
Articles
https://doi.org/10.1038/s41551-020-00666-w

1Ming Hsieh Department of Electrical and Computer Engineering, Viterbi School of Engineering, University of Southern California, Los Angeles, CA, USA. 
2Center for Neural Science, New York University, New York, NY, USA. 3Neuroscience Institute, New York University Langone Health, New York, NY, USA. 
4Department of Neurology, New York University Langone Health, New York, NY, USA. 5Neuroscience Graduate Program, University of Southern California, 
Los Angeles, CA, USA. 6Department of Biomedical Engineering, University of Southern California, Los Angeles, CA, USA. 7These authors contributed 
equally: Yuxiao Yang, Shaoyu Qiao. ✉e-mail: shanechi@usc.edu

Direct electrical stimulation of the brain is a technique for 
modulating brain activity that can help treat a variety of 
brain dysfunctions and facilitate brain functions1–3. For 

example, deep brain stimulation (DBS) is effective in neuro-
logical disorders4 such as Parkinson’s disease5 and epilepsy6, and  
holds promise for neuropsychiatric disorders such as chronic  
pain7, treatment-resistant depression8 and obsessive–compulsive 
disorder9. Direct electrical stimulation also has the potential to 
modulate brain functions such as learning10, and for use in investi-
gating their neural substrates, for example, in speech production11 
and sensory processing12.

Although the mechanism of action by which direct electri-
cal stimulation alters brain activity is still unknown4, studies have 
shown that stimulation alters the activity of multiple brain regions 
(both local and long range4,13–17) distributed across large-scale brain 
networks. This network-level stimulation effect has been observed 
with various signal modalities such as local field potential (LFP)16, 
electrocorticogram (ECoG)13,17, functional magnetic resonance 
imaging (fMRI)15 and diffusion tensor imaging (DTI)14. These 
observations highlight the essential need for modelling the effect 
of stimulation on large-scale multiregional brain network activity, 
which has largely not been possible to date. Such modelling is espe-
cially important when the temporal pattern of stimulation needs to 
change in real time and when the activity of multiple brain regions 
needs to be monitored. For example, closed-loop DBS therapies for 
neurological and neuropsychiatric disorders1–3,18–21 aim to change 
the stimulation pattern (for example, the frequency and amplitude 
of a stimulation pulse train) in real time on the basis of feedback 
of changes in brain activity. In addition, neural feedback may need  

to be provided from multiple brain regions1–3,21–23, for example, in 
neuropsychiatric disorders that involve a large-scale multiregional 
brain network whose functional organization is not well under-
stood24–26. Despite its importance across a wide range of applica-
tions, establishing the ability to predict how ongoing stimulation 
(input) drives the time evolution (that is, dynamics) of large-scale 
multiregional brain network activity (output) remains elusive1,18.

Computational modelling studies to date have largely focused 
on building biophysical models of spiking neurons. Biophysical 
models can provide valuable insights into the mechanisms of 
action of stimulation—for example, in explaining population-level 
disease-specific observations especially for Parkinson’s disease27–31 
and epilepsy32,33—and guide the design of open-loop stimula-
tion patterns using numerical simulations34,35. However, biophysi-
cal models are typically for disease-specific brain regions, require 
some knowledge of their functional organization (for example, the 
cortical-basal-ganglia network in Parkinson’s disease27–29,31) and 
involve a large number of nonlinear model parameters that can be 
challenging to fit to experimental data from an individual33. Thus, 
biophysical models are difficult to generalize to modelling how 
stimulation drives large-scale multiregional brain network dynam-
ics in an individual, especially in neuropsychiatric disorders where 
the disease-relevant brain networks are not well characterized24–26.

An alternative approach to biophysical models is data-driven 
modelling, as suggested by computer simulations18,36,37. However, 
previous data-driven studies of the brain38–42 have not aimed at 
modelling the dynamic response of large-scale multiregional brain 
networks to ongoing stimulation. Some studies have built models 
of brain structural connectivity using diffusion-weighted imaging 
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(DWI) data and then correlated these structural models with the 
amount of static change in functional connectivity41 or brain activ-
ity42 observed after stimulation ends. Thus, modelling the brain 
activity or its dynamics during ongoing stimulation was not the goal 
of these studies. Other studies have taken important steps by fit-
ting phenomenological nonlinear models of activity during stimu-
lation using data, but have focused on columnar responses within 
a particular brain region38 or on individual neurons39 rather than 
on multiregional brain networks. Thus, there is a need to develop 
data-driven input–output (IO) models that resolve the two chal-
lenges of (1) predicting the large-scale dynamic neural response to 
ongoing stimulation and (2) doing so for large-scale multiregional 
brain networks.

Here, with the goal of developing an enabling technology 
towards precise modulation of brain functions and dysfunctions, we 
establish the ability to predict the dynamic response of large-scale 
multiregional brain networks to ongoing temporally varying stim-
ulation in two awake rhesus macaque monkeys. We achieve this 
prediction by introducing and developing dynamic IO models for 
brain network activity using machine learning techniques. We use a 
customized semi-chronic microdrive system to deliver continuous 
temporally varying microstimulation while simultaneously record-
ing across a large-scale multiregional brain network. We measure 
the brain network response using LFP power features. We take the 
model input as the stimulation amplitude and frequency, which are 
changed in real time. To obtain data for accurate machine learn-
ing, we design and implement a stimulation waveform18 whose 
amplitude and frequency change stochastically in time to effec-
tively excite the brain network activity and apply it in vivo in the 
primate brain. We find that our models can predict the dynamics 
of brain network response. The dynamic structure of the IO mod-
els and modelling the changes in both stimulation amplitude and 
frequency are also essential for prediction. Further, the brain net-
work response exhibits complex damping and oscillatory dynamics. 
Finally, the variability in both model prediction accuracy and esti-
mated response strength across different brain regions within the 
network can be explained by a control-theoretic at-rest functional 
connectivity measure that is computed using our models fitted to 
at-rest activity. By predicting the dynamic real-time effect of stimu-
lation, our dynamic IO modelling technology can help facilitate the 
design of accurate closed-loop neuromodulation systems for treat-
ment of a wide range of neurological and neuropsychiatric disor-
ders, for modulation of brain functions and for probing the brain 
network organization.

results
Modelling framework, neural recordings and stochastic stimu-
lation input. We developed a data-driven dynamic modelling and 
machine learning approach to model the dynamic response of brain 
network activity—termed brain network dynamics in short—to 
microstimulation pulse trains with temporally varying amplitude 
and frequency in two macaque monkeys (monkey A and monkey 
M) (Fig. 1). As output, we computed the LFP power feature time 
series from multiple brain regions after rejecting stimulation arte-
facts (Methods, Supplementary Figs. 1 and 2, and Supplementary 
Note 1) and at four frequency bands—1–8 Hz (delta + theta), 
8–12 Hz (alpha), 12–30 Hz (beta), 30–50 Hz (low gamma)—because 
of their relevance to brain functions1,13,22,43 and dysfunctions1,2,44,45 
(Methods and Supplementary Note 2). We refer to each LFP power 
feature as a network node. As input, we took the amplitude and fre-
quency of the stimulation pulse train, given that they are key fac-
tors that influence the stimulation effect1,27–29. In each experiment, 
we performed continuous bipolar microstimulation at a given site, 
chosen from orbitofrontal cortex (OFC), anterior cingulate cortex 
(ACC), amygdala (AMG) or superior parietal lobule (SPL), while 
simultaneously recording LFP activity across multiple brain regions 

spanning the prefrontal cortices, the motor cortices, the parietal 
cortices, as well as the striatum, pallidum and AMG (Methods and 
Supplementary Tables 1 and 2). During the experiments, monkeys 
were awake and did not actively participate in behavioural tasks.

