
Copyright © 2020 Zhang et al.
This is an open-access article distributed under the terms of the Creative Commons Attribution
4.0 International license, which permits unrestricted use, distribution and reproduction in any
medium provided that the original work is properly attributed.

Research Article: New Research | Neuronal Excitability

Familiarity detection and memory
consolidation in cortical assemblies

https://doi.org/10.1523/ENEURO.0006-19.2020

Cite as: eNeuro 2020; 10.1523/ENEURO.0006-19.2020

Received: 7 January 2019
Revised: 30 January 2020
Accepted: 20 February 2020

This Early Release article has been peer-reviewed and accepted, but has not been through
the composition and copyediting processes. The final version may differ slightly in style or
formatting and will contain links to any extended data.

Alerts: Sign up at www.eneuro.org/alerts to receive customized email alerts when the fully
formatted version of this article is published.



 

2/26/2020  1 
   
 

1. Manuscript Title (50 word maximum)  

Familiarity detection and memory consolidation in cortical assemblies 

2. Abbreviated Title (50 character maximum)  

Learning and memory in cortical assemblies 

 

3. List all Author Names and Affiliations in order as they would appear  

Authors: Xiaoyu Zhang1,2, Fang-Chin Yeh1, Han Ju1, Yuheng Jiang1, Gabriel Foo Wei Quan1, 

Antonius M.J. VanDongen1 

1 Program for Neuroscience and Behavioral Disorders, Duke-NUS Medical School, Singapore 

169857 
2 NUS Graduate School for Integrative Sciences and Engineering, National University of 
Singapore, Singapore 117456 
 

4. Author Contributions:  

X. Z. designed research, performed research, analyzed data, wrote the paper. 

F. Y. designed research, analyzed data. 

H. J. analyzed data.  

Y. J. performed research. 

G. F. W. Q. performed research.  

A. M. J. V. designed research, analyzed data, wrote the paper. 

 

5. Correspondence should be addressed to (include email address)  

Antonius M.J. VanDongen, Program for Neuroscience and Behavioral Disorders, Duke-NUS 

Medical School, Singapore 169857 

Contact: +65 65167075 

Email: antonius.vandongen@duke-nus.edu.sg 

 

6. Number of Figures    8 figures 

7. Number of Tables      None      

8. Number of Multimedia    None 

9. Number of words for Abstract    227 words          

10. Number of words for Significance Statement    51 words 

11. Number of words for Introduction   759 words 

12. Number of words for Discussion    1196 words 

13. Acknowledgements    None 

14. Conflict of Interest 

Authors report no conflict of interest. 

15. Funding sources    None  

  1 



 

2/26/2020  2 
   
 

Familiarity detection and memory consolidation in cortical assemblies 

 

Abstract 2 

 

Humans have a large capacity of recognition memory (Dudai, 1997), a fundamental property of 3 

higher-order brain functions such as abstraction and generalization (Vogt & Magnussen, 2007). 4 

Familiarity is the first step towards recognition memory. We have previously demonstrated 5 

using unsupervised neural network simulations that familiarity detection of complex patterns 6 

emerges in generic cortical microcircuits with bidirectional synaptic plasticity. It is therefore 7 

meaningful to conduct similar experiments on biological neuronal networks to validate these 8 

results. Studies of learning and memory in dissociated rodent neuronal cultures remain 9 

inconclusive to date. Synchronized network bursts (SNBs) that occur spontaneously and 10 

periodically have been speculated to be an intervening factor. By optogenetically stimulating 11 

cultured cortical networks with random dot movies, we were able to reduce the occurrence of 12 

SNBs, after which an ability for familiarity detection emerged: previously seen patterns elicited 13 

higher firing rates than novel ones. Differences in firing rate were distributed over the entire 14 

network, suggesting that familiarity detection is a system level property. We also studied the 15 

change in SNB patterns following familiarity encoding. Support Vector Machine classification 16 

results indicate that SNBs may be facilitating memory consolidation of the learned pattern. In 17 

addition, using a novel network connectivity probing method, we were able to trace the change 18 

in synaptic efficacy induced by familiarity encoding, providing insights on the long-term impact 19 

of having SNBs in the cultures. 20 
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Significance Statement 21 

Studies of memory mechanisms in neuronal networks formed by cultured neurons have been 22 

complicated by spontaneously occurring synchronized network bursts (SNBs), which prevent 23 

encoding of stimulus information. We have developed an optogenetic method to suppress SNBs 24 

using random dot stimuli, which allowed us to demonstrate the ability of cultured cortical 25 

networks to detect a familiar input. Whereas SNBs interfere with familiarity encoding, they may 26 

facilitate memory consolidation. These results indicate that generic cortical microcircuits have 27 

an innate ability for familiarity detection, a form of recognition memory. 28 
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Introduction 29 

Learning and memory are indispensable for brain functionality. Recognition, the ability to 30 

recognize previously experienced sensory inputs, is a form of declarative memory that is 31 

common in our daily life and fundamental to many higher-order processes such as concept 32 

learning, abstraction and generalization. Prior studies (Nickerson, 1965; Shepard, 1967; 33 

Standing, 1973) have demonstrated that subjects can recognize many thousands of pictures 34 

several days after they have seen the pictures only once, suggesting a vast recognition memory 35 

for images, with no capacity limit detected in practical experiments.  36 

 

Familiarity and recollection are two components of recognition memory (Yonelinas, 2002; 37 

Squire et al., 2007). Recollection requires accurate recall of details with their context, whereas 38 

familiarity merely needs a signal indicating that the object has been encountered before 39 

(Wixted, 2007). Unlike conditional or reinforcement learning, which requires association or 40 

reward, familiarity is simply encoded through unsupervised learning (i.e. sensory experience) 41 

and retrieved upon re-presentation of the input. These features have made familiarity a perfect 42 

paradigm to study learning and memory from a bottom-up perspective. 43 

 

Synaptic plasticity has long been implicated in the processes of learning and memory. Memories 44 

are thought to be encoded and stored in “engrams”, groups of neurons connected through 45 

synapses whose efficacy was modified during learning. Characterization of the changes in a 46 

population of neurons following learning and after memory formation can be an important 47 

building block to forge a link between molecular/cellular synaptic plasticity and behavioral 48 

modifications. 49 
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Dissociated neuronal cultures growing on multielectrode arrays (MEAs) provide an accessible 50 

way to study familiarity in neuronal populations in vitro. MEAs are designed to obtain parallel 51 

recordings at multiple sites of the dynamics of cultured neuronal networks. By introducing the 52 

light-gated ion channel ChannelRhodopsin-2 (ChR2) into neurons, non-invasive optogenetic 53 

stimulation has been made possible for encoding sensory experiences. Correlation between 54 

sensory input and network activity modification can be established to provide insights into the 55 

mechanisms of learning and memory at the neuronal network level.  56 

 

A few groups have already made efforts to study learning and memory using MEAs. Maeda et al. 57 

(1998) and Jimbo et al. (1998) found that the reliability and reproducibility of stimuli-evoked 58 

network bursts was enhanced after tetanization at single electrodes. Tateno and Jimbo (1999) 59 

reported improved temporal precision of initial response spikes to test stimuli after training. 60 

Later Jimbo et al. (1999) reported that single-site stimulation could induce pathway-dependent 61 

potentiation or depression. However, subsequent attempts made to reproduce these 62 

observations were less successful. By including control recordings, Wagenaar et al. (2006b) 63 

argued that the “positive modifications” observed did not differ significantly from what could be 64 

caused by the drift in spontaneous network activity. Applying the same tetanization protocol 65 

(20Hz delivered at a single site) as in (Jimbo et al., 1999), Chiappalone et al. (2008) failed to 66 

observe significant potentiation; instead they saw only a global decrease in the evoked network 67 

activity (see Figure 4 in Chiappalone et al., 2008). Additional studies were carried out, either 68 

with electrical (Massobrio et al., 2015) or optogenetic stimulation (Lignani et al., 2013). 69 

Constrained by the inflexibility of input and output (electrical stimulation and data collection 70 

through the same electrodes), most of the studies characterized network dynamics by 71 

measuring changes in mean firing rate, as well as burst frequency and duration, the values of 72 
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which are highly variable and poorly associated with learning. Consequently, results from these 73 

studies have not reached a common agreement to date. Whether in vitro neuronal networks 74 

exhibit learning and memory as an emerging property remains inconclusive.  75 

 

Computer simulations with neural network models previously demonstrated that generic 76 

cortical microcircuits with bidirectional synaptic plasticity can perform familiarity detection 77 

(Zhang et al., 2017). However, these simulated networks do not have all the properties of 78 

neuronal networks growing on MEAs. One major difference is the synchronized network bursts 79 

