by higher burst firing rates and number of peaks
(Fig. 3, Supplementary Video 1, and Supplementary Fig. 7). At week 8,
oscillation patterns shifted to lower frequency with fewer calcium peaks,
lower burst firing rates, higher amplitudes, longer burst durations, and
larger decay times (Fig. 3, Supplementary Video 2, and Supplementary

Fig. 7). The plateau shape of the oscillations at week 8 indicated multiple
neuronal action potentials contributing to the calcium oscillation (Fig. 3a).
The decrease in the number of peaks from weeks 6 to 8 suggested more
synchronous calcium transients, indicating a more densely connected
mature network. From weeks 10 to 14, burst duration, decay time, and
number of peaks did not change significantly, but amplitude andpercentage
of active organoids decreased, suggesting a plateau in differentiation
around week 8.

In addition to whole organoid analysis, ΔF/F was quantified in single
neurons for at weeks 4–10 (Supplementary Fig. 7). Maximum intensity
z-projections of time course videos showed that neuronal networks atweeks
4 and 6 were less connected compared to weeks 8 and 10 (Supplementary
Fig. 7). At weeks 4 and 6, neurons spiked at higher frequencies andwith less
synchronization (Supplementary Fig. 7a and b). By weeks 8 and 10, larger
burst amplitudes and longer burst durations are likely contributed to
multiple action potentials across different neurons, which were spiking

Fig. 2 | Expression of glutamatergic and GABAergic receptor and synaptic
plasticity-related genes in neural organoids over course of differentiation.
a Representative immunocytochemistry images of organoids showing postsynaptic
marker (HOMER1) and presynaptic marker (SYP) in 8- and 12-week cultures. In
composite images,HOMER1 is shown in blue, and SYP is shown in yellow. Scale bars
are 100 μm, 50 μm, and 10 μm, respectively. b Presence of inhibitory post-synaptic
marker (Gephyrin), pre-synaptic marker (SYN1) and dendrites (MAP2) in 8- and
12-week organoids. In composite images, Gephyrin is shown in blue, SYN1 in
yellow, and MAP2 in grey. Scale bars are 100 μm and 50 μm, respectively. For
a, and b, all images were taken at 20x, 100x, and 100x+ 4x zoom and processed with
ImageJ for visualization. c Gene expression of Gamma-Aminobutyric Acid Type A
Receptor Subunit Alpha1 (GABRA1), Glutamate Ionotropic Receptor NMDA Type
Subunit 1 (GRIN1), Glutamate [NMDA] Receptor Subunit Epsilon-1 (GRIN2A),
and Glutamate [NMDA] Receptor Subunit Epsilon-2 (GRIN2B), Glutamate Iono-
tropic Receptor AMPA Type Subunit 1 (GRIA1), homer scaffold protein 1

(HOMER1) in organoids over the course of differentiation. d Representative
immunocytochemistry images of weeks 8 and 12 organoids stained for Neuronal
Pentraxin 2 (NPTX2), Activity-Regulated Cytoskeleton-associated protein (ARC),
cAMP response element-binding protein (CREB), and Brain-Derived Neurotrophic
Factor (BDNF). Scale bar is 100 μm. e Gene expression over the course of differ-
entiation of immediate early genes (IEGs) ARC, BDNF, Neuronal PAS Domain
Protein 4 (NPAS4), NPTX2, Fos proto-oncogene AP-1 transcription factor subunit
(FOS), and Early Growth Response 1 (EGR1). f Gene expression of synaptic slasti-
city- related genes: CREB, calcium/calmodulin-dependent protein kinase II A
(CAMK2A), Synaptic Ras GTPase-activating protein 1 (SYNGAP1). g Gene
expression of synaptic plasticity -relatedmiRNAs. For all gene expression plots, data
is shown as a box and whisker plot (with the box extending from the 25th to 75th

percentiles) and represented as log2(Fold Change) normalized to NPCs from 2-3
independent experiments with 3 technical replicates each. In all qPCR experiments,
ACTB was used as a reference gene.
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Fig. 3 |Neural organoid calciumoscillatory dynamics across different time points
to showmaturation of spontaneous network bursting. aRepresentative changes in
fluorescence over resting fluorescence (ΔF/F) graphs across 360 seconds for each
time point from week 2 (W2) to week 14 (W14) of differentiation. b Average rise
time, peak amplitude, firing rate, decay time, burst duration, number of peaks, and
percentage of active organoids shown across different time points. At least 8 indi-
vidual organoids across at least 3 independent experiments were imaged and
quantified for each time point. Data is shown as box and whisker plots (with the box
extending from the 25th to 75th percentiles). Statistics were performed using one-way

ANOVA and a Tukey post-hoc test. Changes over time were significant for rise time
(p < 0.05), burst firing rate (p < 0.0001), peak amplitude (p < 0.0001), decay time
(p < 0.01), burst duration (p < 0.001), and total number of peaks per organoid
(p < 0.0001). Pairwise comparisons are shown on the figure: # = Significant differ-
ence from week 4, Ŧ = Significant difference from week 6, $ = Significant difference
fromweek 8, ¥ = Significant difference fromweek 10, ȼ = Significant difference from
week 12, • = Significant difference from week 14, * = Significant difference from all
weeks. For exact p values see Supplementary Tables 4–9. See also Supplementary
Fig. 7 for single neuron calcium imaging analysis.
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simultaneously (Supplementary Fig. 7c and d). At week 10, the propagation
of an action potential across connected neuronswas observed by the slightly
delayed peak burst amplitude of region of interest (ROI) 1 compared to
ROIs 2 and 3 (Supplementary Fig. 7d).

To measure network activity over time, HD-MEAs were used to
obtain high spatial and temporal resolution of organoids’ electrical activity
across two different time periods (weeks 6-to-9 and 10-to-13) (Fig. 4).
Representative raster plots indicated differences in spontaneous electrical
activity in organoids depending on their age (Fig. 4a, b). The 6-to-9-week
organoids have a significantly higher burst frequency, number of spikes
within burst, and percent active area than those in the later time point
group (Fig. 4c). They also had significantly shorter interburst intervals
compared to themoremature group, consistent with the calcium imaging
data in Fig. 3.

To further assess the organoids’ functionality, neuronal connectivity
and criticality were quantified from the same HD-MEA time course data

(Figs. 5 and 6). In both age groups, changes in functional connections
between electrodes were observed over time on the HD-MEA (Fig. 5a).
Denser connections andmore active electrodes were observed in the 10-to-
13-week group compared to the 6-to-9-week group, as denoted by the
thickness of the black lines and red electrodes, respectively in the con-
nectivity graphs (Fig. 5a). However, while both groups showed significant
increases in the number of nodes over time, the 10-to-13-week group had a
significantly lower number of nodes overall in their functional connectivity
matrices compared to the 6-to-9-week group (Fig. 5b). To quantify the shift
in the strength of the edges over time, an edge weight distribution was
calculated by measuring the fraction of total possible edges that are realized
(Fig. 5c). Interestingly, most edges were activated across all samples over
time (Fig. 5c). The 10-to-13-weekgroup showedno significant changes over
time, while the 6-to-9-week group showed a temporary significant decrease
in strength of edges at day on MEA (DOM) 7 (Fig. 5c). Finally, the orga-
noid’s modularity was significantly different across age groups and
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Fig. 4 | Changes in spontaneous electrical activity in neural organoids
throughout development. Representative raster plots and active area plots from
HD-MEA recordings showing spontaneous electrical activity over time during
a weeks 6-to-9 and b weeks 10-to-13 of differentiation. DOM: Days on MEAs.
c Network dynamic metrics from both organoid age groups over time (blue line
represents 6-to-9 week organoids, red line – 10-to-13 week organoids. The line
shown represents mean and the shaded region represents the standard deviation

plotted from 2 independent experiments with 5 to 6 HD-MEA wells per group per
experiment with 2–5 organoids per well (n = 11–12 wells per age group). Statistics
were performed using a mixed-effects model with matching and a Tukey post-hoc
test. p < 0.05 was considered significant. For exact p values from pairwise compar-
isons, see the Supplementary Data 3 file. ISI: Interspike Interval. IBI: Interburst
Interval.
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significantly decreased in both age groups over time, indicating that the
networks started with multiple communities but then became more of a
single community over time (Fig. 5d). The decrease in modularity may also
be due to an increased number of nodes. Despite the similarity in mod-
ularity, the 10-to-13-week group maintained a significantly higher mod-
ularity over time, indicating that it maintained more communities or
network connections (Fig. 5d).