Accurate IO modelling and machine learning requires an appro-
priate IO model structure and informative IO datasets to fit the 
models18. We hypothesized that capturing the effect of ongoing 
stimulation would require modelling how stimulation drives brain 
network dynamics. We thus built a dynamic linear state-space model 
(LSSM) structure (Methods and Supplementary Fig. 3). This model 
describes the effect of stimulation in terms of a latent state whose 
time variations drive the brain network dynamics. Obtaining infor-
mative IO datasets requires delivering an input stimulation wave-
form that can sufficiently excite brain network activity. Intuitively, 
this can be done by designing a waveform that is white spectrum 
in the input space (in amplitude and frequency). On the basis of 
previous theoretical work18, we designed and delivered a multilevel 
noise (MN)-modulated stimulation pulse train to conduct IO mod-
elling. The MN-modulated pulse train stochastically switched the 
amplitude and frequency in time between multiple discrete levels 
and thus was white in input space (Methods, Fig. 1a, Supplementary 
Fig. 4 and Supplementary Notes 3 and 4). Using the IO dataset, we 
fitted and evaluated the IO models using machine learning tech-
niques and with cross-validation.

Experimental design and IO model evaluation. Overall brain 
network dynamics (that is, the measured output LFP power fea-
ture time series) consist of input-driven dynamics that are due 
only to the stimulation input as well as intrinsic dynamics that do 
not depend on the stimulation input (that is, are input-irrelevant) 
(Methods and Supplementary Note 5). A strong test of an IO model 
assesses its ability to forward predict the input-driven dynamics in 
response to a temporally varying stimulation input. Forward pre-
diction is a challenging test because it quantifies how well the IO 
model can predict the input-driven dynamics using only the past 
stimulation inputs and without any knowledge of the past measured 
brain network activity; thus, this test predicts the current value of 
the LFP power features using only the history of input stimulation, 
without reference to past measured LFP power features and with 
zero initialization (Methods and Supplementary Note 6).

To evaluate the accuracy of forward prediction, we need to dis-
sociate the input-driven part of the overall brain network dynamics 
being measured, which is difficult. To do so, we designed a multi-trial 
experiment that repeats the same stochastic MN-modulated pulse 
train on each trial (Fig. 1b, Supplementary Fig. 5 and Supplementary 
Notes 6 and 7). Given the same input in each trial, single-trial 
input-driven dynamics are the same in all trials, whereas intrinsic 
dynamics—which are input-irrelevant—change from trial to trial. 
Thus, averaging the measured overall brain network dynamics 
across trials can dissociate the ground-truth input-driven dynamics 
by reducing intrinsic dynamics while keeping input-driven dynam-
ics the same as single-trial input-driven dynamics. We emphasize 
that our models are fitted with single-trial data without any aver-
aging and averaging is only done to dissociate the ground truth of 
single-trial input-driven dynamics from measured brain activity 
and for assessing the fitted models (Methods).

We evaluated the IO models for forward prediction using a 
fourfold cross-validation (Methods, Fig. 1c, Supplementary Fig. 5 
and Supplementary Notes 6 and 8). In each cross-validation fold, 
in every trial, we left out the same quarter (for example, the first 
quarter) of IO data as the test set, obtaining one test set for each 
trial (Supplementary Fig. 5b,d). We then took out the rest of the 
IO data from each trial (for example, the last three quarters) and 
concatenated these single-trial data across trials to construct the 
training set (Supplementary Fig. 5b,c). We first fitted the IO model 
using the single-trial data in the training set without any averaging 
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(Supplementary Fig. 5c). Then in the test sets, we performed the  
following (Methods and Supplementary Fig. 5d). (1) We used the  
fitted IO model and knowledge of the stimulation input in each 
test set to forward predict the LFP power features; this provided  
the test set’s predicted single-trial input-driven dynamics, which 
was the same in all trials (equivalently in all test sets of a given 
cross-validation fold) as the input in every trial was identical 
by design. (2) We compared the prediction and ground truth of 
single-trial input-driven dynamics by computing the linear cor-
relation coefficient (CC) between them. As described above, the  
ground truth was found by averaging the measured LFP power 
features across test sets (equivalently across trials; Supplementary 

Fig. 5d). We quantified the IO prediction accuracy of each LFP 
power feature by its CC in forward prediction. We emphasize 
that the stochastic inputs tested in different cross-validation folds 
within an experiment or in different experiments were independent 
(Supplementary Fig. 5b), allowing us to test the generalizability of 
the IO model. We also computed the explained variance (EV) of 
our dynamic IO models in forward prediction (Methods). Finally, 
since the MN pattern is stochastic, for each cross-validation fold, 
the test data had an input pattern independent of the input pattern 
in the train data, thus making test and training IO data indepen-
dent and removing the confound of overfitting to input patterns 
(Supplementary Fig. 5b and Supplementary Note 9).
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Fig. 1 | Input design, stimulation experiments and IO modelling framework. a, An example MN-modulated microstimulation pulse train was delivered to 
the cathode lead in bipolar stimulation. The stimulation amplitude and frequency time series were independently generated by stochastically changing 
between multiple levels (left). These time series were then used to modulate the amplitude and frequency of a biphasic charge-balanced pulse train (right, 
expanded section of the MN-modulated pulse train). b, Stimulation was performed in a multi-trial experiment. In one experiment, the same stochastic 
MN-modulated pulse train was delivered repeatedly in multiple trials (NR trials, each with duration TR) and LFP signals were simultaneously recorded 
during stimulation and pre- and post-stimulation. c, The MN-modulated microstimulation pulse train was delivered to the brain through implanted 
electrodes (red lightning symbol) while raw neural signals (brown) were simultaneously recorded. In IO modelling, we took the input as stimulation 
amplitude and frequency and the output as the recorded LFP power features after artefact rejection (Supplementary Figs. 1 and 2) (left). Cross-validation 
was used to fit and evaluate the IO models (Supplementary Fig. 5) (middle). Two statistical tests (input-baseline test and output-baseline test) were used 
to evaluate the significance of the forward prediction of single-trial input-driven dynamics in cross-validation (Supplementary Fig. 6) (right).
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To evaluate the statistical significance of IO model predictions 
and control for the effects of stimulation-artefact rejection, we 
applied the same modelling to artificially generated IO datasets 
that kept the output the same but randomly generated the input 
(input-baseline test; Methods, Fig. 1c and Supplementary Fig. 6a) 
as well as to artificially generated IO datasets that kept the input the 
same but replaced the output with pre-stimulation at-rest LFP activ-
ity (output-baseline test; Methods, Fig. 1c and Supplementary Fig. 
6b). In the output-baseline test, the same stimulation-artefact rejec-
tion algorithm was applied to at-rest LFP activity to control for the 
effect of the stimulation-artefact rejection algorithm on the predic-
tion performance (Methods, Supplementary Note 1 and Discussion). 
We define the input-baseline P value as the probability that IO pre-
diction accuracy from the input-baseline is larger than that from 
the actual IO datasets, and similarly define the output-baseline P 
value (Methods and Supplementary Note 10). We define the LFP 
power features whose false-discovery rate (FDR)-corrected (across 
all modelled LFP power features in this IO dataset) P < 0.05 in both 
the input-baseline and output-baseline tests as predictable power 
features (Methods).