(SNBs), which are universally observed in biological cultures. A SNB is characterized by network-80 

wide synchronized high-frequency firing that is spontaneously initiated and lasts several 81 

hundred milliseconds. SNBs occur periodically in cultured cortical networks in the absence of 82 

external inputs, and are separated by windows of nearly silent network activity with occasional 83 

sparse asynchronous firings (Maeda et al., 1995; Pelt et al., 2004; Eytan and Marom, 2006; 84 

Chiappalone et al., 2007; Colombi et al., 2016). In vitro studies investigating the capability of 85 

neuronal networks to process spatiotemporal inputs have shown that SNBs disrupt short-term 86 

memory (Dranias et al., 2015; Ju et al., 2015). Similarly, when SNBs were introduced in 87 

simulated neural networks, average performance on familiarity detection declined (Zhang et al., 88 

2017). In this study, we provide evidence on familiarity detection in MEAs in the presence of 89 

SNBs. 90 
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Materials and Methods 91 

Culture preparation. Dissociated cortical primary cultures were prepared from Sprague-Dawley 92 

rat embryonic day 18 (E18) brains from either sex. Cortical tissue was dissected in ice-cold Hanks’ 93 

Balanced Salt Solutions (HBSS). The isolated cortices were digested using the Worthington 94 

Papain Dissociation System (Worthington Biochemical Corporation). Cells were plated on MEA 95 

dishes with 252 electrodes arranged in a 16x16 grid (30µm diameter, 200µm inter-electrode 96 

distance, Multi-Channel Systems). Prior to plating, MEAs were cleaned with 1% Tergazyme 97 

solution, sterilized with 70% ethanol, surface-treated with fetal bovine serum (FBS), and coated 98 

with 0.1 mg/ml poly-D-lysine (Invitrogen). Cells were plated onto a circular area with a diameter 99 

of 6 mm centered at the electrode array area. The final density was ~4,000 cells/mm2. The 100 

plating droplet was left on the MEAs for 30 min to allow cell attachment. Culturing medium 101 

(Neurobasal supplemented with 2% B-27, 0.5 mM L-glutamine, 10% penicillin/streptomycin) 102 

with 10% fetal bovine serum (FBS, Sigma) was then added to the cells (1ml for each MEA). 103 

Medium was completely changed 24 hours later (DIV 1, i.e. 1 day in vitro) to remove FBS. 104 

Subsequent medium changes were done on DIV 6, DIV 10 and every 3 days afterwards. Half of 105 

the medium was replaced each time. Cultures were covered with plastic caps with a fluorinated 106 

ethylene-propylene membrane (ALA-Scientific) and maintained in a humidified CO2 incubator (5% 107 

CO2, 37°C). On DIV 9, MEA cultures were transfected with an adeno-associated virus (AAV9) 108 

encoding ChannelRhodopsin-2 (ChR2, AAV9.hSyn.hChR2(H134R)-EYFP.WPRE.hGH, Addgene 109 

26973P, MOI 100,000). Half of the medium was changed on DIV 10 to prevent virus toxicity. 110 

Alternative transfection on DIV 1 was applied on cultures used in the study of early connectivity 111 

development. Overall we observed similar development patterns between cultures transfected 112 

on DIV 1 and DIV 9. DIV 9 was chosen as the transfection date for cultures used for the main 113 
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experiments for its least disruption on long-term viability of the cultures. All experimental 114 

procedures were conducted in accordance with Institutional Animal Care and Use Committee 115 

(IACUC) and approved by SingHealth. 116 

 

MEA recording. Recordings were performed on an anti-vibration table and in a Faraday cage. 117 

During recordings, MEAs with culturing medium (see Culture preparation) were placed in a 118 

customized CO2 incubator placed on top of an inverted microscope (see Optical stimulation) 119 

inside the cage. Extracellular electrophysiological signals were acquired using the USB-MEA256 120 

hardware systems (Multi Channel Systems). MC_Rack software (Multichannel Systems) was 121 

used to process extracellular signals that were high pass filtered at 300 Hz and low pass filtered 122 

at 3 kHz with 4th-order Bessel filters. Each channel was sampled at a frequency of 20 kHz. Action 123 

potentials were detected using a voltage threshold set at 6 times the standard deviation (6σ) of 124 

the biological noise for each recording channel.   125 

 

Optical stimulation. Stimulus presentations and MEA recordings were triggered and 126 

synchronized by transistor-transistor logic (TTL) pulses generated by Matlab that signaled the 127 

beginning and end of each session. Optical stimulation was conducted using a 500 mW DPSS 128 

laser with a wavelength of 473 nm. The laser beam was optically expanded and projected onto a 129 

reflective spatial light modulator (SLM, Holoeye Photonics), with a resolution of 1920x1080 130 

pixels. The patterns reflected by the SLM were controlled by the DVI graphics output of a 131 

personal computer and were refreshed at 50 Hz. The reflected light patterns were then 132 

projected onto MEA cultures through the objective lens of an inverted microscope (Eclipse Ti-E, 133 

Nikon). The final light intensity at the MEA culture is ~4.5mW/mm2. This setup allowed us to 134 
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design arbitrary blue-light images and use them as stimuli. The stimulation presentation was 135 

programmed with the Psychtoolbox-3 (http://psychtoolbox.org) in Matlab.  136 

 

Cross-correlation histogram (CCH) probing. Cultured neuronal networks were probed with 137 

optical stimuli to identify synaptic connections and monitor changes in their efficacies. The 138 

optical stimulation area, which approximately covered the electrode array area, is divided into a 139 

16x16 grid, resulting in 256 square ‘dots’. Each probing session is conducted by stimulating the 140 

culture with a series of random-dot frames, in which all grid positions were black, except for 5 141 

randomly-selected positions which were white, resulting in 5 blue dots simultaneously 142 

stimulating the network when the laser is on. Each stimulating frame lasts 100 ms, during which 143 

the light is on for 40 ms, and off for 60 ms. Each of the 256 positions in the grid is stimulated 20 144 

times in total in a random order during a probing session, resulting in a random dot movie of 145 

5,120 frames. Each probing session lasts ~1.7 min. Neuronal responses were recorded from the 146 

252 MEA electrodes concurrently with the optogenetic random dot probing. A potential causal 147 

relationship between each stimulating grid position and each electrode (recording position) was 148 

evaluated by calculating a cross-correlation histogram (CCH) between the electrode response 149 

time-series and the stimulating time-series. CCHs are calculated as 150 

𝑐𝑐ℎ(𝜏) =  ∑ 𝑖(𝑡)𝑗(𝑡 − 𝜏)𝑡 , 151 

where 𝜏 is the time lag between the two time-series, and 𝑖, 𝑗are the time-series representations 152 

(1-dimensional vectors) of the electrode response time points and the stimulus time points. The 153 

entire probing session was binned into 1-ms windows. For an electrode, if it detects spikes in a 154 

particular time bin, the time-series vector 𝑖 will contain 1 in the corresponding time bin, 155 

otherwise 0. For a stimulating position, if a probing stimulus is imposed in a particular time bin, 156 

the time-series vector 𝑗 will contain 1 in the corresponding time bin, otherwise 0. CCH calculates 157 
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the discrete cross-correlation between the two time-series and find the time lag that returns the 158 

largest correlation (the peak of the CCH curve). A sharp peak with a positive time lag in the CCH 159 

indicates that the electrode consistently detects a response at a defined time window after the 160 

grid position is stimulated, and therefore a directional synaptic connection likely exists between 161 

the grid position (presynaptic) and the electrode (postsynaptic). Assuming the recorded spike 162 

train (electrode response) follows a Poisson process, the significance of the peak can be tested 163 

against the P-value of the Poisson distribution:  164 

𝑃(𝑘) = 𝑒−𝜆
𝜆𝑘

𝑘!
 