Criticality is a state inwhich complex systems suchas a brain operates
at the critical point between organization and randomness, demonstrating
how neuronal networksmay navigate between the two stages of chaos and
order43. The critical point state is key for brain functionality, as it operates
at its optimal and most efficient computational capacity and is highly

sensitive to external stimuli during this stage. Organoids exhibited
properties of criticality over the course of differentiation (Fig. 5e–g). The
moremature 10-to-13-week group showed a consistently lower andmore
tightly regulated Deviation from Criticality Coefficient (DCC) value and
higher Branching Ratio (BR), approaching 1, compared to the 6-to-9-
week group (Fig. 5e).While the BR in the 10-to-13-week group decreased
non significantly over the period of 3 weeks on theHD-MEAs, the 6-to-9-
week group gradually increased significantly, demonstrating maturation
and pursuit of criticality and thus a stable state (Fig. 5f). Additionally, the
Shape Collapse error (SCe) for the 10-to-13-week group was significantly
lower than that of the 6-to-9-week group, indicating a more accurate
scaling of avalanches of varying durations to an universal shape in the
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Fig. 5 | Neural organoids show highly interconnected neuronal networks and
criticality throughout development. a Representative plots of functional con-
nectivity at day onMEA (DOM) 3, 9, 15, and 21 for the week 6-to-9 and week 10-to-
13 old organoids. For clarity of visualization, only the 200 connections (edges) with
the highestmutual information are shown. Each red dot represents an electrode, and
the lines indicate the connections between electrodes. The thickness of the line
indicates the weight of connectivity. bAverage number of nodes; cAverage fraction
of total possible edges; dAverage modularity over time in week 6-to-9 and week 10-
to-13 organoids. e Deviation from Criticality Coefficient (DCC). f Branching Ratio
(BR) g Shape collapse error (SCe) over time in 6-to-9 week and 10-to-13 week old

organoids. In b–d the line shown represents the mean and the shaded region
represents the standard deviation plotted from 2 independent experiments with 5 to
6 HD-MEA wells per group per experiment with 2–5 organoids per well (n = 11–12
wells per age group). Panels e–g show regression lines (blue line- 6–9 week old
organoids, red line - 10-13 week old organoids) with a 95% confidence interval. Data
plotted is from 2 independent experiments with 5-6 HD-MEA wells per group per
experiment (n = 11–12 wells per age group). Statistics were performed using a two-
way ANOVA and a Tukey post-hoc test. p < 0.05 was considered significant. For
exact p values from pairwise comparisons, see the Supplementary Data 3 file.
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10-to-13-week group (Fig. 5g). This analysis suggests that the 10-to-13-week
group was in a more critical state compared to the 6-to-9-week group.
However, over time, both the BR and SCe appeared to converge for both
groups, suggesting that the 6-to-9-week group exhibited increasingly critical
dynamics, while the 10-to-13-week group showed diminishing critical
dynamics on the MEA over time.

Pharmacological characterization of synaptic transmission
changes neuronal bursting activity and immediate early gene
expression
To validate reactiveness to network modulations, pharmacological agents
were used to cause neuronal depolarization and disrupt excitatory gluta-
matergic synaptic transmission. Expression of IEGs and synaptic plasticity-
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related genes was measured 2 hours after exposure to pharmacological
agents and compared to the corresponding untreated control in two age
groups (8 weeks and 13 weeks) (Fig. 6). To disrupt excitatory glutamatergic
synaptic transmission, organoids were treated with 2,3-dioxo-6-nitro-7-
sulfamoyl-benzo[f]quinoxaline (NBQX), anAMPAreceptor antagonist, D-
2-amino-5-phosphonovalerate (AP5), a NMDA receptor antagonist,
4-Aminopyridine (4-AP), a voltage-gated potassium (Kv) channel
antagonist, and bicuculline, a GABA receptor antagonist, were used to
enhance neuronal depolarization and synaptic transmission (Fig. 6).

Bicuculline induced a slight increasing trend in gene expression across
both age groups (Fig. 6a), while exposure to 4-AP led to significant changes
inNPAS4 and FOS expression at both age groups. Expression of ERG1 was
significantly induced only at week 13. Lastly, ARC expression showed an
increased trend in expression after 4-AP exposure (Fig. 6a). No significant
changes in gene expression were seen after exposure to NBQX and AP5
individually or combined (Fig. 6 and Supplementary Fig. 8a–d). Since IEGs
were more strongly perturbed at week 13, the effects of these chemicals on
electrophysiological activitywere assessed in this age group.Organoidswere
exposed to the pharmacological agents directly on the HD-MEA at DOM
29. Network recordings were taken before the addition of the chemicals as a
baseline. Network activity was then recorded immediately after exposure,
followed by 2 and 4 hours thereafter, after which the recorded parameters
were compared to baseline activity (Fig. 6c and d). 4-AP and bicuculline
increased network activity while NBQX+AP5 decreased network activity
over time (Fig. 6c). More specifically, bicuculline caused an insignificant
increasing trend inmean burst frequency and interburst interval coefficient
of variation (CV) over time, a significant increase in percent of spikes within
bursts 0minutes after and an increasing trend in percent of spikes within
bursts 2 and 4 hours after exposure. In addition, bicuculline caused no
significant changes or trends in burst duration over time. 4-AP exposure
caused a significant increase in mean burst frequency and an increasing
trend in mean percent of spikes within bursts 0 minutes after. In addition,
thepercentage of spikeswithinburstsmaintained an increasing trendwithin
2 and 4 hours after exposure. 4-AP also caused a decreasing trend in burst
duration that wasmaintained over time. Finally, 4-AP caused no significant
changes or trends in interburst interval CV over time. Additionally,
NBQX + AP5 exposure completely abolished network bursting activity
(Figs. 6c and d, Supplementary Fig. 8). Overall, NBQX+AP5 significantly
decreasedmeanburst frequency, interburst intervalCV, burst duration, and
percentage of spikes within bursts from 0minutes to 4 hours. Interestingly,
we found that NMDA receptors are largely responsible for neuronal net-
work bursting, as exposure to only AP5 was enough to abolish the bursting,
while blocking onlyAMPA receptorswithNBQXonly partially reduced the
bursting (Supplementary Fig. 8). These results agreed with previous reports
showing that ketamine and xenon, which act on NMDA receptors, lead to
burst silencing and reduction in vitro44,45. No changes in firing rate, spikes
per burst, and burst duration were seen after NBQX application alone, but
whenAP5orNBQX+AP5was applied, noburstswere observed; therefore,
firing rate, spikes per burst, and burst duration were not quantifiable
(Supplementary Fig. 8).