Beyond forward prediction as the main measure, we also used 
the dynamic IO models to predict single-trial overall brain network 
dynamics during stimulation. To do this, we need to use both the 
past inputs and the past measured LFP power features to predict the 
current LFP power features; this approach is termed one-step-ahead 
prediction (Methods and Supplementary Note 6). We applied this 
approach to IO datasets using the same cross-validation procedure 
described above as well as to at-rest LFP datasets without stimu-
lation using a fourfold cross-validation (Supplementary Note 11). 
Since one-step-ahead prediction assesses overall brain network 
dynamics, the ground truth is simply the measured LFP power fea-
ture in each trial and no averaging is needed to obtain the ground 
truth in this case.

We conducted 16 MN-stimulation experiments across two mon-
keys (see Supplementary Table 3 for details of each experiment). In 
each experiment, we generated an MN-modulated pulse train last-
ing for a period ranging from 60 s to 270 s. We delivered the gen-
erated pulse train for multiple trials (ranging from 10 to 30 trials; 
Methods and Fig. 1b). We also recorded 5 min of pre-stimulation 
and 5 min of post-stimulation at-rest LFP signals from up to 208 
(monkey A) and 165 (monkey M) channels, respectively. The total 
duration of each experiment ranged from 10 min to 120 min.

Dynamic IO models accurately predict brain network dynam-
ics in response to stimulation. Across 16 IO datasets, we found 
that the dynamic IO models accurately predicted the single-trial 
input-driven dynamics of the brain network in response to stimula-
tion (Figs. 2 and 3 and Supplementary Fig. 7). Figure 2a shows an 
example LFP power feature recorded from superior frontal gyrus 
(SFG) in response to OFC stimulation. The LFP power feature’s 
predicted single-trial input-driven dynamics closely followed their 
ground truth in cross-validation, resulting in a high IO prediction 
accuracy of 0.65 (Fig. 2a). This prediction was significant both in 
the input-baseline test and output-baseline test (FDR-corrected 
P < 10−30 for both tests; Fig. 2a). Across 16 datasets, the predict-
able power features (Fig. 2b) had an IO prediction accuracy of 
0.46 ± 0.006 (mean ± s.e.m.) in monkey A (Fig. 2c) and a similar IO 
prediction accuracy of 0.41 ± 0.021 in monkey M (Fig. 2d). Overall 
IO prediction accuracy across both monkeys was 0.45 ± 0.006 (or 
equivalently an EV of 21.98% ± 0.01%). Our evaluation of the IO 
model prediction was robust to the choice of the performance 
measure as there was a significant positive correlation between 
the CC and EV (Spearman’s rank correlation coefficient ρ = 0.34, 
Spearman’s P = 8.61 × 10−8).

The predictable channels (defined as LFP channels that had 
at least one predictable power feature) were distributed across  

multiple brain regions (Fig. 3). Among all brain regions recorded 
from both monkeys, 72.09% of them had channels that showed 
predictable responses, suggesting a large-scale multiregional brain 
network response to stimulation (Supplementary Table 2). We also 
found that the IO model predictions were specific to the recorded 
channel site (FDR-corrected feature permutation-baseline test 
P < 0.05; details in Supplementary Fig. 8). In addition, since the 
same stimulation-artefact rejection algorithm was applied in the 
output-baseline test, the significance in the output-baseline test also 
ruled out that prediction was due to the stimulation-artefact rejec-
tion algorithm (Discussion).

We also found that brain network dynamics responded to 
real-time changes in both stimulation amplitude and frequency. 
We separately modelled the effect of only one of these stimula-
tion parameters (either amplitude or frequency) by repeating the 
model fitting and cross-validation procedure while assuming that 
the other stimulation parameter was always zero (Supplementary 
Note 12). Compared with modelling both stimulation parameters, 
the IO prediction accuracy when modelling only the stimula-
tion amplitude was significantly smaller among predictable power 
features (0.33 ± 0.01 versus 0.45 ± 0.006, two-sided Wilcoxon 
signed-rank test, P = 1.52 × 10−15; Supplementary Fig. 9a,b) and 
similar results held when modelling only the stimulation frequency 
(0.28 ± 0.01 versus 0.45 ± 0.006, two-sided Wilcoxon signed-rank 
test, P = 8.41 × 10−28, Supplementary Fig. 9a,c). These results show 
that including both stimulation amplitude and frequency as input 
improved the prediction.

In addition, we found that predictable power features were  
distributed across all four frequency bands—that is, 1–8 Hz, 
8–12 Hz, 12–30 Hz and 30–50 Hz. Further, after controlling for 
the larger effect of stimulation artefacts on the high-gamma band 
of 70–100 Hz (Supplementary Fig. 2 and Supplementary Note 1), 
the IO model also predicted the single-trial input-driven dynamics 
in this band with an IO prediction accuracy of 0.49 ± 0.03, which 
was not significantly different from that of the other four bands 
(Kruskal–Wallis test, P = 0.06; Supplementary Fig. 10). IO model-
ling was robust to the choice of method used for computing the  
LFP power features at these frequency bands and different methods 
did not change the IO prediction accuracy (Supplementary Fig. 11 
and Supplementary Note 2).

Beyond predicting single-trial input-driven dynamics, the fit-
ted IO models also predicted the single-trial overall brain network 
dynamics. The cross-validated CC between the one-step-ahead 
prediction and the ground truth of the single-trial overall dynam-
ics was 0.76 ± 0.02 (mean ± s.e.m.) for predictable power features 
(output-permutation test, P < 10−16; Methods and Supplementary 
Fig. 12). As expected, one-step-ahead prediction had higher  
accuracy than forward prediction (0.76 ± 0.02 versus 0.45 ± 0.006, 
two-sided Wilcoxon signed-rank test, P < 10−16) because the for-
mer used both the past inputs and the past measured LFP power 
features for prediction, whereas the latter could only use the  
past inputs (Methods and Supplementary Note 6). This result  
demonstrates how forward prediction is a more challenging  
assessment of the IO model because it cannot use the past mea-
sured LFP power features—which change from trial to trial—and  
needs to predict the input-driven dynamics purely based on the  
past inputs.