𝑃(𝑘) computes the chance of observing a peak value of 𝑘 given the mean of 𝑐𝑐ℎ(𝜏) as 𝜆. When 165 

the chance falls below P = 1e-6, and the electrode detects a response in more than half of the 166 

trials (10 out of 20 times when the dot is stimulated), we draw a connection. The value 1e-6 is 167 

chosen empirically to control the number of connections that will be detected as reliable 168 

connections in a culture. Setting it too high (1e-5) will result in having too many connections 169 

detected, e.g. some channels are constantly firing and thus will be assigned connections with 170 

nearly all stimulating position. Setting it too low (1e-7) will result in having too few connections 171 

detected and increasing the variance of network analysis. The latency of the connection is 172 

reflected by the time lag 𝜏𝑝 where the CCH reaches its peak after stimulation. The efficacy of the 173 

connection is estimated by the area under the post-stimulus time histogram (PSTH). With the 174 

detected connections, we were able to draw a connectivity map for each culture. The 175 

connectivity map comes together with directionality information, which can be utilized to 176 

augment analysis and understanding. Two connectivity maps of the same culture obtained 177 

before and after a certain treatment can be compared to evaluate whether the culture has 178 

undergone significant connectivity changes. For instance, the relative change of the efficacy – 179 
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change in the area under the PSTH curves divided by area under the initial PSTH curve — is 180 

calculated for all connections. Positive efficacy change indicates potentiation, while negative 181 

efficacy change indicates depression. To evaluate the overall network efficacy change, the 182 

positive changes and negative changes are summed together respectively over all connections 183 

and represented as “P: ∑(0 < changes < 100% + changes > 100%)” and “N: ∑(changes < 0%)” in 184 

the figure legend. The unit of P and N is [%]. Positive changes > 100% are capped at 101%. The 185 

potentiation to depression ratio “R” (R = P/|N|, where |N| is the absolute value of N) is 186 

calculated to reflect the overall change in network efficacy. R > 1 indicates long-term 187 

potentiation (LTP) at the network level and R < 1 indicates long-term depression (LTD) at the 188 

network level. CCH probings were conducted 5 min after each treatment to reflect the long-189 

term effect associated with the treatments.  190 

 

Experimental design. We used three cartoon-like images of a car front, a dog face and a human 191 

face (Figure 1H) to study the networks’ ability to learn and memorize complex input patterns. 192 

The three patterns were converted to line drawings in 50x50 grids of the same size as the 193 

stimulating area. The luminance of each pattern is tuned to balance the elicited neuronal 194 

baseline response. Experiments typically consisted of three sessions: baseline recording, 195 

learning stimulation and testing recording. Network baseline responses to each of the three 196 

patterns was recorded 10 times. Three patterns were presented in random orders with 10 sec 197 

intervals and 100 ms stimulation time. As the network response is subject to noise introduced 198 

by fluctuation in the network background activity level due to SNBs, applying an illuminating 199 

window of 100ms enables us to record stable and consistent network responses for baseline 200 

and testing phases. Learning was conducted by stimulating the cultures with one of the three 201 

patterns at 50 Hz (50% duty cycle, 10 ms on and 10 ms off) for 60 trials with 9 s intervals and 1 s 202 
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stimulation time. Network testing (post-learning) response was recorded the same way as 203 

baseline recording.   204 

 

Burstiness Index. We adopted the idea of ‘burstiness index’ (BI) (Chiappalone et al., 2005; 205 

Hinard et al., 2012) to quantify degree of network bursting. Continuous recordings of network 206 

spontaneous activity (10 min, recorded at the beginning of experiments) were divided into 1-s 207 

bins and the fraction of spikes contained by the 15% most active bins was calculated (f15). BI 208 

was defined as BI = (f15 - 0.15)/0.85, with 0 for not bursting at all, and 1 for maximum burstiness. 209 

The 15% was chosen empirically with the observation that SNBs occur on average in 15% of the 210 

time bins in an SNB-dominant culture. Equivalently it assumes the culture has an average inter-211 

burst-interval (IBI) of 6.7 s. For cultures with average IBI < 6.7 s, we increased the 15% 212 

accordingly. 213 

 

Random Dot Movies. In order to suppress synchronized network bursts (SNBs), neuronal 214 

networks were pre-stimulated by random dot movies (RDMs). In experiments involving RDM 215 

treatment, the movie was generated in a 10x10 grid of the same size as the stimulating area. In 216 

each frame, 25 out of 100 dots were randomly chosen and illuminated to stimulate the culture 217 

for 50 ms. The culture was then allowed to rest for 50 ms in dark. Frames were refreshed at a 218 

frequency of 10Hz. These values for the frequency and number of dots were determined to be 219 

optimal for suppression of SNBs. RDMs were played for 0.5 - 1 hour to the cultures, after 220 

baseline recording, and before learning stimulation.  221 

 

Culture exclusion. For experiments comparing the Conventional Learning Paradigm and the 222 

RDM-learning Paradigm (Figure 7GH and Figure 8), we started with 26 healthily plated cultures 223 
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(enough cells survived by DIV 22 for good coverage of the stimulating area). Before each 224 

experiment, we recorded a 10-min session of the culture’s activity at rest and excluded cultures 225 

with frequency of background SNBs more than 0.2 Hz (too active) or less than 0.05Hz (too quiet). 226 

Five cultures were excluded this way. Cultures whose network efficacy changed significantly 227 

before and after the baseline/testing recording phase were also excluded, because they were 228 

found to be unstable and produce inconsistent results in other steps. Five cultures were 229 

excluded this way. For the RDM learning paradigm, cultures whose bursting activity was not 230 

significantly suppressed by the RDMs (R > 0.2) were excluded from the study, because their 231 

subsequent learning capacity were compromised. Three cultures were excluded this way. 232 

Eventually we were left with a total of thirteen cultures: the conventional learning paradigm was 233 

used for five cultures, in three cultures we used the RDM-learning paradigm and conducted 234 

testing 10 minutes after the learning stimulation, while in five cultures we used the RDM-235 

learning paradigm with extended testing at 30 minutes, 1 hour and 24 hours after learning. 236 

 

Support Vector Machine classification. Pattern-induced network responses at baseline and 237 

testing phases are binned at 10 ms. Data from all bins of the three classes (human, dog, car) are 238 

pooled together (pooling-all-sample method) to train one SVM classifier, to avoid the curse of 239 

dimensionality (the number of features is greater than the number of instances). The trained 240 

SVM classifier was then applied to classify 5-min continuous recordings of network spontaneous 241 

activity (binned at 10 ms) obtained before the baseline phase and immediately after the 242 

learning phase. Classified labels during SNBs were summarized to get the ratio of classified SNB 243 

bins belonging to each of the three complex patterns. In a separate effort to validate the usage 244 

of the pooling-all-sample method, 60% of the pattern-induced network responses were used to 245 

train the SVM classifier and the remaining data was classified by the trained classifier. LIBSVM 246 
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(Chang and Lin, 2011, software available at http://www.csie.ntu.edu.tw/~cjlin/libsvm, 247 

RRID:SCR_010243) and its built-in multiclass classification were used.   248 

 

Evaluation metric. The learning protocol (50 Hz, 50% duty cycle, 10 ms on and 10 ms off for 60 249 

trials with 9 s intervals and 1 s stimulation time) was applied equally to all cultures, because we 250 

did not set up any feedback loop that can be used to control the learning duration or stop the 251 

tetanus stimulation after the induced LTP exceeds a pre-set threshold. As a result, the learning-252 

induced LTP might appear inadequate for some cultures, i.e. they may display similar 253 

magnitudes of change induced by “learning” as compared to response fluctuation due to noise. 254 

In light of this, the focus of the performance analysis is not the significance level of magnitude of 255 

change, but whether the learned pattern triggers more response than the control patterns at 256 

testing. In detail, the induced response differences between the familiar pattern and the two 257 

control patterns were averaged and then the value was normalized against the response to the 258 

familiar pattern to make the result comparable among cultures: 259 

𝛥 =  
(𝑥𝑓 −  𝑥𝑐1) + (𝑥𝑓 −  𝑥𝑐2) 

2𝑥𝑓
 

Where x is the network response to be evaluated. It can take the value of network firing rate 260 

induced by the input patterns or the ratio of classified SNB bins belonging to the input patterns 261 

(see Support Vector Machine classification in Methods for more information). xf is the response 262 

induced by the familiar pattern. xc1, xc2 are the responses induced by the two control patterns.    263 
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Results 264 

The goal of the experiments described here was to investigate the ability of cultured neuronal 265 

networks resembling cortical microcircuits to recognize a familiar (previously seen) stimulus 266 

pattern. We have used cultured cortical neurons growing on a multi-electrode array (MEA) and 267 

transfected with ChannelRhodopsin2 (ChR2), allowing us to optogenetically stimulating the 268 

network with complex patterns, while recording from hundreds of neurons (Figure 1). A 269 

universal property of dense cultured cortical networks is the appearance of highly synchronized 270 

network bursts (SNBs) every few seconds (Maeda et al., 1995; Pelt et al., 2004; Eytan and 271 

Marom, 2006; Chiappalone et al., 2007; Colombi et al., 2016). We have therefore characterized 272 

the development of SNB activity in our MEA cultures and developed an optogenetic approach to 273 

suppress them. In additional, we developed an optogenetic approach to define directional 274 

connectivity maps for the networks, using a cross-correlation histogram (CCH) analysis, which 275 

allows us to measure alterations in synaptic efficacy following learning paradigms. 276 