While NBQX+AP5 reduced the network bursting, some spiking
activitywas still seen (Fig. 6c andSupplementaryFig. 8e).To elucidatewhich
type of neurons contributed to the remaining activity, different modulators
of the glutamatergic, GABAergic, dopaminergic, noradrenergic and choli-
nergic neurons were tested in different combinations (Supplementary
Fig. 9). The first set of experiments further blocked NMDA and AMPA
receptors, by increasing concentrations of NBQX+AP5 to 40 μM. As for
the previous 20 μM exposure (Fig. 6c and Supplementary Fig. 8e), all
bursting was abolished and spiking was diminished, but increased con-
centration did not remove the activity completely. Therefore, next, we
blockeddifferent types of neurons. First, 10 μMbicuculline and 10 μMCPG
55845 hydrochloride (CPG 55845) were added to block GABA(A) and
GABA(B) receptors in addition to NMDA and AMPA receptors. Upon
addition of bicuculline and CPG 55845, a further reduction in spiking
activity was observed (Supplementary Fig. 9a, last panel, 10–20min). The
quantification of the effect after blocking excitatory receptors and the sub-
sequent blocking of inhibitory neurons is shown in Supplementary Fig. 9d.

Next, inhibitory and excitatory receptors were blocked simultaneously
by adding 40 μM NBQX, 40 μM AP5, 10 μM bicuculline, and 10 μM CPG
55845 at the same time with similar effects as before (Supplementary
Fig. 9b). Subsequently, 5 μM 6-hydroxydopamine (6-OHDA) and 10 μM
haloperidol were added, which induce lesions in dopaminergic (and nora-
drenergic) neurons and block dopamine D2 receptors, respectively. This
resulted in an even more pronounced reduction in spiking activ-
ity (Supplementary Fig. 9b, the last panel). Supplementary Fig. 9e quantifies
the corresponding changes in bursting and spiking metrics. These results
suggest that most of the remaining activity originated from dopaminergic
and noradrenergic neurons.

The last population of neurons examined for chemical modulation
effects was cholinergic neurons. To achieve this, 40 μMNBQX, 40 μMAP5,
10 μM bicuculline, 10 μM CPG 55845, 5 μM 6-OHDA, and 10 μM halo-
peridol were added simultaneously to block excitatory, inhibitory, dopa-
minergic and noradrenergic neurons. The same effect as shown in
Supplementary Fig. 9b was also observed in Supplementary Fig. 9c,
demonstrating a drastic reduction in bursting and spiking, as quantified in
Supplementary Fig. 9f. Finally, 1 nM chlorpyrifos (CPF)-Oxone was added
to that samewell to attempt to increase activity in the network by activating
cholinergic neurons. However, no changes in bursting or spiking were
observed, as shown in Supplementary Fig. 9c and quantified in Supple-
mentary Fig. 9f. Therefore,findings suggest that the remaining activity likely
originated from partially blocked AMPA and NMDA receptors, as well
dopaminergic and noradrenergic neurons.

Theta-burst stimulation modulated synaptic plasticity
To generate input-specific evoked activity from electrical stimulation, Theta
Burst Stimulation (TBS) was delivered to 14-week-old organoids 4 times
with 13-minute intervals between TBS (Fig. 7a) on the HD-MEA. Two
independent experiments (referred to as A and B in the figures and below)
were conducted. In both experiments, four to five organoids were seeded on
each well at week 9.5 of differentiation and grown on the MEA until 33 ± 1

Fig. 6 | Pharmacological characterization of synaptic transmission changes of
neuronal spiking and bursting activity and Immediate Early Gene expression.
Expression of ARC, NPAS4, FOS, and EGR1 after 2 hours of exposure to 20 μM
AP5+ 20 μM NBQX (pink box), 10 μM bicuculline (green box) and 100 μM 4-AP
(purple box) in a 8-week and b 13-week-old organoids, represented as box and
whisker plots (25th to 75th percentiles) and as log2(Fold Change) normalized to
negative control (organoids with no chemical treatment = 2 h control). ACTB was
used as a reference gene. The data represents 3 independent experiments with 2
technical replicates each for 8 weeks and 4-5 independent experiments with 2
technical replicates each for the 13-week time point. Statistics were calculated based
on the replicate average from each independent experiment, with one-way ANOVA
and post-hoc Dunnett’s tests *p < 0.05, ***p < 0.001, ****p < 0.0001
c Representative raster plots fromMEA recordings in 13-week-old organoids (from
6 wells per condition) before and after treatment with bicuculline, 4-AP, and

NBQX+AP5. d Burst frequency, Interburst interval coefficient of variation, burst
duration, and percentage of spikes within bursts plotted as box and whisker plot
(with the box extending from the 25th to 75th percentiles) for bicuculline, 4-AP, and
NBXQ+AP5 treated wells prior to (baseline), 0 mins, 2 hours, and 4 hours after
exposure. The data represents 3 independent experiments with 2HD-MEAwells per
experiment per chemical (n = 6). Statistical significance was calculated with repeated
measures ANOVAwith post-hoc Dunnett tests. p < 0.05 was considered significant.
Pairwise comparisons can be seen in the SupplementaryTables 10-21 and significant
groups are shown in the figure. ARC - Activity-Regulated Cytoskeleton-Associated
Protein;NPAS4 –Neuronal PASDomain Protein 4; FOS - Fos proto-oncogene AP-1
transcription factor subunit; EGR1 - Early Growth Response Protein 1; AP5 - 2-
Amino-5-phosphonopentanoic acid (an NMDA receptor antagonist); NBQX – 2,3-
dihydroxy-6-nitro-7-sulfamoyl-benzo[f]quinoxaline (an AMPA receptor
antagonist).
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DOM before stimulation (Supplementary Fig. 10a and Supplementary
Fig. 11a). First, we recorded the baseline network activity across all wells and
found that basal activitywas lower inwells 1A-3A thanwells 4A-6Aand 1B-
4B (Supplementary Figs. 10b and 11b). The MaxWell HD-MEA has an
electrode size of 8.75 × 12.50 μm², and the electrode center-to-center dis-
tance is 17.5 μm, allowing one neuron to be recorded bymultiple electrodes.

For input-specific synaptic plasticity, one neuron from each well was
identified based on its footprint (Supplementary Figs. 12a and 13a) and
spike-sorted neuron traces using the Axon Tracking assay in the MaxLab
Live Software (Supplementary Figs. 12b and 13b). Then, 32 electrodes
focusing on a single neuron in each well were stimulated using a modified
version of previously described LTP induction protocols46–48 (Fig. 7a).
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To optimize the stimulation of each neuron, electrodes along the entire
neuron including the soma and axon were targeted for stimulation.

To investigate short-term changes in evoked activity, total evoked
activity per bin (10ms), total spikes, and total active area were measured.
Active area before and after each stimulation are shown for all wells in both
experiments (Fig. 7b and Supplementary Fig. 14a). Wells 4A-6A, 1B-4B
showed substantial changes in active area in response to the stimulus while
wells 1A-3A showed little changes (Fig. 7b, Supplementary Fig. 14a).