Finally, our IO models were tested in experiments performed 
on different days that spanned seven months and did not involve 
instructing the monkeys to perform a task to earn rewards 
(Methods). The fact that the IO models predicted the brain network 
response in both monkeys and in all experimental sessions suggests 
that the model prediction is robust to changes in brain or animal 
state. Together, these results show that the IO modelling framework 
can robustly predict the brain network dynamics in response to 
ongoing temporally varying stimulation.
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The dynamic structure of the IO model is essential for accurate 
prediction. We found that the dynamic structure of the IO model 
was essential for accurate prediction of the brain network response 
and that this response exhibited complex damping and oscilla-
tory dynamics. To investigate the dynamical characteristics, we 
examined in greater detail predictable power features that exhib-
ited a response that could be studied and fitted special cases of the 
dynamic IO model that lacked various dynamical characteristics to 
these responses for comparison as follows.

First, we showed that the brain response depended on the history 
of stimulation, and thus was dynamic. To do so, we compared the 
dynamic IO model with a static linear regression model (Fig. 4a,b).  
The static regression modelled the output LFP power features at 
each time as a linear function of the input stimulation parameters 
at that time without history dependence (Methods). We repeated 
the same cross-validation procedure for the regression model. 
Among the predictable power features, the IO prediction accuracy 
from the regression model was significantly smaller than that from 
the dynamic IO model (0.22 ± 0.02 versus 0.45 ± 0.006, two-sided 
Wilcoxon signed-rank test, P = 2.08 × 10−27; Fig. 4a,b). This result 
suggests that the LFP power features responded dynamically to 

the real-time changes of stimulation amplitude and frequency and 
depended on their history.

We also found that the dynamic IO model did not simply 
smooth the response (Fig. 4c,d,f and Supplementary Fig. 13). In our 
dynamic IO model, the dynamics of the brain network response 
are characterized by the eigenvalues of the state transition matrix, 
which describes how the latent state evolves in time as a weighted 
function of the past inputs (Fig. 4c; Methods, Supplementary Fig. 13 
and Supplementary Note 13). Within the same cross-validation pro-
cedure, we built a special case of the dynamic IO model with eigen-
values fixed at 1, which characterized the effect of input stimulation 
at each time as simply a smoothed average of past input values with 
equal weights (Methods and Supplementary Note 13). The IO pre-
diction accuracy of this smoothing model was significantly smaller 
than that of the dynamic IO model (0.20 ± 0.02 versus 0.45 ± 0.006, 
two-sided Wilcoxon signed-rank test, P = 2.42 × 10−32; Fig. 4d,f and 
Supplementary Fig. 13).

Moreover, we found that the brain network response to stimu-
lation exhibited oscillatory dynamics, which correspond to the 
weights of past inputs exhibiting oscillations into the past (Fig. 4c,e,f 
and Supplementary Fig. 13). Complex conjugate pairs of eigenvalues  
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Fig. 2 | dynamic IO models accurately predict brain network dynamics in response to stimulation. a, An example forward-prediction trace recorded from 
SFG in response to OFC stimulation from monkey A is shown. Forward prediction provides the predicted single-trial input-driven dynamics, which closely 
followed its ground truth in cross-validation (left), resulting in a high IO prediction accuracy. The grey shaded area provides the s.e.m. in the ground truth, 
which was computed from the measured LFP power features across trials. Histograms (dark grey) of the IO prediction accuracy in input-baseline (middle) 
and output-baseline (right) tests. These panels also show the fitted generalized Pareto distribution (GPD) to the tails of input-baseline and output-baseline 
distributions (purple, Supplementary Note 10) and the actual IO prediction accuracy (red vertical line). The prediction was significant according to 
both the input-baseline and output-baseline tests, with P values indicated on the top left. b, Input-baseline (left) and output-baseline (right) tests for 
predictable power features are visualized. Each row corresponds to one predictable power feature; for each of these power features, the cumulative 
distribution function of the input-baseline and output-baseline is shown by the colour map. The IO prediction accuracy resulting in a value of 0.95 in 
the cumulative distribution function (corresponding to the 0.05 significance level) is shown as a black dot for each input-baseline and output-baseline 
corresponding to one power feature (one row). The actual IO prediction accuracy value for each power feature is shown by the red dot, which was larger 
than the value associated with the black dot (that is, larger than the value associated with the significance level). The LFP power features (that is, rows) 
were sorted by the black dots for their cumulative distribution functions. c, Distribution of the significant IO prediction accuracy is shown for monkey A. 
The bar represents the mean and the black error bar represents s.e.m. Raw IO prediction accuracies are shown with dots (N = 206 independent samples—
that is, LFP power features). d, Same as c, but for monkey M. Note monkey M had fewer stimulation sessions, resulting in fewer dots (Supplementary  
Table 3, N = 27 independent samples—that is, LFP power features).
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and negative real eigenvalues represent oscillatory dynamics (Fig. 4c,  
Methods, Supplementary Fig. 13 and Supplementary Note 13).  
First, we found that more than half (53%) of the eigenval-
ues across all fitted dynamic IO models represented oscillatory 
dynamics (Supplementary Fig. 13). Second, we repeated the same 
cross-validated dynamic IO modelling, but this time constrained 
the state transition matrix to only have positive real eigenvalues. 
Thus, this analysis made the fitted dynamic IO model unable to 
model any oscillatory dynamics (Methods and Supplementary 
Note 13). We term this model the non-oscillatory model. We found 
that the IO prediction accuracy of this non-oscillatory model was 
again significantly smaller than that of the dynamic IO models 
(0.29 ± 0.01 versus 0.45 ± 0.006, two-sided Wilcoxon signed-rank 
test, P = 4.48 × 10−29; Fig. 4e,f and Supplementary Fig. 13), confirm-
ing the existence of oscillatory IO dynamics in the brain network 
response. Also, as expected, the IO prediction accuracy using the 
non-oscillatory model was significantly larger than the smooth-
ing model (0.29 ± 0.01 versus 0.20 ± 0.02, two-sided Wilcoxon 
signed-rank test, P = 1.77 × 10−6; Fig. 4f), because the smooth-
ing model is a special case of the non-oscillatory model in which 
the past input weights do not need to be equal and can decay 
(Supplementary Fig. 13).

As a control, we found that the conclusions of all the above three 
comparisons held even when considering all LFP power features 
(whether predictable or not) (two-sided Wilcoxon signed-rank test, 
P < 10−9 for all comparisons). Moreover, beyond forward prediction 
of single-trial input-driven dynamics, these conclusions also held 

for one-step-ahead prediction of single-trial overall brain network 
dynamics, with the dynamic IO model still outperforming the other 
three models for one-step-ahead prediction (two-sided Wilcoxon 
signed-rank test, P < 10−16 for all comparisons). Finally, we per-
formed a time-scale analysis of the dynamic effect of stimulation 
(Supplementary Notes 14 and 15). We found that mainly the slower 
time-scale content of the temporally varying stimulation amplitude 
and frequency drove the brain network dynamics (Supplementary 
Figs. 14–17).