 

Bursting, connectivity and network development 277 

Similar to previous observations, SNBs emerged in the MEA cultures on DIV 8 and became 278 

dominant from DIV 13 onwards. The frequency and duration of SNBs increased over time and 279 

stabilized after DIV 20 (Wagenaar et al., 2006a), with characteristic inter-burst intervals (IBI) of 280 

5-10 seconds. To trace the neuronal network development, we established longitudinal 281 

connectivity maps for the cultures (Figure 2A-D). These maps reveal that local connections 282 

(length ≤ 300 µm) are detectable at DIV13 (Figure 2A); a sparsely connected network starts to 283 

form by DIV19 (Figure 2B); global connections (length > 300 µm) become widespread by DIV22 284 

(Figure 2C); finally, a densely connected network with extensive global and local connections is 285 

formed by DIV26 (Figure 2D). If loosening the threshold used for CCH detection from 1e-6 to 1e-5 286 
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(see Methods for more details), long-range connections will appear in the connectivity maps at 287 

DIV13 (not shown) and DIV 19 (Figure 2E).  288 

 

The developmental profile described by Figure 2A-D varied one or two days for individual 289 

cultures with different cell densities. We performed most of our experiments from DIV 22 290 

onwards, so we could characterize learning-induced changes of a large number of connections 291 

and understand the effect of a training paradigm from the network perspective. This time 292 

window was also consistently used in (Chiappalone et al., 2008). A statistical summary of the 293 

number of connections and connection length of Figure 2A-D is provided in Figure 2F.  294 

 

Network response to high-frequency stimuli 295 

Another benefit of using mature and strongly connected cultures is that they are able to fire 296 

more synchronously in response to high-frequency stimuli. The ChR2 version we used has the 297 

H134R mutation, which increases the photocurrent but is associated with slower channel-298 

closure kinetics, resulting in a reduced temporal precision (Yizhar et al., 2011). It is shown in the 299 

CCH probing data that the latency of an optically elicited response is centered around 30 ms 300 

(Figure 1F), which limits the firing frequency to be elicited through direct optical response to 30 301 

Hz. Nevertheless, a subset of neurons in mature cultures was able to fire synchronously to 302 

stimuli with a frequency of more than 30 Hz (see Figure 2G3-4 for examples). These neurons are 303 

usually receiving excitatory postsynaptic potentials (EPSPs) from multiple concurrently 304 

stimulated grid positions. We name them as the “postsynaptic hub neurons” in connectivity 305 

maps.  Strong connection efficacies in mature cultures assist the propagation of EPSPs, thereby 306 

securing the temporal precision of firing. Nevertheless, pyramidal neurons have been reported 307 

not to follow well with stimuli beyond 40 Hz, because they are limited by their intrinsic cellular 308 
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biophysical properties (Hjelmstad et al., 1997; Gunaydin et al., 2010). The reliability of neuronal 309 

activation through ChR2 dropped significantly as the frequency of light pulse delivery increased 310 

(Arenkiel et al., 2007). We tested MEA culture responses to stimuli of 20-100 Hz (Figure 2, 311 

panels G1-5). The highest frequency that cortical neurons could fire synchronously was 50 Hz. 312 

Therefore, we used 50 Hz as the learning stimulation protocol for subsequent experiments. 313 

 

Plasticity induction in presence of synchronized network bursts  314 

By looking at the Burstiness Index (BI) values, the cultures can be classified into two types. 315 

Cultures dominated by SNBs are found to be associated with high BI values (BI = 0.86 ± 0.03 316 

(S.E.M.), n = 6). Cultures with compromised SNBs and more asynchronous firings are associated 317 

with low BI values (BI = 0.38 ± 0.08 (S.E.M.), n = 3). After delivering 50 Hz stimuli to the cultures, 318 

we noticed opposite outcomes from the two types of cultures (Figure 3). In cultures dominated 319 

by SNBs, networks exhibited LTD in overall change (R = 0.67 ± 0.16 (S.E.M.), n=6, see Figure 3 320 

panels A1-5 for an example). The decrease is quantified by a histogram of PSTH area relative 321 

changes centered at -20% (see Figure 3A3 for an example). On the contrary, in cultures where 322 

SNBs occurred less often with more asynchronous firings in the background, overall LTP was 323 

observed (R = 1.73 ± 0.18 (S.E.M.), n=3, see Figure 3 panels B1-5 for an example). Panel 1&2 in 324 

Figure 3C provide examples for potentiated and depotentiated connections and the 325 

corresponding change in their CCH, PSTH curves and raster plots. The protocol used in 326 

generating the results is CCH – 50Hz tetanus – CCH. 327 

 

In a further analysis examining the directionality of these connections, we noticed that the 328 

potentiated connections induced by 50 Hz tetanization clustered around postsynaptic neurons 329 

(electrodes) rather than presynaptic neurons (grid positions) (see Figure 3B1 for an example). In 330 
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our experiment setup, if the hub is an electrode, it will have only incoming connections; if it is a 331 

grid position, it will have only outgoing connections.  332 

 

Comparing the electrode responses to SNBs and 50 Hz tetani, we noticed that spontaneous 333 

firing patterns at individual electrodes during an SNB were more concentrated with shorter 334 

duration (0.2~0.3x) and larger amplitude (1.5~2x), compared with induced response by 50 Hz 335 

stimulation (Figure 4AB). This kind of ultrahigh-frequency spontaneous firing was observed at a 336 

large number of electrodes during an SNB (Figure 4C, number of electrodes detected at least 337 

50Hz firing > 30), whereas the number of electrodes detected synchronous firing to 50 Hz was 338 

limited (Figure 4D, number of electrodes detected at least 50Hz firing ≤ 17).  339 

 

Random Dot Movies induce LTD prior to learning 340 

Given the analysis above, the question we addressed next is whether SNBs can be suppressed in 341 

cultures, while maintaining network viability. Pharmacological and electrical treatments have 342 

been proposed on this matter. Pharmacological reagents, such as NMDA receptors antagonist 343 

(e.g. APV and Mg2+) and gap junction blockers (e.g. Carbenoxolone), are able to suppress SNBs 344 

to a great extent, but at the same time they also compromise the neuronal network 345 

functionality, especially its learning ability. A non-pharmacological method, i.e. randomly 346 

applied electrical stimuli through electrodes at high frequency, was suggested to quiet SNBs by 347 

mimicking the random noise coming from the external world (Wagenaar et al., 2005). Applying 348 

the quieting protocol resulted in enhanced functional plasticity (Madhavan et al., 2006) and 349 

increased likelihood of evoked network response (Goel and Buonomano, 2013). We therefore 350 

applied optogenetic stimulation in the form of Random Dot Movies (RDMs, see Methods section) 351 

to the neuronal networks prior to any learning stimulation, in an attempt to mimicking the 352 
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effect of sensory inputs on the neocortex in an awake animal. As the cultures were extensively 353 

engaged in randomly induced firings during RDMs, SNBs emerged less frequently (BI = 0.86 ± 354 

0.03 (S.E.M.), n = 6, see Figure 4E for an example of culture activity before applying RDMs; BI = 355 

0.09 ± 0.02 (S.E.M.), n = 6, see Figure 4F for an example of culture activity during RDM 356 

stimulation). The activity of a less bursting culture seems to fall between the two extreme 357 

conditions (BI = 0.38 ± 0.08 (S.E.M.), n = 3, see Figure 4G for an example of less bursting 358 

cultures).   359 

  

We repeated the RDM stimulation protocol in the presence of 100 µM APV in the culture 360 

medium to block NMDA receptors and compared the network efficacy changes observed with 361 

those seen in control cultures in the absence of APV. A reduced degree of depression 362 

immediately after a 30-min RDM and faster recovery after 1 hour in resting state were observed 363 

when NMDA receptors were blocked (see Figure 4H for an example). The difference is marked 364 

by a network efficacy drop < 80% (R = 0.53 ± 0.27, n = 2) in APV vs. a network efficacy drop > 90% 365 

(R = 0.07 ± 0.004, n = 3) without APV, and faster recovery to the original efficacy at 1 hour (R = 366 

1.67 ± 0.82, n = 2) after RDMs in APV vs. prolonged depression at 1 hour without APV (R = 0.36 ± 367 

0.08, n = 3). The observed depression is unlikely to be a result of neurons dying, as the cultures 368 

survived well for days after the RDM stimulation. The decrease in efficacy in presence of APV is 369 

more likely a result of temporary network exhaustion or an NMDA-independent form of LTD 370 