Representative evoked activity heatmaps fromwells 4A-6A and 1B-4B
demonstrated strong short-term responses within milliseconds following
stimulation (Fig. 7c, Supplementary Figs. 15, and 16). Wells with lower
baseline activity (e.g., 1A-3A) did not show any response.

To determine an activity threshold, we treated one well with NBQX/
AP5 to block glutamatergic receptors-dependent synaptic plasticity. The
90th, mean, and 10th percentile responses from the NBQX/AP5-treated well
is shown overlayed on the plots as the dotted blue, black, and red lines,
respectively (Fig. 7d, Supplementary Fig. 14c). Wells 1A-3A did not exceed
this threshold, while wells 4A-6A and 1B-4B consistently did across all four
TBS sets (Fig. 7d, Supplementary Fig. 14c).

Aggregated data for active area, total spikes, and evoked activity
showed thatwells 4A-6Aand1B-4Bhadadistribution skewed to the right of
0, while wells 1A-3A only exhibited a mode around 0 (Fig. 7e, Supple-
mentary Fig. 14d). Wells 1A-3A, with lower baseline activity and con-
nectivity compared to wells 4A-6A and 1B-4B, did not respond above
threshold, whereas the shift to the right of 0 in wells 4A-6A and 1B-4B
suggests short-term potentiation, as stimulation led to short-term increases
in activity.

To further confirm STP, connectivity and criticality was quantified
across eachTBS forwell that exhibited STP (Well 4A, 5A, 6A, 1B, 2B, 3B, 4B)
across both experiments (Fig. 8a–c). We observed a significant increase in
the number of nodes and edges while modularity significantly decreased
after every stimulation indicating a more connected network of neurons
after stimulation (Fig. 8a and b). These results suggest that wells that exhibit
evoked electrical activity also became more connected, more of a single
community.Whilemetrics of connectivity were extremely consistent across
stimulations, metrics of criticality varied across the stimulations including
the deviation of criticality coefficient and shape collapse error (Fig. 8c).
There were no significant differences in either metric (Fig. 8c). The
branching ratio, however, showed a significant increase following stimula-
tion (Fig. 8c), suggesting that the neural organoids are becoming more
critical after stimulation.

Long-term effects of TBS on organoids were assessed by quantifying
criticality, connectivity, network-level dynamics (including interspike
interval, interspike interval CV, and firing rate), and spike sorted unit (aka
neuronal) level changes in firing rate in wells that demonstrated input-
specific STP (Supplementary Figs. 17 and18). Thesemetricswere quantified
before and at 60 – 180minutes post-TBS. There were no significant dif-
ferences before and after stimulation (after stimulation includes grouped
data from 60-180minutes post stimulation) for all connectivity and criti-
cality metrics (Supplementary Figs. 17 and 18). In addition, there were no
consistent trends over time for network level interspike interval, interspike

interval CV, or firing rate for wells exhibiting STP (Supplementary
Figs. 17 and 18). Interspike Interval (ISI) was calculated with a 4Hz
threshold (up to 250ms) to account for changes in theta entrainment/phase
locking.Well 4A, 5A, 1B, 2B, 3B, and4B showedno long-termchanges in ISI
after stimulation (Supplementary Figs. 17c and 18c).While well 6A showed
a significant increase in ISI 60–180min post stimulation, apart from at 90
minutes (Supplementary Fig. 17c). The CV was used to measure ISI
variability across timepoints7. A CV of 2.5 indicates a perfect Poisson
process7,49, while aCVnear zero indicates a perfectly periodic spike train. All
wells analyzed showed no significant change in ISI CV after stimulation
(Supplementary Figs. 17c and 18c). In addition, none of the wells showed
any changes in firing rate over time compared to the baseline (Supple-
mentary Figs. 17d and 18d). Since network level ISI, ISI CV, and firing rate
graphs were analyzed based on overall trends across grouped units for each
well and not on a unit level, the results indicate that there are no network
level changes in interspike interval or firing rate. Together, these results
suggest that there are no long-term changes to the network dynamics after
TBS to an individual neuron. This is expected as the TBSwas input-specific;
therefore, we focused on unit-level changes rather than network-level
changes. Upon further investigation of unit-level firing rates over time,
linear regression analysis showed that all wells had units that were either
potentiated or depressed and were maintained for 180minutes post-
stimulation (Fig. 8d).To account for randomchanges infiring rate, the same
analysis was performed on a time series recording without stimulation. In
this recording, only one out of 40 units showed potentiated firing rate over
time, therefore, this can be considered the noise level of changes due to basal
synaptic plasticity within the organoids. Wells 4A-6A and 2B-4B show
potentiated and depressed units above this level (Fig. 8d). Representative
LTP and LTDunits are shown in Fig. 8d. Together, these data indicate there
are input-specific TBS-induced changes in connected neurons (aka units)
over hours but not the overall network, supporting the use of this model to
modulate input-specific short- and long-term synaptic plasticity and detect
changes in synaptic plasticity in connected neurons. In addition, due to the
nature of input-specific synaptic plasticity on a HD-MEA, it is difficult to
control what kind of neuronal circuits are being modulated, whether they
are increased or decreased, which could explain why the population of LTP
compared to LTD is different in each well.

Discussion
By studying keymolecular and functional changes in organoids, we aim to
validate neural organoids as an in vitro model of learning and memory,
providing a human-relevant platform for translating basic science to
human applications. Despite recent studies on brain organoid electro-
physiology, investigations into connectivity, criticality, and input-specific
synaptic plasticity remain limited. In addition, there are no studies to our
knowledge that examine immediate early gene expression following
spontaneous and evoked activity in hiPSC-derived neural organoids. Our
study examined spontaneous and evoked neuronal network dynamics,
functional connectivity, IEG expression, and input-specific synaptic
plasticity, offering insights into themolecular and cellular basis of learning
and memory in bMPS systems.

Fig. 7 | Theta-burst stimulation modulated short-term plasticity for
Experiment A. a Graphical summary of TBS protocol. i-The TBS was performed
four times spaced by 13 minutes. ii-Within each TBS there are 10 trials with four
spikes per trial. iii-The schematic of each trial. b Percent active area before and after
stimulation across all 6 wells. Wells 4A–6A show consistent increase or decrease in
active area in response to stimulation while wells 1A–3A show little change.
cRepresentative heatmap evoked activity response for wells 4A–6A. Bin size is equal
to 10 ms. The stimulation pulses are the light grey vertical lines, and the dashed
orange lines indicate the start/stop time of the analysis window for calculating
evoked activity.d percentage of active electrodes, total spikes, and evoked activity for
wells 1A-3A and then 4A-6A. Purple circle represents well 1A, pink square – well
2 A, turquoise triangle – well 3A, green circle – well 4A, blue square – well 5A, and
yellow triangle –well 6A. The data represents themeanwith 10th to 90th percentile for