At-rest functional controllability explains the variability in the 
IO prediction accuracy across different network nodes. The 
IO prediction accuracy varied across different network nodes  
(Figs. 2b–d and 3). We thus investigated whether this variability 
could be explained using at-rest data even without stimulation. In 
particular, we hypothesized that the IO prediction accuracy at dif-
ferent network nodes should depend on their at-rest functional con-
nectivity to the stimulation node—defined as the four LFP power 
features at the stimulation site—and thus this variability should be 
explainable using at-rest brain network activity.

To test this hypothesis, we calculated a control-theoretic connec-
tivity measure, termed controllability46, from the stimulation node 
to each network node using at-rest LFP power features (Methods, 
Fig. 5a and Supplementary Notes 16 and 17). Controllability mea-
sures have shown promise in studying structural connectivity in 
the brain based on tractography derived from DTI/DWI data41,47–50 
(Discussion). Our goal was instead to model electrophysiological 
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brain network activity that measures network function51. We thus 
hypothesized that applying a controllability measure to LFP activity 
should provide a measure of functional network connectivity that 
quantifies how easy it is to control the activity of each network node 
from the stimulation node. We fitted a LSSM to at-rest network LFP 
power features by taking these features directly as the state vari-
able (Methods). We then used this LSSM to calculate the functional 
controllability of each network node from the stimulation node 

(Methods and Supplementary Note 17). For each network node, we 
examined the relationship between its at-rest functional controlla-
bility and its IO prediction accuracy computed during stimulation 
by our dynamic IO model (Fig. 5a).

As a stimulation site, we found that OFC had significantly higher 
at-rest functional controllability to the network nodes compared 
with the other stimulation sites tested. The percentage of network 
nodes with significant at-rest functional controllability from OFC 
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was much higher compared with the other stimulation sites (OFC: 
17.32% versus ACC: 4.78%, AMG: 1.00%, SPL: 0.40%; Methods). 
Moreover, the z-scored at-rest functional controllability from OFC 
(4.92 ± 0.49, mean ± s.e.m.) was much larger than chance level 
(chance-level z-score was 0 ± 1, see Methods) and significantly higher 
than the other three stimulation sites (OFC: 4.92 ± 0.49 versus ACC: 
2.14 ± 0.49, AMG: 1.16 ± 0.25, SPL: 1.79 ± 0.28, pairwise Kruskal–
Wallis test, FDR-corrected P < 10−15 for all paired comparisons with 
OFC). Thus, to obtain reliable at-rest functional controllability values 
for testing our hypothesis, we focused our subsequent analyses on the 
ten datasets with OFC stimulation (Supplementary Table 3).

In our OFC-stimulation datasets, we found that at-rest func-
tional controllability explained the variability in the IO prediction 
accuracy across brain regions, which was computed by our dynamic 
IO model. First, the average at-rest functional controllability at 
each brain region had a strong positive correlation with the aver-
age IO prediction accuracy at that region (Fig. 5b; CC ρ = 0.70, 
Pearson’s P = 0.008). This linear correlation accounted for 49% of 
the variability in IO prediction accuracy. Second, a linear regression 
model significantly predicted the value of average IO prediction  

accuracy from average at-rest functional controllability within 
cross-validation (Methods; permutation test P = 0.004).

Even at the level of single network nodes (that is, LFP power fea-
tures), at-rest functional controllability explained the variability in 
the IO prediction accuracy as computed by the dynamic IO model. 
First, among predictable power features, at-rest functional control-
lability significantly correlated with the IO prediction accuracy  
(Fig. 5c; CC ρ = 0.26, Pearson’s P = 0.0012). Second, a linear regres-
sion model significantly predicted the value of IO prediction accu-
racy for each network node from its at-rest functional controllability 
in cross-validation (Methods; permutation test P = 0.001).

In these two analyses, we focused on predictable power fea-
tures because the IO prediction accuracy of other (unpredictable) 
power features did not pass the chance level (input-baseline and 
output-baseline tests) and would just inject noise into these correla-
tion analyses. Nevertheless, even when including all modelled LFP 
power features regardless of their predictability in the analysis and 
despite the injected noise, at-rest functional controllability still sig-
nificantly correlated with the IO prediction accuracy (CC ρ = 0.12, 
Pearson’s P = 2.8 × 10−9; Supplementary Fig. 18). Further, when  
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considering all LFP power features, at-rest functional controllability 
of the predictable power features was significantly larger than that 
of the unpredictable power features (1.52 ± 0.17 versus 0.61 ± 0.04, 
Kruskal–Wallis test, P = 3.72 × 10−7). Consistently, among all LFP 
power features, we found that at-rest functional controllability of 
a power feature can determine whether or not that power feature 
would have predictable responses to stimulation. To make this 
determination, we compared the at-rest functional controllability to 
a threshold (Methods). We found that the receiver operating charac-
teristic (ROC) area under the curve (AUC) for this threshold-based 
test was 0.62 and significantly greater than chance (permutation test 
P = 0.001; Fig. 5d and Methods).

Finally, the above results also serve as two additional control 
analyses (Discussion). First, these results provide an independent 
validation of the dynamic IO modelling framework. This is because 
these results show the consistency of the IO prediction accuracy 
calculated by the dynamic IO model from data during stimulation 
with at-rest functional controllability calculated from data without 
applying any stimulation. Second, this consistency with at-rest data 
that has no stimulation further mitigates concern due to confound 
of stimulation artefacts on the dynamic IO modelling results.

At-rest functional controllability explains the variability in the 
estimated response strength. We found that at-rest functional con-
trollability also explained the variability in the estimated strength 
of the input-driven dynamics, which we term estimated response 
strength. We obtained the estimated response strength for each 
network node—that is, LFP power feature—as the average energy 
of the temporal variations in the node’s predicted single-trial 
input-driven dynamics, which was computed by our IO model 
(Methods and Supplementary Fig. 19a). The estimated response 
strengths of the predictable power features for OFC were signifi-
cantly higher than for the other stimulation sites (pairwise Kruskal–
Wallis test, FDR-corrected P < 0.05 for all paired comparisons with 
OFC; Supplementary Fig. 20). Given the larger response strength 
values and that the functional controllability values were also larger 
for OFC stimulation (see previous section), we first focused on 
OFC-stimulation datasets for our correlation analyses. We found 
that at-rest functional controllability from the stimulation node 
was positively correlated with the estimated response strength both 
across brain regions and across network nodes (Pearson’s P < 0.05 
for both cases; Supplementary Fig. 19b,c). Also, both across brain 
regions and across network nodes, a linear regression model could 
significantly predict the estimated response strength from the 
at-rest functional controllability within cross-validation (permuta-
tion test P < 0.05 for both cases).