(Pöschel and Manahan-Vaughan, 2005). In contrast, the prolonged depression at 1 hour after 371 

RDM stimulation in the absence of APV, suggests that LTD was induced and the process can be 372 

NMDAR-dependent. Furthermore, the CCH probings conducted 5 min after RDM stimulation 373 

reveals network-wide LTD (R = 0.097 ± 0.015, n = 5, see Figure 5A for an example). RDM-induced 374 
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network-wide LTD potentially opens a window for enhanced learning, by creating more space 375 

for synaptic potentiation. The protocol used in generating the results above is CCH – RDM – CCH. 376 

 

Learning specificity emerged after RDM pre-stimulation 377 

After the cultures were pre-stimulated with RDMs for at least 30 min, we applied the same 50 378 

Hz stimulation protocol. CCH probing results show that, in contrast to the previous LTD outcome 379 

in cultures dominated by SNBs, network average efficacy change became LTP (R > 1, Figure 5B), 380 

similar to the LTP induced in the SNB-compromised cultures. To further validate that the LTP 381 

was indeed induced by the 50 Hz stimulation rather than culture self-recovery from RDM pre-382 

stimulation, we probed network responses to the three complex patterns at the testing phase.  383 

As a proper control, network efficacy change caused by the testing (Figure 5C) was not as 384 

significant as 50 Hz stimulation, which confirms the minimum disturbance caused in baseline 385 

and testing phases. Comparing the PSTH curves of network response to the three patterns at 386 

baseline and testing, we found a pattern-specific firing rate increase for the learning stimulus (n 387 

= 5) (see Figure 6B for two examples). A similar firing rate increase was not observed in the 388 

learning experiments without RDM pre-stimulation (n = 5) (see Figure 6A for one example). A 389 

statistical summary of the network activity over trials during the baseline/testing phases for the 390 

three cultures shown in Figure 6AB is provided in Figure 6C.  The protocol used in generating the 391 

results above is CCH – RDM – CCH – 50Hz tetanus – CCH. 392 

 

The pattern-specific firing rate increase indicates that the neuronal networks have acquired 393 

familiarity to the trained pattern. Therefore, we conclude that learning after RDMs is more 394 

efficient than learning without RDM pre-stimulation. The ability to recognize familiar patterns 395 

seems to be an emergent and intrinsic network property, in which information of the complex 396 
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patterns is separated in a high-dimensional feature space. PSTH curves at individual electrode 397 

channels evoked by the three patterns were compared before and after learning (Figure 7AB). 398 

Firing rate increase to the familiar pattern was observed at many channels widely distributed in 399 

the network.  400 

 

The experimental paradigm was therefore updated from “baseline  learning  testing” 401 

(protocol is CCH – baseline – CCH – 50Hz tetanus – CCH – testing – CCH, referred as the 402 

Conventional Learning Paradigm from here on) to “baseline  RDM  learning  testing” 403 

(protocol is CCH – baseline – CCH – RDM – CCH – 50Hz – CCH – testing – CCH, referred as the 404 

RDM-learning Paradigm from here on). Baseline recording was conducted before RDM pre-405 

stimulation to prevent unwanted network recovery induced by the baseline recording. This way, 406 

the network baseline responses were generally higher than the testing responses (Figure 6B2), 407 

because RDMs induced significant network LTD, and the subsequent learning only selectively 408 

potentiated a subset of the connections.  409 

 

Memory consolidation in vitro 410 

What we have observed so far is at best early-phase long-term potentiation (LTP) (Huang, 1998; 411 

Blundon and Zakharenko, 2008). During the experiments, CCH probings were conducted 5 min 412 

after learning, and network responses to the three patterns were obtained 10 min after learning 413 

at the testing phase. This time scale is longer than short-term memory but still short for long-414 

term memory. Given that SNBs occurred sporadically in the background, which might result in 415 

an ongoing modification of network connectivity, we wanted to address the question whether 416 

the encoded familiarity would be consolidated into long-term memory. 417 
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In intact animals, memory consolidation has been correlated with high-frequency oscillations 418 

that can be observed during sleep. Cultures with SNBs have been proposed as a slow-wave sleep 419 

model (Colombi et al., 2016). Therefore, it is reasonable to hypothesize that SNBs may be 420 

retaining the encoded pattern by spontaneously initiating neuronal activities through the 421 

potentiated connections. In order to decode the information contained in the SNBs, we used a 422 

Support Vector Machine (SVM) approach to classify SNBs.  423 

 

At first, SVM classifiers were trained to recognize network responses induced by the three 424 

complex patterns. Then, the SVM classifier trained with pattern-induced responses obtained at 425 

the baseline phase was applied to classify SNBs in the 5-min continuous recording obtained 426 

before the baseline phase; the SVM classifier trained with pattern-induced responses obtained 427 

at the testing phase was applied to classify SNBs in the 5-min continuous recording obtained 428 

immediately after the learning phase. Classified labels of SNBs before and after learning are 429 

compared. The results show that after the RDM-learning paradigm, a larger portion of SNBs 430 

were classified as the trained pattern (Figure 7D), indicating a higher similarity in the network 431 

activity pattern. In other words, SNBs carried more information of the trained pattern after 432 

learning. Therefore, the trained pattern is likely being replayed during SNBs, potentially 433 

undergoing memory consolidation. On the contrary, SNBs after the conventional learning 434 

paradigm did not resemble the trained pattern more (Figure 7C). Separately, we validated the 435 

trained SVM classifiers by looking at their classification accuracy of an independent set of 436 

pattern-induced network responses (60% data was used for training, 40% data for testing) 437 

recorded at baseline. The results show good accuracy at 30-120 ms, while the pattern stimuli 438 

were delivered at 0-40 ms (Figure 7E). When the pattern labels were randomized prior to SVM 439 

training, the classification accuracy reduced to chance level (Figure 7F).  440 
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To further investigate the long-term retention of the encoded familiarity, we extended the 441 

testing phase in an independent set of experiments by including 3 sessions of testing spaced at 442 

30 min, 1 hour and 24 hours after the learning phase in addition to the original testing 443 

conducted at 10 min. While network firing rate distinction was observed to be not well 444 

maintained 30 min after learning, network firing rate to the familiar pattern re-appeared to be 445 

on top when probed at 24 hours after learning (Figure 7G). A similar effect has been reported by 446 

another group (see Figure S1, Chiappalone et al., 2008), who found network response 447 

maintenance one day after LTP induction experiments. So, if we only focus on the familiarity 448 

recall with one day retention (24 hours), the network firing rate discrepancy between familiar 449 

and control patterns is as good as when recalled immediately after learning (10 min), implying 450 

the existence of memory consolidation. A similar trend was observed with the corresponding 451 

SNB replay ratio (Figure 7H).  The protocol used in generating the results above is CCH – RDM – 452 

50Hz tetanus – CCH (10min) – CCH (30min) – CCH (1hr) – CCH (24hr). 453 

 

Comparison between Conventional learning and RDM-learning paradigms 454 

Summarizing all the findings above, we present here the major difference between the 455 

conventional learning paradigm and the novel RDM-learning paradigm. As the dynamics of in 456 

vitro dissociated neuronal networks are highly variable and noisy in nature, we have had plenty 457 

of outlier cultures with unique behavior that could not be subsequently reproduced. This paper 458 

therefore focuses on the most reproducible observations. When 50 Hz tetanus was given to 459 

cultures during the learning phase, little LTP (R < 2) was observed following the conventional 460 

learning paradigm (Figure 8A), whereas significant LTP (R > 2) was observed following the RDM-461 

learning paradigm (Figure 8B). One prerequisite for the training to be efficient in the RDM-462 
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learning paradigm was that the RDM pre-stimulation had to induce major depression in the 463 

network efficacy (R = 0.097 ± 0.015 (S.E.M.), n = 5 in Figure 8B). In cultures that RDM pre-464 

stimulation did not induce sufficient depression, the subsequent firing rate distinction was 465 

compromised. In the conventional learning paradigm, network firing rate to the trained pattern 466 

was decreased in general (Figure 8C), suggesting mild LTD induction following the 50 Hz 467 

tetanization. Although pattern-specific LTD might be an alternative learning outcome, the 468 

encoded LTD is unlikely to be replayed by the background SNBs (Figure 8E) and therefore will 469 

eventually be lost over time. In the RDM-learning paradigm, network response to the three 470 

patterns was first greatly suppressed by the RDMs and then a subset of neurons was selectively 471 

stimulated and recruited to store the encoded familiarity, resulting in a comparatively higher 472 

network firing rate to the trained pattern among the three (Figure 8D). More importantly, post-473 

encoding SNBs spontaneously reactivate the memory engram (Figure 8F) which provides means 474 

to maintain the strengthened pathways in the network and potentially creates a robust model 475 

for learning and memory studies in vitro.  476 
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Discussion 477 