each well. The 90th percentile response of a well treated with NBQX/AP5 before and
during stimulation is shown with a blue dashed line overlayed on all graphs. The
mean response of a well-treated with NBQX/AP5 before and during stimulation is
shown in a black dashed line overlayed on all graphs. The 10th percentile response of
a well treated with NBQX/AP5 before and during stimulation is shown in a red
dashed line overlayed on all graphs. Responses above this NBQX/AP5 region
indicate responses generated by glutamatergic receptors. e Histograms of total
evoked activity per bin (bin size of 10 ms), total spikes, and total active area. The top
three graphs showdata aggregated across all electrodes for all 4 TBS for wells 1A–3A,
and the bottom three graphs show data aggregated across all electrodes for all 4 TBS
for wells 4A-6A. Wells 1A-3A show little to no response while wells 4A-6A indicate
evoked responses on the millisecond timescale.
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Fig. 8 | Theta-burst stimulation drives short-term changes in connectivity and
criticality and long-term potentiation and depression of neuronal units.
aConnectivitymetrics for all wells that demonstrated STP.bRepresentative connectivity
graph before and immediately following TBS #1 for well 1B. c Criticality metrics for all
wells that demonstrated STP. The data represents themean of seven biological replicates
from two independent experiments. A Wilcoxon matched-pairs signed rank test was
performed to determine statistical significance for a and c, **p < 0.01, ***p < 0.001,
****p < 0.0001. Exact p-values are listed in Supplementary Tables 22–27. For a and

c green circle representswell 4A, blue square–well 5 A, yellow triangle -well 6A, red line–
well 1B, purple circle–2B, openblue circle–3B, openpink square–4B. d)Quantification
of input-specific long-termpotentiation (LTP)anddepression (LTD)bymeasuringfiring
rate over time in neuronal units. Two example units demonstrating either LTP (blue line
with 95% confidence intervals depicted with dashed lines) or LTD (red line, with 95%
confidence intervals depictedwith dashed lines) are shown on the left. The proportion of
neuronal units that demonstrated LTP (red) or LTD (blue) across wells is demonstrated
and quantified on the right.
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IEGs are restricted to the neurons that are engaged in learning,making
their expression a prerequisite of learning capabilities. We showed the
expression of ARC, EGR1, BDNF, NPAS4, NPTX2, and FOS in organoids.
ARC and EGR1 (also known as Zif268, Krox-24, or NGFI-A) are calcium-
regulated IEGs essential for late LTP and long-term memory50,51. Addi-
tionally, CAMK2A is a key protein involved in synaptic plasticity and
memory52,53. When CAMK2A is activated, it phosphorylates CREB,
allowing it to bind to the cAMP response element on the DNA54. CREB,
while not an IEG, is a transcription factor vital for the expression of IEGs,
including ARC and BDNF55,56. CAMK2 can phosphorylate SYNGAP1,
mediating LTP57–59. Therefore, the expression of IEGs and synaptic
plasticity-related genes supports the potential for LTP in the neural orga-
noids (Fig. 2C). Synaptic and neuronal markers showed different intensity
levels at 8 and 12 weeks, which might be due to the higher expression of
astrocyte markers. Single-cell RNA sequencing should be conducted in
future experiments to quantify precisely the different neural cell types. We
also showed the expression of synaptic plasticity-relatedmiRNAs.miR-124-
3p controls signaling molecules involved in synaptic plasticity andmemory
formation, and miR-132-3p responds to neuronal activity in vivo and may
play a role in experience-dependent neuronal plasticity60,61. In contrast,mir-
134-3p is important for synaptic downscaling62 and inhibition ofmir-134-3p
has been shown to rescue LTP63. Confirming this, our model showed reci-
procal expression of miR-124-3p and miR-132-3p with miR-134-3p. Using
calcium imaging, organoids exhibited spontaneous bursting starting at
4 weeks of differentiation. Calcium imaging transients showed higher fre-
quency bursting events in week 4 to 6 organoids. At week 8, calcium tran-
sients had longer burst duration, indicating sustained action potentials.
These changes in calcium dynamics over time are consistent with results
from dissociated rat cells cultured in 3D64,65. The changes in calcium tran-
sients over time could be attributed to changes in cellular populations after
8 weeks (i.e., the differentiation of glia cells), when the largest change in
calcium oscillation occurs. Specifically, we observed astrocytes with
increased maturity, indicated by higher GFAP expression, and enhanced
functionality, reflected by the elevated AQP4 expression. Physiologically,
astrocytes provide homeostatic control of neuronal activity potentially
preventing hyperactivity in more mature cultures through several
mechanisms, including regulation of extracellular potassium levels66 and
glutamate uptake67. Overall, it has been demonstrated previously that the
presence of astrocytes significantly modulates neuronal network activity
in vitro68. Functional inhibitionof astrocytes could experimentally proveour
hypothesis in future experiments. The recording of Ca2+ transients was
technically limited to 6min, thus the absence of the oscillation at week 12
can indicate longer interburst intervals rather than absence of the activity
(activity confirmed with HD-MEA recordings).

FurtherHD-MEAanalysis showeddifferingnetworkdynamics among
the different age groups. When compared to the 10-to-13 week age group,
the week 6-to-9 group had higher frequency bursting events, a larger
number of nodes and edges and lower number of modularity indicating a
robust and connected network of neurons; showed higher neurite out-
growth as shown in active area over time (Fig. 4c) likely contributing to the
lowermodularity (Fig. 5d). As the organoidsmatured, they had fewer nodes
but stronger connections, approaching a critical state and confirming sys-
tem maturity. Understanding criticality in organoid models allows us to
better understand the relevance and application of these models in experi-
mental studies. Interestingly, the reduced bursting and lower network
complexity in the 10-to-13week groupmay also be linked to astrocytes with
increased maturity in this age group, as indicated by RNA-sequencing data
(Supplementary Fig. 3).

Electrical activity over time showed a high standard deviation across
both groups, with a higher standard deviation in theweek 10-to-13 group.A
small subset of theweek 10-to-13 groupwas never active)while themajority
of week 6-to-9 organoids remained active throughout this period (Figs. 3b
and 4c). This highlights the variability of organoid’s HD-MEA electro-
physiology data and implies that the sample size needs to be high enough to
account for this variability.

Neural organoids responded as expected to pharmacological chal-
lenges with receptor agonists and antagonists, indicating functional synapse
receptors and channels. 4-AP and bicuculline have been used in previous
studies to induce chemical long-term potentiation (LTP) as they increase
synaptic transmission69. Therefore, stimulating with 4-AP and bicuculline,
then quantifying IEG expression and neuronal network activity confirmed
that organoids express the molecular machinery involved in LTP. The
organoids responded electrically to bicuculline, but the bulk RNA gene
expression data showed no significant increase in IEG expression after
bicuculline treatment. This is likely because the population of GABAergic
neurons is smaller than glutamatergic neurons in the model, making the
IEG expression changes upon blockage of GABAergic neurons more dif-
ficult to detectwith bulk gene expression. It has been estimated that the ratio
of GABAergic neurons to other neurons in cortical regions is 1 to 5 or 20
percent70,71 therefore our small population of GABAergic neurons corre-
sponds with these estimations.

NPAS4 gene expression is induced by calcium influx in the post-
synaptic terminal after neuronal activity72, this correlates with our findings
that 4-AP exposure caused an increase inNPAS4 expression in both week 8
and 13 organoids. Interestingly, NPAS4 regulates the expression ofmultiple
genes including BDNF and NPTX272. While we detected an increase in
NPAS4 gene expression, we did not observe an increase in its downstream
targetsBDNF andNPTX2. This canbe explainedby the timepoint of sample
collection (2 hours after exposure), and an increase in the downstream
targetsmight be seen later.NBQXandAP5disrupt excitatory glutamatergic
synaptic transmission, specifically network bursting, therefore, as expected
there is no change in expression of synaptic plasticity-related genes after the
addition of these compounds.