Further, beyond OFC stimulation, across all four stimulation 
sites, the estimated strength of the overall network response to a 
stimulation site correlated significantly with the overall at-rest func-
tional controllability from that site to the rest of the network (CC 
ρ = 0.95, Pearson’s P = 0.045; Supplementary Fig. 20b) but not with 
the overall physical distance from that site to the rest of the network 
(Pearson’s P = 0.38; Supplementary Fig. 20c). We found the above 
overall network value of the controllability, physical distance and 
estimated response strength by averaging their values across all 
predictable power features in the network. Together, these results 
suggest that the LFP power features with stronger at-rest functional 
controllability from the stimulation site had stronger dynamic 
responses as estimated by the fitted IO model.

Nonlinear dynamic IO modelling does not outperform the linear 
dynamic IO models. To examine the effect of the linear form in IO 
modelling, we next compared the IO LSSM with a general family of 
nonlinear dynamic IO models and found that nonlinear models did 
not improve the dynamic prediction (Fig. 6a,b). We used nonlinear 
autoregressive with exogenous term (NLARX) models52 within the 

same cross-validation procedure (Methods). Among predictable 
power features, IO prediction accuracy using LSSM was significantly 
larger than that using NLARX (0.45 ± 0.006 versus 0.34 ± 0.01, 
two-sided Wilcoxon signed-rank test, P = 5.13 × 10−23; Fig. 6b). 
Also, when considering all modelled LFP power features (whether 
predictable or not), IO prediction accuracy using LSSM was still 
significantly larger than that using NLARX (two-sided Wilcoxon 
signed-rank test, P = 1.10 × 10−9). Moreover, beyond forward pre-
diction of single-trial input-driven dynamics, for one-step-ahead 
prediction of the single-trial overall brain network dynamics, the 
LSSM again outperformed the NLARX model (two-sided Wilcoxon 
signed-rank test, P < 10−16). The NLARX did not perform as well in 
cross-validation likely because, due to its nonlinear form, it needed 
to fit more parameters compared with LSSM, which made it prone 
to overfitting (Discussion). Indeed, even though we picked the 
number of parameters in LSSM and NLARX using the same optimal 
procedure and to maximize cross-validated IO prediction accuracy 
in the training data (Methods), the number of LSSM parameters per 
power feature was significantly smaller and only 18.84% of those 
in NLARX (10.97 ± 0.31 versus 58.25 ± 4.49, two-sided Wilcoxon 
signed-rank test, P = 5.58 × 10−40; Fig. 6c). Thus, while the NLARX 
prediction also captured the main shape of the ground-truth 
input-driven dynamics, it could for example lead to spurious high 
frequency jumps (Fig. 6a).

Controlling for the effect of stimulation-induced adaptation on IO 
modelling. Brain dynamics can adapt to continuous electrical stim-
ulation53–55. We thus investigated stimulation-induced adaptation 
in brain network dynamics and their potential influence on our IO 
modelling. To do so, we performed additional, constant-stimulation 
experiments on the same day as the MN-stimulation experiment 
by delivering 10 min of stimulation with a constant amplitude and 
frequency (Supplementary Table 4). Overall, using the three analy-
ses below, we observed that adaptation is present but the degree of 
adaptation is relatively small; after explicitly removing the adapta-
tion effects, the IO prediction accuracy did not differ significantly 
from that in the main analyses, showing that our conclusions were 
not affected by adaptation.

First, we compared the functional brain network topol-
ogy before and after stimulation using pre-stimulation and 
post-stimulation at-rest data, respectively (Supplementary Fig. 21a  
and Supplementary Note 18). We defined the topology as four 
frequency-specific coherence networks51 at the same four frequency 
bands used in the main analyses. We quantified the change of each 
network using multiple standard network topology measures in 
graph theory41,56,57 (Supplementary Note 18). Overall, for both the 
MN-stimulation and constant-stimulation datasets, the functional 
brain network topology changed after stimulation ended com-
pared with before stimulation, but the amount of this change was  
relatively small (Supplementary Fig. 21b,c); in particular, the aver-
age change of coherence network topology measures (maximum 
range: 0 to 1) was less than 0.02 at each frequency band (details in 
Supplementary Note 18).

Second, consistent with the relatively small network adapta-
tion effects, we observed only relatively small adaptation effects 
in LFP power feature dynamics during stimulation. To assess 
adaptation across trials, we computed the autocorrelations of LFP 
power features at delays longer than the duration of a single trial 
(Supplementary Fig. 22a and Supplementary Note 19). We found 
that for the MN-stimulation datasets, stimulation-induced changes 
in auto-correlation coefficient (maximum range: 0 to 1) were 
relatively small, with a median less than 0.015 (Supplementary 
Fig. 22b and details in Supplementary Note 19). The values of 
the stimulation-induced changes in auto-correlation coefficient 
in the constant-stimulation datasets were similar to those in the 
MN-stimulation datasets, again supporting our findings (two-sided 
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Wilcoxon sum-rank test, P = 0.78; Supplementary Fig. 22b and 
details in Supplementary Note 19).

Third, we hypothesized that our IO prediction accuracy was 
probably unaffected by adaptation effects given (1) the relatively 
small stimulation-induced changes in auto-correlation coefficient 
and (2) the fact that the input remains independent in training 
and test sets in our cross-validation design, even in the presence of 
adaptation (Supplementary Fig. 5b and Supplementary Note 9). To 
test this hypothesis, before IO modelling, we first high-pass filtered 
the LFP power features at a frequency equal to the inverse of the 
duration of a single trial. This filtering suppressed any autocorrela-
tions beyond the duration of a trial. We then repeated the IO model-
ling procedure. We found that the IO prediction accuracy did not 
change significantly compared with our main analyses (two-sided 
Wilcoxon signed-rank test, P = 0.41; Supplementary Fig. 22c and 
Supplementary Note 19), consistent with our hypothesis.

The LSSM could also predict the intrinsic dynamics of at-rest 
LFP power features. Beyond IO modelling, we found that the same 
LSSM framework could also predict the intrinsic dynamics of at-rest 
LFP power features measured across the entire network without 
stimulation (data and method details in Supplementary Note 11). 
In our at-rest LFP datasets and for each LFP power feature, we built 
a special case of LSSM, termed at-rest LSSM, which did not have 
the stimulation input term. Across all at-rest LFP power features, 
the cross-validated CC between the one-step-ahead-predicted and 

true LFP power feature was 0.83 ± 0.006 (output-permutation test, 
P < 10−16; Supplementary Fig. 23), suggesting the ability to predict 
intrinsic dynamics. Also, the state transition matrix of the at-rest 
LSSM was similar to that of the IO LSSM during stimulation 
(Supplementary Fig. 24), suggesting that during-stimulation intrin-
sic dynamics are constrained by at-rest intrinsic dynamics.

The fitted dynamic IO models enable closed-loop control of a 
simulated internal brain state. An important application of the 
dynamic IO models would be to enable model-based closed-loop 
control of an internal brain state such as mood or pain1,3,18,21,22 
(Discussion). We extensively analysed the ability of the fitted 
dynamic IO models from our data for closed-loop control using 
a comprehensive numerical simulation study (Figs. 7 and 8) and 
found that they can enable closed-loop control as detailed below.