The goal of the experiments described above was to study learning and memory in neuronal 478 

networks. A major issue holding back progress in networks formed by cultured cortical neurons 479 

is the spontaneous occurrence of highly synchronized network bursts (SNBs).  480 

 

Development of synchronized network bursts 481 

SNB activity patterns change with the developmental stage of cultured cortical neurons, and 482 

they have been shown to disrupt the encoding of short-term memory (Dranias et al., 2015; Ju et 483 

al., 2015). In addition, it has been  postulated that SNBs are  essential for neuronal network 484 

development and maturation (Luhmann et al., 2016). The fact that properly maintained MEA 485 

cultures can survive for months (Potter and DeMarse, 2001) creates an opportunity to study the 486 

development of the functional activity of these neuronal networks in detail. In our experiments, 487 

SNBs emerged as early as DIV8, indicating the existence of global connections at this early age, 488 

However, long-range connections were not detectable by our cross-correlation histogram (CCH) 489 

analysis until the culture had adequately matured. The sparsity of detectable global connections 490 

before DIV22 is likely the result of synaptic efficacies being relatively weak initially. Normally, 491 

spatial and temporal summation of multiple inputs is required to trigger a postsynaptic action 492 

potential. In order to be detected by CCH probing, a global connection must be strong enough to 493 

trigger the firing of the postsynaptic neuron by itself. The long-range connections that were 494 

uncovered in the connectivity map at DIV19 (Figure 2E) by lowering the CCH detection threshold 495 

possibly represent newly formed connections which are still relatively weak. Some of these can 496 

strengthen as the network matures. In other words, the CCH analysis relies on strong 497 

connections to reconstruct the network architecture. We have focused on such strong 498 
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connections, because they are more stable and reliable when we look for subtle changes due to 499 

plastic modification. 500 

Long-term effect of synchronized network bursts 501 

In cultures dominated by SNBs, high frequency stimulation with a training pattern caused a long-502 

term depression of network activity (Figure 3, panels A1-5). The overall LTD is consistent with 503 

observations reported earlier (Chiappalone et al., 2008), that high-frequency tetanization 504 

caused an overall decrease in evoked network response, rather than a global increase as 505 

conventionally expected. For cultures in which SNBs were sparse and which displayed more 506 

asynchronous firing, tetanization with a pattern resulted in long-term potentiation (LTP, Figure 3, 507 

panels B1-5). Potentiated connections clustered around a few postsynaptic neurons (Figure 3B1). 508 

This result supports the idea that these “postsynaptic hub neurons”, receiving multiple inputs 509 

from concurrently stimulated dot positions of the training pattern, have a higher chance to fire 510 

synchronously in response to high-frequency stimuli, which in turn results in potentiation of the 511 

synapses between them and their presynaptic inputs following the “Hebbian” rule.  512 

 

An individual MEA electrode may record from between 1 - 4 neurons (Litke et al., 2004). 513 

Therefore, network firing frequency recorded by the MEA during SNBs can be much higher than 514 

the 50 Hz frequency we used for tetanization. It is reasonable to assume that the neuronal 515 

networks have been excessively potentiated by SNBs, leaving little space for future LTP. In other 516 

words, SNBs impose a higher LTP threshold for in vitro neuronal networks.   517 

 

SNBs have been hypothesized to assist the synaptic development and maturation of the 518 

neuronal networks in young cultures (Kerschensteiner, 2014). However, the results described 519 

above potentially implicate the adverse long-term effect of having SNBs in cultures. 520 
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Learning familiar inputs after random dot movies 521 

We have shown that stimulating the networks with random dot movies (RMDs) induces a form 522 

of long-term depression, in which the frequency of SNBs is substantially reduced. We have used 523 

a “burstiness index” (BI) to monitor this process. If we view the baseline network activity with 524 

abundant SNBs as purely ordered (see Figure 4E for an example) and activity during RDMs as 525 

purely disordered  (see Figure 4F for an example), then the activity of the networks after RMD 526 

treatment  (see Figure 4G for an example) seems to fall at the “edge of chaos”, which has been 527 

predicted to have optimal computational power (Bertschinger and Natschlager, 2004; 528 

Legenstein and Maass, 2007). 529 

 

High-frequency tetanization after random dot movie (RDM) pre-stimulation induced pattern-530 

specific long-term potentiation (LTP). The pattern-specific network firing rate increase indicates 531 

that the neuronal networks have acquired familiarity to the trained pattern. Therefore, we 532 

conclude that the ability to recognize familiar complex patterns is an emergent and intrinsic 533 

property of neuronal networks that are maintained in vitro. The network’s ability to discern 534 

patterns and recognize a familiar input has been predicted by previous studies with simulated 535 

neural network models. Constrained by the spatial resolution of MEAs, we could not measure 536 

the activity of each individual neuron in the network, and therefore we could not identify the 537 

critical neurons and subnetworks responsible for familiarity, as was done for the simulated 538 

neural networks. Nevertheless, based on the PSTH curves of network responses at individual 539 

electrodes, we can tell that the firing rate increase to the familiar pattern is distributed to many 540 
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channels in the network, implying it reflects a network property. Similar observation has been 541 

found in reservoir computing (Subramoney et al., 2019).    542 

 

In the learning experiments, after we applied pattern-specific optogenetic stimulation, we 543 

probed the network responses to both trained and control patterns. By including control 544 

patterns, it came to our attention that in cultures dominated by periodic SNBs, high-frequency 545 

tetanization induced little learning specificity. It was only after we pre-stimulated the cultures 546 

with RDMs which counteracted the SNBs by reducing network efficacy on average, we started 547 

seeing a difference in evoked network responses induced by high-frequency tetanization 548 

between the training and control patterns (Figure 6). By showing that the network response 549 

change is directly associated with the trained pattern, we established a more specific causal 550 

relationship that is less likely to be confounded by fluctuations in network background activity. 551 

Missing proper controls and the lack of direct causality in the early studies prior to Wagenaar et 552 

al. (2006b) potentially undermine their reliability, because changes in the network firing rate, 553 

SNB frequency or response latency are not exclusive to learning but could simply be caused by 554 

fluctuations and drifts in network excitability.  555 

 

The flexibility provided by optogenetic stimulation and the novel CCH probing method allows us 556 

to examine changes in the network at each step and provides more insight into the functional 557 

role of SNBs. For cultures without RDM pre-stimulation, high-frequency tetanization induced 558 

LTD. Whereas for cultures after RDM pre-stimulation or cultures with naturally compromised 559 

SNBs, high-frequency tetanization induced LTP. Applying CCH probings, we discovered that RDM 560 

pre-stimulation induces a network-wide depression. These phenomena together suggest chronic 561 

SNBs have excessively potentiated the networks, leaving little space for future potentiation 562 
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(Wagenaar et al., 2006b). Therefore, when high frequency tetani were delivered, the networks 563 

underwent changes skewed to the LTD side, impairing the learning specificity. We suspect that 564 

the equivocal observations from previous MEA studies stem from differences in network SNB 565 

levels at the resting state. Many of the aforementioned studies did not characterize the bursting 566 

status of their cultures, leaving the problem open for further investigation. 567 

 

For experiments performed using the RMD-learning pathway, the network baseline responses 568 

were generally higher than the testing responses (Figure 6B2), because RDMs induced 569 

significant network LTD, and the subsequent learning only selectively potentiated a subset of 570 

the connections. Nevertheless, occasionally we observed the opposite, namely that the testing 571 

responses were higher in firing rate than baseline responses (Figure 6B1). This occurred when 572 

there was an increase in average inter-burst interval (IBI) duration for SNBs in the background 573 

from baseline to testing, suggesting that the networks were more engaged in SNBs at baseline, 574 

but more entrained to external stimuli at testing. This phenomenon can happen in either 575 

paradigm, i.e. learning with or without RDM pre-stimulation. When it occurred in the 576 

conventional learning paradigm, despite the overall firing rate increase in evoked network 577 

responses at the testing phase, no learning specificity to the trained pattern was co-observed, 578 

indicating the change was not correlated with familiarity encoding. This phenomenon is easily 579 

confused with a real learning effect when there is no rigorous control. 580 

 

Based on our experience, a sufficiently dense, viable MEA culture will be dominated by SNBs 581 

from DIV 13 onwards. Although the bursting has been regarded as seizure-like in some studies 582 