After electrical theta burst stimulation, neuronal synaptic plasticity,
connectivity, and criticality were investigated. We identified candidate
neuronal units from spike sorting that showed an increase in activity
immediately after stimulation and were maintained for short time periods.
This approach towards teasing apart input-specific synaptic plasticity on
HD-MEAs by identifying one neuron to stimulate (using 32 electrodes) and
quantifying the effects of stimulation among neuronal units, allows for the
determination of input-specific synaptic plasticity rather than network-level
events that previousMEA-based studies have investigated. Longer time scale
analysis indicated neuronal units across wells maintained increased or
decreased firing rates for up to 180minutes following stimulation, demon-
strating the TBS could have input-specific long-term effects on sub popu-
lations of neurons within organoids. In addition, criticality changed after
TBS and drove the organoids to a more critical state. Despite this, critical
dynamics after theTBSwerenot as pronounced as previously reportedwhen
neuronal systems are exposed to more structured stimulation in a closed-
loop setup30. This supports the theory that neuronal criticality arises in
dynamic systems when presented with structured information, maximizing
information capacity and transmission through the network. Here, less
structure was contained in the signal presented to the cultures compared
with previous work30, and therefore while there was a shift towards a more
critical state, a greater shift might be observed if the signal contained greater
complexity. These results highlight the value of considering criticality as a
continuum. The ability to see nuanced changes supports using criticality as
an endpoint to assess synaptic plasticity. The lower baseline activity in wells
1A-3A resulted in a relatively low number of active neurons after spike
sorting and low connectivity (Supplementary Fig. 10b), which could explain
the absence of response after stimulation in these wells. Thus, a certain
baseline activity threshold should be set up and used as acceptance/validity
criteria for such experiments to increase reproducibility.

Our results are consistent with previously published studies showing
that neural organoids can exhibit synaptic plasticity14,33,35,36 and that sti-
mulation can drive changes in connectivity14. In monolayers, nuanced
changes in functional connectivity have even been associated with learning
effects73. Yet while, recent studies demonstrated short14,33,35,36 and long-term
synaptic plasticity in neuronal organoids35,36, these studies either used tra-
ditional patch clamp methods35 or assessed network dynamics on low
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density MEAs rather than traditional LTP36. Based on our review, input-
specific short- and long-term potentiation/depression in neural organoids
using HD-MEAs has not been shown yet. No previous studies have inves-
tigated how input-specific short- and long-term synaptic plasticity impacts
criticality in neural organoids. In addition, to the best of our knowledge, this
is the first demonstration of evoked IEG expression upon chemical LTP
induction. Further researchusingmore complexmodels is needed.Cortical-
hippocampal assembloids would be essential to study the mechanisms of
learning and memory, as specific synapses in the hippocampus are
pivotal for these functions74–76. Recent advances, such as the development
of a human ascending somatosensory assembloid that functionally
integrates somatosensory, spinal, thalamic, and cortical organoids, highlight
the feasibility of assembling human circuits in vitro77. These models not
only enable mechanistic studies of neural processes but also provide the
foundation for exploring circuit-level plasticity relevant to cognition and
disease.

Combining these functional endpointswith established diseasemodels
in organoids will enhance research on disease pathophysiology, drug
development, toxicant identification and various genetic, infectious, neu-
rodevelopmental, and neurodegenerative disorders32,78.

This study builds on the concept of OI13 by exploring the molecular
and functional aspects of synaptic plasticity underlying learning and
memory capabilities in neural organoids. An OI community is forming,
which is embracing the ethical challenges of this approach79,80. As more
advanced methods of generating data from these models attracts further
multidisciplinary interest in this work81, more advanced machine
learning methods, such as reinforcement learning in the bMPS model
and in more complex bMPS models will be explored, advancing the
concept of “learning-on-chip” towards OI. Ultimately, here we provide
compelling evidence for the utility of these organoid models not
just for studying neurophysiological function and development, but as
ones that may serve as a tool for even more advanced applications in the
future.

Methods
Brain Microphysiological System
Female fibroblast (donor cell material: MRC-9)-derived NIBSC8 (N8) iPSCs
were obtained from the National Institute for Biological Standards and
Control, NIBSC (NIBSC), UK with a certificate of analysis identifying that
they have nomycoplasma, bacteria, or viruses and have normal karyotype as
identified by SNP Array. hiPSCs were cultured in mTESR-Plus medium
(StemCell Technologies) at 5% O2, 5% CO2 and 37 °C. Stemness was con-
firmed with Oct4, Nanog, TRA-1-61, and Sox2 by immunocytochemistry
and flow cytometry11. hiPSCs cells were then differentiated in amonolayer to
neuroprogenitor cells (NPCs) using a serum-free, neural induction medium
(Gibco, Thermo Fisher Scientific). Nestin/Sox2-positive NPCs were then
expanded and seeded in uncoated 6-well plates using a neural expansion
medium: 24.5 mL neurobasal media (Thermo Fisher Scientific), 24.5 mL
advancedDMEM/F12 (ThermoFisher Scientific), and1mLneural induction
supplement (Thermo Fisher Scientific). Expanded NPCs were then dis-
sociated into a single cell suspension and 2million cells were seeded into each
well of a 6-well plate andplacedona shaker.These cultureswerekept at 37 °C,
5%CO2, and20%O2under constant gyratory shaking (88 rpm,19mmorbit)
to form spheres. Due to the gyratory shaking in uncoated plates, the cells self-
organized and aggregated in spherical shape. After 48 hours, differentiation
was inducedby replacing themediumwithneural differentiationmedium:B-
27™ plus kit, 1% Glutamax (Gibco, Thermo Fisher Scientific), 10 ng/ml
human recombinant GDNF (GeminiBio™), 10 ng/ml human recombinant
BDNF (GeminiBio™), 1% Pen/Strep/Glutamine (Gibco, Thermo Fisher Sci-
entific).Half changesofmediumwereperformed3 timesaweek.The cultures
were kept under constant gyratory shaking for up to 14weeks, which allowed
unguided differentiation and maturation of different types of neurons,
astrocytes and oligodendrocytes, promoting synaptogenesis and tight inter-
cellular interactions.Organoid agewas counted starting from theday the cells
are placed on the gyratory shaker to form 3D cultures.

Immunocytochemistry
Immunocytochemistrywas performed as described in Romero et al.11. After
fixation in 2% PFA, organoids were permeabilized with 0.1% Triton X and
blocked with 100% BlockAidTM. After blocking, cultures were stained with
primary antibodies (SupplementaryTable 1) at 4 °Cona shaker for 24 hours
followed by stainingwith secondary antibodies for another 24 hours. Nuclei
were counterstained with Hoechst 33342 trihydrochloride (Invitrogen
Molecular Probes) at a concentration of 1:10,000. No primary antibody
controlswere used asnegative controls. Imageswere takenwith aFV3000RS
Olympus confocal microscope. Further imaging processing and quantifi-
cation were performed using ImageJ2.

RT-qPCR
Total RNA (including small non-coding RNA) was isolated via a Quick-
RNA™ Microprep Kit (Zymo Research). The NanoDrop™ 2000c Spectro-
photometer (Thermo Fisher Scientific) was used to determine RNA quality
and quantity. mRNA reverse-transcription was performed using M-MLV
ReverseTranscriptase andRandomHexamerprimers (Promega) according
to the manufacturer’s instructions. The expression of genes was evaluated
using both SYBR Green (Thermo Fisher Scientific) and TaqMan gene
expression assay (Applied Biosystems) on a 7500 Fast Real-Time system
(Supplementary Tables 2 and 3). Actin beta (ACTB) and 18S were used as
reference genes for SYBER Green and TaqMan, respectively. For micro-
RNA, conversion to cDNA was performed according to the QIAGEN
miRCURY LNA RT Kit Quick-Start Protocol. Small nucleolar RNA C/D
box 44 (SNORD44) was used as a reference gene. An overview of the SYBR®
Green primers designed and the TaqMan and miRCURY LNA primers
used for this study can be seen in Supplementary Tables 2 and 3.