Guided by previous work in neural decoding of mood state22, we 
designed realistic closed-loop simulations (details in Supplementary 
Note 20). In these simulations, the same fitted IO models from our 
IO data here were used to build a model-based closed-loop con-
troller, which was required to take a simulated internal brain state 
(for example, mood state) to a target level (Fig. 8a). To enforce the 
same IO prediction accuracy in simulations as observed in our 
IO data, we introduced a mismatch between the simulated brain 
model and our fitted IO model that was used in the controller, and 
we also included model noises in the simulated brain (Fig. 8a and 
Supplementary Note 20). To simulate a worst-case scenario, we 
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the 45° line, showing the benefit of LSSM. Right: the bar represents the mean and the black error bar represents s.e.m. Raw IO prediction accuracies are 
shown with dots (N = 233 independent samples—that is, LFP power features—for both bars). Two-sided Wilcoxon signed-rank test P value is also shown. 
c, Among predictable power features, the number of parameters in LSSM was significantly smaller than NLARX. Left: each coloured dot shows the number 
of parameters of NLARX versus that of LSSM for modelling one predictable power feature, with the 45° line representing equality. The dots are largely 
above the 45° line, showing that LSSM used fewer parameters. Right: the bar represents the mean and the black error bar represents s.e.m. Raw numbers 
of model parameters are shown with dots (N = 233 independent samples—that is, LFP power features—for both bars). Two-sided Wilcoxon signed-rank 
test P value is also shown.
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picked the mismatch large enough to recreate the entire amount 
of forward-prediction error observed in our IO data; further, on 
top of this mismatch, we also added stochastic noises to the simu-
lated brain, where the noise covariance was as large as what was 
fitted in the fitted IO model (Figs. 7 and 8a). We also simulated a 
best-case scenario in which the forward-prediction error was due 
to stochastic noise (but there was no mismatch; Figs. 7 and 8a and 
Supplementary Note 20). The actual performance of the controller 
would thus be between the worst-case scenario and the best-case 
scenario. We quantified the control error of a controller as the root 
mean square error between the controlled internal brain state and 
its target level. We defined the baseline of this error as the error 
when no stimulation was applied. Dividing the control error by the 
baseline root mean square error, we obtained a normalized con-
trol error, which was 0 for perfect control and 1 for the baseline of  
no stimulation.

We found that with the same IO prediction accuracy observed 
in our data (0.45 ± 0.006 CC or 21.98% ± 0.01% EV), the fitted IO 
models from our data achieved closed-loop control of the simulated 
internal brain state. On average, the normalized control error using 
model-based controllers designed from our fitted IO models was 
between 0.18 and 0.42, significantly smaller than the baseline of 1 
(best-case and worst-case performances, respectively; two-sided 
Wilcoxon signed-rank test, P < 10−30 in both cases; Fig. 8b,c). 
Importantly, the IO model was critical in achieving closed-loop 
control. We specifically compared performance with a model-free 
closed-loop controller that did not incorporate an IO model and 
only used feedback of brain network activity to turn stimula-
tion on when the estimated internal brain state fell below the tar-
get level1–3. We found that even in their worst-case scenario, the 
model-based closed-loop controllers significantly outperformed 
model-free closed-loop controllers, which had on average almost 
twice the normalized control error (0.42 ± 0.02 versus 0.80 ± 0.05, 
respectively, two-sided Wilcoxon signed-rank test, P = 4.1 × 10−24; 
Fig. 8b,c). Finally, by sweeping the forward-prediction error in the 
simulations, we found that closed-loop control performance signifi-
cantly improved as the simulated IO prediction accuracy increased 

(Spearman’s rank correlation, Spearman’s P < 10−30; Fig. 8d), fur-
ther demonstrating the importance of the IO model in enabling 
closed-loop control.

discussion
Here we provide the first demonstration that large-scale multire-
gional brain network responses to ongoing temporally varying 
electrical stimulation can be predicted by developing data-driven 
dynamic IO models. Further, we demonstrate that the variability in 
estimated response strength and in IO prediction accuracy across 
different network nodes can be explained by their at-rest func-
tional connectivity to the stimulation node, which is computed as 
the functional controllability of our models fitted to at-rest activ-
ity. Finally, our models reveal and characterize the oscillatory and 
damping dynamics of the brain network response to stimulation 
and enable model-based closed-loop control of a simulated internal 
state (Fig. 8).

Characteristics of the dynamic brain network response to stimu-
lation. We found that the brain network response to stimulation was 
dynamic and dependent on the history of stimulation. Further, the 
dynamic structure of the IO model that quantified complex brain 
network dynamics in response to stimulation—with both oscillatory 
and damping characteristics—was key to achieving accurate pre-
dictions. Damping dynamics indicate that stimulation inputs that 
are further in the past have a smaller contribution to current brain 
network activity (Fig. 4c and Supplementary Fig. 13). The damping 
dynamics that we found during stimulation are in line with previ-
ous studies showing that after stimulation ends, the effect on brain 
activity washes out13,44. Oscillatory dynamics indicate that the con-
tribution of past inputs to current brain network activity oscillates 
at a certain period into the past (Fig. 4c and Supplementary Fig. 13). 
In the absence of stimulation, brain activity underlying many brain 
functions such as movements58–60, speech61, memory62,63, atten-
tion64,65, decision making66,67, learning68 and sensory processing69,70 
has been shown to involve structured dynamics whose modelling 
has led both to improved understanding of the underlying neural 
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yk = Cxk + vk

yk = yk,l + yk,N

(1) IO identification error
(error due to model mismatch)

(2) Error due to model noise

xk + 1,N = Axk,N + wk

xk + 1,I = Axk,I + Buk

yk,I = Cxk,I
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b

Fig. 7 | the overall brain network dynamics can be decomposed into input-driven dynamics and intrinsic dynamics to explain two possible sources 
for forward-prediction error. a,b, The overall brain network dynamics (middle panel, grey, see equation (1) in Methods) is decomposed into two 
parts: dynamics that are driven by the stimulation input termed input-driven dynamics (a; right, orange; equation (2)) and dynamics that are not 
driven by the stimulation input termed intrinsic dynamics (b; right, blue; equation (3)). Such a decomposition explains the two possible sources of 
the forward-prediction error for a fitted IO model (Methods): (1) IO identification error or equivalently the error due to a mismatch between the 
fitted IO model and the actual IO relationship in the brain (right, top, light green) and (2) model noise (right, bottom, dark green). A given value of 
forward-prediction error can be due to any combination of the above two sources. These two sources of error differently affect the performance 
of closed-loop controllers that are designed from the fitted IO models. It is the errors due to the first source that would affect closed-loop control 
performance in the worst way because the feedback controller is directly designed based on the identified IO relationship. Thus, in worst-case closed-loop 
control simulations, we make the IO identification error (source (1)) as large as the entire amount of forward-prediction error by including a mismatch 
and in addition we also include model noise (source (2)) in the simulated brain as large as that fitted in the fitted IO model. Best-case model-based 
closed-loop control occurs when the model noise (source (2)) leads to the forward-prediction error of our fitted IO models. This is because our fitted IO 
models quantify the noise with the state noise term wk and the observation noise term vk. and thus the controller can account for them. Thus, in best-case 
closed-loop control simulations, we set the IO identification error (source (1)) to zero while keeping the simulated model noise (source (2)) as large as 
that fitted in the fitted IO model. Details are presented in Supplementary Note 20.
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mechanisms60,71–73 and to decoding of movement1,58,73–78, speech61 
and mood22. Similarly, the design of future neuromodulation tech-
niques to control brain function may benefit from the ability to pre-
cisely model the dynamic brain network response to stimulation, as 
we demonstrate here.