(Wagenaar et al., 2005; Ahn et al., 2017), it is more likely to be a result of the absence of 583 

external inputs during the development of neuronal networks (Madhavan et al., 2006). The 584 
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frequency of SNBs in a mature culture stabilizes at 0.1 – 0.2 Hz, which falls into the frequency 585 

range of the Delta brain waves detected by EEGs (0.1 - 4 Hz). Delta waves are characterized as 586 

the slowest brain waves with the highest amplitude and are commonly found in stage N3 slow-587 

wave sleep (Vlahou et al., 2014). Therefore, a few recent studies suggest that the emergence of 588 

SNBs signifies MEA cultures in a state equivalent to chronic sleep. Similarity in gene expression 589 

profiles between cortical cultures and sleep models provides further support for this notion 590 

(Hinard et al., 2012). Carbachol, a cholinergic agonist, was applied to the cultures and 591 

successfully transformed the network activity from resembling slow-wave sleep to more like 592 

activity during rapid eye movement (REM) sleep (Colombi et al., 2016). We noticed that the 593 

network activity induced by RDM pre-stimulation (Figure 4F) showed a similar pattern to the 594 

Carbachol-induced REM-like activity. The fact that RDM pre-stimulation counteracted SNBs and 595 

caused network-wide depression may be suggesting how synaptic efficacy homeostasis is 596 

established in the brain. 597 

 

A few studies investigating learning and memory in cultured neuronal networks attempted to 598 

circumvent the SNB obstacles. One group was able to show the networks’ ability for pattern 599 

separation with L-shape patterns, but they argued that electrical tetanization with a frequency 600 

above 200 Hz was required to observe the learning specificity (Ruaro et al., 2005). It seems that 601 

using a higher frequency may be able to conquer the over-potentiation problem caused by SNBs. 602 

Nevertheless, inducing such an ultrahigh-frequency tetanus is not feasible with our optogenetic 603 

stimulation. The membrane properties of cortical neurons prevent them from firing 604 

synchronously faster than 50 Hz. Therefore, it is impossible to induce 200 Hz spiking activity in a 605 

physiological condition. Another group demonstrated learning specificity in networks’ direct 606 

response to stimuli after pharmacologically inducing neurogenesis (Tanaka et al., 2016), which 607 
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potentially introduced more immature synapses to the network whose efficacy had not yet been 608 

over-potentiated by SNBs. In a study that failed to induce network LTP with high-frequency 609 

tetanization (Chiappalone et al., 2008), it was shown that associative memories could be 610 

induced in the cultured networks by pairing a session of high-frequency tetanus with an in-611 

phase single pulse applied at a spatially distant electrode. The mechanism underlying the in-612 

phase pairing protocol for associative memory induction was not explicitly explained. In a 613 

following review article, it was speculated that the in-phase pairing protocol induced stronger 614 

network bursts than a session of high-frequency tetanus alone (Bologna et al., 2010). In addition, 615 

metaplasticity has been reported underlying associative memory (Sharma and Sajikumar, 2014; 616 

Xu et al., 2014), and the in-phase pairing protocol might be an efficient way of modifying 617 

metaplasticity in the cultured networks, which in turn modifies the threshold for synaptic 618 

plasticity induction.  619 

 

SNBs re-appear after the RDM-learning-testing sequence, and 24 hours later they still encode 620 

information specific to the learned pattern (Figure 7), suggesting that they take part in memory 621 

consolidation.  Regarding why the network firing rate to the familiar pattern was not 622 

consistently the highest for the shorter retentions (30 min & 1 hour), we do not have an explicit 623 

answer for now. It has been shown that post-encoding maintenance of the activity pattern 624 

present during learning is critical for memory consolidation (Guzman-Ramos and Bermudez-625 

Rattoni, 2011; Park et al., 2016). Specifically, a time course study that investigated the influence 626 

of transient inactivation of perirhinal cortex on recognition memory (Winters and Bussey, 2005) 627 

showed that memory consolidation was impaired when the cortical neuron activity was 628 

suppressed by lidocaine shortly after encoding (0-20 min), but no impairment was found if the 629 

suppression was incurred 40 min after encoding. It was then suggested that at some time point 630 
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beyond 20 min after encoding, the memory trace became sufficiently strengthened to resist any 631 

disruption to the neuronal activity. On account of this, it is possible for us to observe the firing 632 

rate decay at 30-min and 1-hour time points, while the memory was still consolidated at 24 hr. 633 

On the other hand, the weakened response to the familiar pattern at 30 min and 1 hour might 634 

be a network strategy to get ready for new information processing (Oliveira et al., 2010) and 635 

prevent encoded memory being overwritten. Nevertheless, it is important to note that each of 636 

the cultures that we studied is a single network, which carries no hierarchical regulations like in 637 

the brain. We should take caution to avoid over-explaining the firing rate decay, as it may be 638 

simply due to network exhaustion after multiple testing sessions in a relatively short window. 639 

 

The presence of SNBs may not be entirely a bad thing. In fact, spontaneous synchronized activity 640 

is common to the brain at many levels (Corlew et al., 2004; Blankenship and Feller, 2010). On 641 

the largest scale, spontaneous oscillations have been observed for the entire brain by fMRI and 642 

EEG (Burke et al., 2013). On the brain circuit scale, it has been shown that high-frequency 643 

synchronized activity in the hippocampal-cortical dialogue during slow-wave sleep is involved in 644 

memory consolidation (Mitra et al., 2016), reflected as sharp-wave ripples in hippocampus and 645 

sleep spindles/k-complexes in cortex (McVea et al., 2016). Neuronal activity patterns evoked 646 

during learning have been found to be replayed in the hippocampus during sleep (Breton and 647 

Robertson, 2013). There is a chance that SNBs in vitro function in a similar way to enforce the 648 

strengthened connections. The SVM classification results show that the encoded pattern was 649 

“replayed” by SNBs after learning. It sheds some light on the existence of memory consolidation 650 

mechanism in neuronal networks. Therefore, even in the presence of SNBs, in vitro neuronal 651 

networks can be used to study learning and memory with proper preparations.   652 
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Conclusion 653 

In this study, a novel probing method was applied to scrutinize the network change in response 654 

to learning. By counteracting spontaneously occurring synchronized network bursts (SNBs), we 655 

managed to induce pattern-specific familiarity, an observation that is comparable to what has 656 

been demonstrated in silico and has never been reported before for in vitro neuronal networks. 657 

The post-learning activity pattern of SNBs carried more information of the familiar stimulus, 658 

suggesting a mechanism of memory consolidation. It is concluded that in vitro neuronal 659 

networks can acquire familiarity to complex patterns with specificity, and we suggest a novel 660 

elucidation to the role of SNBs as a double-edged sword that disrupts the encoding of new 661 

memories and facilitates the consolidation of existing memories at the same time.  662 
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Legends 

 

Figure 1. Network connectivity and stimulus pattern. A-B, Pictures of a DIV 30 MEA culture 821 

taken with a 4x objective illuminated by bright-field light (A) and fluorescent light (510 nm with 822 

3-s exposure time) to visualize ChR2-YFP expression (B). C-G, Network connectivity summary of 823 

the MEA culture. C, All significant connections detected by CCH probing. Each line is drawn from 824 

a presynaptic dot position to a postsynaptic electrode. D, Histogram of the distances of the 825 

connections in C, binned at 200 µm, which is the spacing between two adjacent electrodes. E, 826 

Group average latency of the corresponding connections in D. Error bars indicate the standard 827 

deviations. Max and min latencies are marked as red and green. F, Histogram of the latencies of 828 

the connections. G, Histogram of the CCH peak values of the connections. The value is 829 

normalized to 100 trials. A peak at 100 means for every trial when the presynaptic dot position 830 

was stimulated, the postsynaptic electrode detected a response. Connection efficacy is 831 

positively correlated with the CCH peak, but to be more precise, we used the area under the 832 

PSTH curve as the measure of connection efficacy in the subsequent analyses. H, Cartoon-like 833 

images of a car front, a dog face and a human face, projected as blue light patterns onto an MEA 834 

culture with ChR2-YFP expressing neurons.  835 
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Figure 2. Development of network connections and neuronal responses to high-frequency 836 

stimuli. A-D, Culture connectivity detected by CCH probing. The culture was transfected with 837 

ChR2-YFP on DIV 1. CCH measurements were conducted on DIV 13 (A), DIV 19 (B), DIV 22 (C) 838 

and DIV 26 (D). E, Culture connectivity if loosening the threshold of CCH detection on DIV 19. F, 839 

summarizing the number of connections detected on DIV 13, 19, 22, and 26 (F1), and the 840 

distribution of connection length for each DIV (F2). G1-6, Channel responses to light pulses of 20 841 