Pharmacological neurotransmission modulation
Two age groups (8 weeks and 13 weeks +/−4 days) of organoids were
treated with 20 μM 2,3-dioxo-6-nitro-7-sulfamoyl-benzo[f]quinoxaline
(NBQX), 20 μM D-2-amino-5-phosphonovalerate (AP5), 100 μM
4-Aminopyridine (4-AP), or 10 μM bicuculline for 2 hours in 6-well plates.
30-40 organoids per replicate were collected after 2 hours, washed 2 times
withPBS, and then snap frozen for laterRNAextraction. Synaptic plasticity-
related gene expression was measured 2 hours after exposure to pharma-
cological agents and compared to the corresponding untreated 2 hour
control in the two age groups. In addition, 13-week-old organoids that had
been plated on high-density MEAs for 29 days were also stimulated
with 20 μM NBQX, 20 μM AP5, 100 μM 4-AP, or 10 μM bicuculline for
2 hours. Electrical activity was recorded before (baseline), immediately
after (time 0), as well as 2 and 4 hours after the addition of the pharmaco-
logical agents.

To elucidate the remaining spiking activity, 40 μMNBQX, 40 μMAP5,
10 μM bicuculline, 10 μM CPG 55845, 5 μM 6-OHDA, 10 μM haloperidol,
and 1 nM CPF-Oxone were used in various combinations to modulate
different cell types.

Calcium imaging
Organoids were incubated with 10 μM Fluo-4AM (Tocris) and 0.5%
Pluronic Acid (Invitrogen) in the dark for 2 hours at 37 °C and 5% CO2

without shaking. After 3 washing steps, organoids were transferred to a
glass-bottomed 24-well plate to be imaged with the resonant scanner in an
Olympus FV3000-RS with a speed of 12.5 frames per second for 6minutes.
They were kept at 37 °C and 5%CO2 throughout imaging. Raw fluorescent
intensities of the whole organoid over time were processed using the ROI
manager in ImageJ and further analyzed using a custom python script to
obtain ΔF/F plots (https://github.com/organoid-intelligence/bMPS_
analysis_tools).

High-Density Microelectrode Array (HD-MEA)
MaxWell Biosystems 6-wellHD-MEAchipswere coated for 1 hour at 37 °C
and 5% CO2 with 0.07% Poly(ethyleneimine) solution (Sigma Aldrich)
diluted in 1x borate buffer (Thermo Fisher Scientific). Chips were then
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washed 3 timeswithwater anddried in a sterile hood for 1 hour. 0.04mg/ml
mouse Laminin (Sigma Aldrich) was diluted in neural differentiation
mediumandplacedon the chips for 1 hour incubationat 37 °Cand5%CO2.
The laminin was then removed and organoids were placed on the MEA in
neural differentiationmedium. Two different age groups were plated on the
HD-MEA: 5.5-and 9.5 week old organoids. Activity was measured every
other day starting at day 3 to 21 on theMEA.The day organoidswere put on
the chip was considered DOM 0 (Day onMEA). TheMaxWell Biosystems
MaxLab-live Software (version 22.2.6, Switzerland) was used to calculate
percent active area, interspike intervalwithin burst, burst interspike interval,
interburst interval coefficient of variation, burst peak firing rate, spikes per
burst per electrode, spikes per burst, spikes within bursts, burst frequency,
burst duration, interspike interval outside bursts. A gain of 512x, high-pass
filter of 300Hz and spike threshold of 5.5 RMS mV were used during all
recordings.

Theta Burst Stimulation Protocol
The Theta Burst Stimulation (TBS) protocol utilized 4 sets of pulse trains
delivered with a phase of 100 μs, amplitude of 800mV, and a time between
pulses of 10.2 ms. 10 sequences of these 4 pulse trains were delivered and
considered one TBS. Four spaced TBS (13-minute interval between TBS)
were delivered to induce a persistent potentiation. Individual neuronal
footprints for each well were identified based on spike sorting using the
MaxLab-liveAxonTrackingAssay.Oneneuronal footprintwithin eachwell
was randomly chosen and TBS was administered to 32 electrodes per well
(Supplementary Fig. 12 and 13). Therefore, one neuron in each well was
chosen to be stimulated using 32 electrodes. To investigate the receptors
contributing to potentiated electrode response, one well was treated with
NBXQ/AP5 prior to being stimulated with the TBS protocol. Two inde-
pendent experiments (referred to as A and B) were conducted. Wells 1 A
through 6 Awere tested in experiment A and Experiment B includedWells
1B through 4B.

Bulk RNAseq sample preparation
N8 organoids differentiated for 8, 12, or 13 weeks were washed with ice-cold
PBS and flash frozen. Six replicates were processed for week 8 samples, three
-for week 12, and four - for week 13. Total RNAwas isolated using theQuick-
RNA™MicroprepKit (ZymoResearch). The integrity of theRNAwas verified
on the Agilent TapeStation 4200 (Agilent technologies). 500 ng of total RNA
were used to prepare mRNA libraries with the TruSeq Stranded mRNA
Library Prep Kit (Illumina) according to the manufacturer’s protocol. This
process included the purification of Poly-A containingmRNA, fragmentation
of mRNA, first- and second-strand cDNA synthesis, adenylation of 3’ ends,
and ligation of TruSeq RNACombinatorial Dual Indexes (Illumina). Ligated
fragments were amplified for 15 cycles, purified, and quantified using the
Qubit 3.0 Fluorometer (Thermo Fisher Scientific). The size distribution and
quality of the libraries were assessed using the Agilent TapeStation 4200. The
libraries were normalized, pooled, and sequenced on the NovaSeq X Plus
(Illumina) with 150 bp paired-end reads, achieving a coverage of about 100
million reads per sample.

Bulk-RNA Sequencing Analysis
bRaw FASTQ files were processed using the nf-core rnaseq pipeline, which
leverages Nextflow workflows (version 23.10.1)82,83. Adapters and poor-
quality sequenceswere trimmedusing “Trim-Galore!”84. Readswere aligned
to the GRCh38 genome using ENSEMBL gene annotations (release 111)
using STAR, and transcripts were quantified with Salmon85–87. Post pro-
cessing of reads was accomplished using SAMtools (sorting and indexing
alignments), picard (duplicate identification), and BEDtools (genome
coverage assessment)88–90. Read and mapping quality were assessed using
RSeQC, Qualimap, dupRadar, and Preseq91–94. Outliers were assessed using
DESeq2PCAplots95.A list of regional and lineage-specificmarker geneswas
obtained from Human Protein Atlas and previous publications7. Gene
expression data were normalized using the weighted trimmed mean of the
log expression ratios (TMM) using the R package tidybulk and log2-

transformed96. The comprehensive gene list for Supplementary Figs 2, 3,
4 and 6 are included in supplementary data 4.

Functional connectivity analysis
First,wegrouped the spikingdata intobinsof spikes,with a set length. In this
study, we used a window of 100ms, with a 50ms sliding window to sort
spikes into bins. Each bin captures n number of spikes.