Hz (G1), 30 Hz (G2), 40 Hz (G3), 50 Hz (G4) and 100 Hz (G5). G6, Channel waveforms in response 842 

to 50 Hz pulses (G4). The channel is selected as a representative of channels with the best 843 

response to high-frequency tetanus. Culture was stimulated on DIV 22. Yellow bars highlight 844 

when light pulses were delivered.  845 
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Figure 3. High-frequency tetanization induces LTD or LTP depending on culture “burstiness”. 846 

A1-5. Network connectivity change in a network with frequent SNBs. A1, potentiated (red) and 847 

de-potentiated (blue) connections in the culture detected by CCH probings conducted right 848 

before and 5 min after 50 Hz stimulation (whole field stimulation, 50 Hz for 60 trials with 9 s 849 

intervals and 1 s stimulation time). A2, network firing rate as a function of time, binning at 1 s. 850 

Burstiness Index (BI, see Methods) is 0.83, based on a 5-min recording of network spontaneous 851 

activity, conducted before any stimulation. A3, summary of efficacy change for all connections 852 

detected (see CCH probing in Methods for more details regarding the calculation). P: ∑(0 < 853 

changes  100% + changes > 100%). N: ∑(changes < 0%). The unit of P and N is [%]. R reflects the 854 

overall change in network efficacy (R = P/|N|). A4, summary of the change in response latency 855 

for all connections detected. A5, summary of the change in PSTH peak heights for all 856 

connections detected. B1-5, Network connectivity change in a network with sparse SNBs (same 857 

format as A1-5). C1-2, CCH, PSTH curves and raster plots of the highlighted connections in B1 858 

before (green) and after (magenta) the 50 Hz stimulation. C1 corresponds to connection c1, 859 

which was potentiated. The relative change of area under PSTH curve is 46.71%. C2 corresponds 860 

to connection c2, which was depotentiated. The relative change of area under the PSTH curve is 861 

-20.06%. CCH curves were used to identify a connection and its response latency. PSTH curves 862 

were used to calculate the efficacy change.  863 
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Figure 4. A-D, Comparison of network firing rate during SNBs and in response to 50 Hz 865 

stimulation.  A, Local field potential (LFP) recorded at a single MEA electrode during an SNB. The 866 

red trace is noise and the green trace is when local field potential exceeds the detection 867 

threshold set at -6σ of the noise. B, LFP recorded at a single electrode during 50 Hz light 868 

stimulation. C, Network firing rate map during SNBs. Average firing rate was calculated for each 869 

electrode over 100 ms time bins during a 5-min recording of network activity with no external 870 

input. Firing rate in the top 15% bins was averaged to represent the firing rate during SNBs. No 871 

spike sorting was conducted. D, Network firing rate map during response to whole-field 50 Hz 872 

tetanization, averaged over 60 trials.  Electrode signals collected from multiple neurons were 873 

filtered through spike sorting and the signal from the most synchronized neuron was retained 874 

for plotting. Notice the difference in colorbar scales in C & D. E-G, raster plots of network 875 

activity in resting state (E), in response to RDMs (F), and resting state of a less synchronized 876 

culture (G). H, Network efficacy change ratio (R = P/|N|, see CCH probing in Methods for more 877 

details regarding the calculation) from baseline (B) to 30 min under RDMs (R 30min) followed by 878 

30min in resting state (N 30min) and 1 hour in resting state (N 1hr). APV was added to the 879 

culture medium (100µM) to evaluate the contribution of NMDA receptors.  880 
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Figure 5. Random Dot Movie (RDM)-induced network-wide LTD enables future LTP. A1-3, 882 

network connectivity changes induced by 30-min RDM stimulation. A1, potentiated (red) and 883 

depotentiated (blue) connections in the culture detected by two CCH probings conducted 884 

immediately before and 5 min after the 30-min RDMs. A2, summary of the relative change in 885 

area under the PSTH curves for all the connections detected. See Methods for the meanings of P, 886 

N and R numbers. A3, summary of the change in response latency for all the connections 887 

detected. B1-3, network connectivity changes induced by 50 Hz stimulation conducted after 888 

the RDMs (same format as A1-3). The human face pattern was used as the learning stimulus. 889 

C1-3, network connectivity changes caused by the testing recording (same format as A1-3).  890 
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Figure 6. Post-stimulus time histograms (PSTHs) of the network responses to the three 892 

complex patterns probed at baseline and testing phases. Noisy trials in which SNBs occurred 893 

within 1 s before the pattern stimulus onset were removed. Blue indicates the stimulus duration. 894 

Red boxes indicate the patterns presented during the learning phase. The left column is baseline 895 

response. The right column is testing response. A, baseline and testing responses recorded from 896 

an MEA culture with non-RDM learning.  B, baseline and testing responses recorded from two 897 

MEA cultures with learning after RDM pre-stimulation. Dotted lines were drawn at the same 898 

heights for all three patterns at baseline/testing to aid visualization of firing rate difference. C, 899 

summarizing the average number of spikes (mean area under PSTH curves + s.e.m.) induced by 900 

each pattern over trials during baseline/testing phases for the three cultures shown in Figure 901 

6AB. C1 corresponds to A; C2 corresponds to B1; C3 corresponds to B2. Red arrows indicate the 902 

patterns presented during the learning phase. 903 
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Figure 7. AB, PSTH difference in response to the training and control patterns at individual 905 

electrodes. A, Difference between the responses to a human face (trained) and a car front 906 

(control) stimulus pattern at baseline. Red indicates a higher PSTH to the human face and blue 907 

indicates a higher PSTH to the car front. PSTHs are summed over 20 ms bins. An average PSTH 908 

curve of 10 trials is calculated to represent the electrode response to the probing pattern. The 909 

boxed electrode response is enlarged as the inset. X-scale is [0, 0.2s] for all. Y-scale is [0, 500] 910 

spikes/s for all. Only the most active portion of the electrode array is shown (10x13 electrodes). 911 

Only the response to car front is shown as the response to a control pattern for clarity. B, 912 

Difference between the responses to a human face (trained) and a car front (control) stimulus 913 

pattern at testing (same format as A). CD, SVM classified labels for SNBs recorded before (blue) 914 

and after learning (red) in the conventional learning paradigm (C) and the RDM-learning 915 

paradigm (D). Five-minute continuous recordings of network spontaneous activity were used. 916 

Red box indicates the trained pattern. EF, SVM classification accuracy on pattern-induced 917 

responses (E) and after we randomized the pattern labels for training as a control (F). The pink 918 

bar at 0.04 s indicates the termination of light stimulus. Gray shading indicates the S.E.M of 10 919 

trained SVMs. Yellow indicates classification accuracy above chance level and green for below 920 

chance level. GH, Memory consolidation in cultures with extended testing phase. G, Network 921 

response to the trained pattern was probed at 10 min, 30 min, 1 hr and 24 hr after the learning 922 

phase. Network firing rate induced by the image cues was used to evaluate memory recall. 923 

Firing rate discrepancies between the familiar pattern and the two control patterns were 924 

averaged and then the value was normalized with respect to the familiar pattern to make the 925 

results comparable among cultures (see Evaluation metric in Methods for more details 926 

regarding the calculation). H, SVM classification of SNBs recorded at baseline, 10 min and 24 hr 927 

after learning was conducted by using the network responses obtained in G as training sets. SNB 928 
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ratios (see C&D for an example) between the familiar pattern and the two control patterns were 929 

averaged to make the results comparable among cultures (see Evaluation metric in Methods for 930 

more details regarding the calculation). Same cultures as in G.  931 
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Figure 8. Summary of culture performance under the conventional learning paradigm (A, C & E) 933 

and the RDM-learning paradigm (B, D & F). AB, Network efficacy change ratio (R = P/|N|, see 934 

CCH probing in Methods for more details regarding the calculation) induced at the baseline 935 

phase, RDM pre-stimulation, learning phase and testing phase for experiments conducted under 936 

the conventional learning paradigm (A) and the novel RDM-learning paradigm (B). CD, Network 937 

firing rate discrepancy between familiar and control patterns (see Evaluation metric in Methods 938 

for more details regarding the calculation; p-value < 0.01 for unpaired two-sample t-test) for 939 

experiments conducted under the conventional learning paradigm (C) and the novel RDM-940 

learning paradigm (D). EF, Change in SNB replay ratio for the familiar pattern (see Evaluation 941 

metric in Methods for more details regarding the calculation; p-value < 0.001 for unpaired two-942 

sample t-test) for experiments conducted under the conventional learning paradigm (E) and the 943 

novel RDM-learning paradigm (F). Different sets of cultures were used in each panel.   944 

 

 

 

 

 

 

 


