Binning was performed as a pre-requisite for the mutual-information
calculation, which requires probabilities (log2) of spiking or not spiking.

Mutual information was calculated according to Eq. (1).

I X;Yð Þ ¼ H Xð Þ þ H Yð Þ � H X; Yð Þ ð1Þ

where X and Y are two unique electrodes (nodes), H(X) and H(Y) are the
marginal entropies (Eq. 2) andH(X,Y) is the joint entropyofXandY (Eq. 3)97.

Here, marginal entropy was calculated as using the Shannon entropy
formula; Eq. (2).

H Xð Þ ¼ �
X

8x2X
p x; y
� �

log2p xð Þ ð2Þ

where p(x) is a probability mass function of spikes occurring in either
electrode X or electrode Y across windows. Log2 was used to reflect a binary
choice (spike vs non-spike).

Joint entropy was also calculated using the Shannon entropy formula;
Eq. (3).

H X;Yð Þ ¼ �
X

8x2X

X

8y2Y
p x; y
� �

log2pðx; yÞ ð3Þ

where p(x,y) is the joint probability of X and Y spiking together.
Adistancematrixwas constructed from themutual information across

all bins. The distancematrix reflects the probability of each electrode spiking
or not spiking, in relation to each other electrode, across the entire time
series. Graphically, electrodes were treated as nodes, and mutual informa-
tion between electrodes was designated as an edge. The width of the edge
between electrode X andY reflects themutual information score (between 0
and 1), where 1 is a high probability of electrode X spiking at the same time
electrode Y spikes, and 0 is a low probability of this occurring.

Since distance matrices were constructed from spiking data, binning
across time windows was required to generate probabilities of firing or not
firing for each electrode (e.g., in bin 1, electrodes 2 and 3might fire together,
but in bin 2, theymightnot, therefore, the probability of themfiring together
across those bins is 0.5).

Graphical representations of distance matrices were overlaid on x, y
positions of all electrodes used in the recording to generate amap of average
electrode activity across recordings. Electrodes with at least one spike in any
bin are highlighted in red.Only the 200 strongest edges are shown for clarity
of visualization. The edge strengths were exponentially scaled to make it
easier to visualize on a single plot.

Criticality analysis
Criticality was quantified by calculating the deviation from criticality
coefficient (DCC), branching ratio (BR), and shape collapse error (SCe).
Criticality implies that the system is defined by scale-free dynamics and that
events in both the spatial and temporal domains obey power laws. Here,
these events are contiguous cascades of spiking activity, rather than limited
local bursts of spiking activity or huge network-wide spiking events. These
contiguous cascades of spiking activity are called neuronal avalanches.Now,
each power lawdistributionfitted to avalanche size (number of contributing
spikes to an avalanche) and avalanche durations can be represented by a
coefficient whichwe call τ andα, respectively. Now, in critical systems, there
is another exponent relationship betweenmean avalanche sizes (〈S〉), given
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their duration, D as Eq. (4).

Sh i / D^ðβ fitÞ ð4Þ

Thisβ_fit is derived from the experimental data using linear regression.
This third power law exponent also relates the size and duration distribu-
tions of the avalanches above and is predicted mathematically by Eq. (5).

β pred ¼ ðα� 1Þ=ðτ � 1Þ ð5Þ

Now, comparing the fitted value from the empirical data (β_fit) and its
estimation using α and τ exponents (β_pred), a new measure is derived to
evaluate theDeviation fromCriticality Coefficient (DCC), parameterized as
dCC; Eq. (6).

dCC ¼ jjβ pred � β fitjj ð6Þ

Consequently, a smallerDCCvalue indicates amore accuratefit power
lawdistribution to the empirical data and a systemthat is closer to criticality.

In addition, the branching ratio (BR) is defined as the ratio of the
number of units (neurons) active (spiking) at time step t+ 1 to the number
of active units (neurons) at time step t. Since a critical regime is naturally
balanced and avoids runaway gains, the critical branching ratio is 1.

Finally, another feature of critical dynamics is that avalanche shapes
show fractal properties, and all avalanche profiles of different sizes are scaled
versionsof the sameuniversal shape. The result of shape collapse error (SCe)
basically measures how accurately avalanches of all different durations can
be scaled (collapsed) to the same universal shape.

Spike sorting
Spike sorting was performed through a custom Python pipeline using
Kilosort298 and Spikeinterface99. First the raw extracellular recordings were
band-pass filtered between 300–6000Hz. The filtered traces were then
spikesorted using the Kilosort2 algorithm. Finally, the results were further
curatedby removing unitswithmore than 1%of interspike intervals smaller
than 1.5ms, an average firing rate below 0.05 Hz and/or a signal-to-noise
ratio below 5.

Statistics and reproducibility
All graphs and statistical analysis were done in GraphPad Prism, version
9.5.1. Not significant (ns) p > 0.05; ∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001;
∗∗∗∗p < 0.0001. Throughout the text, independent experiments refer to the
different differentiation batches, while technical replicates refer to the dif-
ferent wells with organoids within one independent experiment.

Statistical changes in calcium transient dynamics over time (Fig. 3)
were analyzed with one-way ANOVA with Tukey post hoc test. At least 8
individual organoids across at least 3 independent experimentswere imaged
and quantified for each time point.

Changes in network activity fromHD-MEA recordings over timewere
calculated using amixed-effectsmodelwithmatching and aTukey post-hoc
test (Fig. 4).Changes in criticality and connectivityover timewere calculated
using a two-wayANOVA and a Tukey post-hoc test (Fig. 5). For theseHD-
MEA time-course experiments, data were collected from two independent
experiments, each including 5–6 HD-MEA wells per group, with 2–5
organoids per well.

mRNA gene expression changes after stimulation with pharmacolo-
gical agents were analyzed with a one-way ANOVA with Dunnett’s post-
hoc tests (Fig. 6 and Supplementary Fig. 8). Data for this experiment came
from 3 independent experiments with 2 technical replicates each for
8-weeks and 4-5 independent experiments with 2 technical replicates each
for 13-week time point.

Network activity changes after stimulation with pharmacological
agents were analyzed with a repeated measures ANOVA with Tukey post-
hoc tests (Fig. 6). This experimental data came from 3 independent
experiments with 2 HD-MEA wells per experiment per chemical.

Network connectivity and criticality changes before and after stimu-
lation were determined with a two-tailed paired t-test (Supplementary
Figs. 17 and 18). Network-level ISI, ISI CV, and firing rate were first pro-
cessed to identify and exclude outliers using the ROUT method (Q = 1%),
followed by statistical analysis using a one-way ANOVA and Dunnett’s
post-hoc tests (Supplementary Figs. 17 and 18). Short-term network level
changes in criticality and connectivity were determined with a Wilcoxon
matched-pairs signed rank test (Fig. 8). Unit-level long-term potentiation
was quantified using a linear regression of firing rate over time. These data
came from two independent experiments with 4-6 wells per experiment,
with 4-5 organoids per well.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
All source data underlying the graphs and charts presented in the main
figures are included in SupplementaryData 1 and 2. RNA-seq data from the
organoid samples are deposited in the NCBI Gene Expression Omnibus
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE301725. Any
additional information required to reanalyze the data reported in this paper
is available from the lead contact upon request.

Code availability
The calcium imaging, and network connectivity and criticality code has
been deposited at https://github.com/organoid-intelligence/bMPS_
analysis_tools and is publicly available.
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