Learning a dynamic IO model. A critical component that allowed 
us to learn the dynamic IO model was the use of a stochastic 
MN-modulated pulse train that sufficiently excited brain network 
activity (that is, was white in amplitude and frequency space)18. 

Some previous stimulation studies have used single stimulation 
pulses to elicit cortico-cortical evoked potentials79 with a distinct 
goal of studying brain connectivity79. Here we focused on model-
ling the brain network dynamics in response to ongoing stimulation 
pulse trains because pulse-train stimulation has been effective for 
treating neurological disorders5,6,44 and holds promise for treating 
neuropsychiatric disorders1,7,8. For example, pulse trains with a fixed 
amplitude and frequency have been used to examine the changes 
in brain activity following or during stimulation13,14,17,44, although 
without modelling. In contrast to these fixed pulse trains, in our 
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Fig. 8 | the fitted IO models enable closed-loop control of a simulated internal brain state. a, The fitted IO models to our datasets were used to conduct 
closed-loop simulations. A mismatch δB in the input matrix (orange) was introduced in the simulated brain model (top equation) to produce an IO 
identification error as large as the entire amount of forward-prediction error observed in our datasets. Model-based closed-loop controllers were designed 
based on the original fitted IO models (equation (1)) and consisted of a Kalman state estimator and a feedback controller. We used the optimal linear 
quadratic regulator (LQR) as the feedback controller. Brain network activity was used as feedback and the model-based closed-loop controller identified 
the stimulation parameters in real time to drive the internal brain state to a particular target (Supplementary Note 20). b, Control of a simulated internal 
brain state using two example fitted IO models from our datasets. As an illustrative example, we take the internal brain state to be a mood state related 
to depression and anxiety symptoms measured with the validated immediate mood scalar (IMS) questionnaire that has been used in previous work 
(Supplementary Note 20). The control performance using our fitted IO model is expected to lie within the shaded green area—that is, between the best 
case and worst case. Model-free closed-loop control (magenta) did not use an IO model but used feedback of brain network activity to turn stimulation 
on and off. c, Bar plot showing the closed-loop control performance across all fitted IO models in our datasets and for different control scenarios. The 
case with no stimulation provides the baseline performance. Control performance using our fitted IO models is expected to lie between the best case and 
worst case. The bar represents the mean and the black error bar represents s.e.m. Raw IO prediction accuracies are shown with dots (N = 233 independent 
samples—that is, LFP power features—for all bars). Two-sided Wilcoxon signed-rank test P values are shown. d, In simulations, worst-case and best-case 
model-based closed-loop control performances both changed as a function of the model-explained variance (EV) in forward prediction and the actual 
performance is expected to lie within the shaded green area. Solid lines represent mean and whiskers represent s.e.m. (N = 233 independent samples—
that is, LFP power features—for all error bars). Red dashed box represents the performance associated with the EV observed in the actual IO datasets.
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experiments, the MN-modulated pulse train is designed to have 
stochastically changing amplitude and frequency with time to suf-
ficiently excite brain activity. We found that real-time changes in 
both amplitude and frequency modulated the dynamic network 
response, which could be accurately predicted by the dynamic IO 
model. Moreover, we found that our fitted dynamic IO models are 
invertible because they are controllable (Fig. 8 and Supplementary 
Note 21): given a target internal brain state, the dynamic IO model 
can analytically compute how stimulation amplitude and fre-
quency should be changed over time to achieve the target. This 
result can help facilitate closed-loop neuromodulation of internal  
brain states1,18.

Another key component of our IO modelling is the LSSM struc-
ture. This structure describes brain network dynamics in terms of a 
latent state that exhibits both intrinsic dynamics as well as dynamics 
driven by the stimulation input. In many neuromodulation applica-
tions, the time available for collecting IO data for machine learn-
ing is limited to avoid delaying therapy and to protect the subject18. 
Thus, a critical benefit of the LSSM model structure is its linear 
form with fewer parameters than a dynamic nonlinear IO model 
(NLARX52) whose performance suffered compared with the LSSM. 
Nevertheless, an important question for future studies is whether 
nonlinear models can improve the prediction of brain network 
response in cases where stimulation time is less constrained.

Dynamic IO modelling and design of closed-loop neuromodu-
lation systems. Closed-loop neuromodulation systems could 
improve the efficacy of DBS treatments, especially for neuropsychi-
atric disorders for which open-loop stimulation has been variably 
efficacious, such as major depression80,81. Further, closed-loop neu-
romodulation can also facilitate brain functions such as memory82,83. 
Dynamic modelling is especially important in such closed-loop 
scenarios, where stimulation parameters such as frequency and 
amplitude need to change in real time1–3,18,21,84,85 unlike open-loop 
scenarios, which feature a fixed stimulation pattern. Closed-loop 
changes in stimulation need to be guided (1) by real-time feed-
back of brain activity and internal brain state such as mood or pain 
level1,18,21,22, and (ii) by an IO model to predict how a change in stim-
ulation would alter brain activity and thus the internal brain state1. 
Thus, in these applications, the IO model needs to solve two major 
challenges. First, it has to predict the neural response during ongo-
ing and temporally varying stimulation rather than after stimula-
tion ends or to fixed stimulation patterns. Second, it must make this 
prediction across large-scale multiregional brain networks—given 
their involvement in many neuropsychiatric disorders1–3,22,24–26,86—
rather than within a particular brain region. We demonstrate such 
a prediction to provide an enabling technology for facilitating the 
design of future closed-loop neuromodulation systems for neuro-
psychiatric and neurological disorders.

To evaluate the fidelity of our IO models for closed-loop con-
trol, we tested them in an extensive closed-loop simulation study 
(Supplementary Note 22 expands further on the model fidel-
ity). These simulations show that the fitted IO models to our data 
with the exact same IO prediction accuracy observed in our data 
can enable model-based closed-loop control of simulated internal 
brain states. While beyond the scope of this work, future experi-
ments performing model-based closed-loop control of large-scale 
multiregional brain networks encoding various internal brain states  
such as mood or pain in neuropsychiatric disorders are critical 
research directions. The dynamic IO models provide a necessary 
and general enabling technology to help realize such model-based 
closed-loop controllers for internal brain states across many neuro-
psychiatric disorders.

Finally, another special application of our dynamic IO model 
is to predict the steady-state brain network response—that is, 
the response to stimulation pulse trains at a fixed amplitude and 

frequency. Current experiments typically perform a grid search 
over stimulation amplitudes and frequencies to investigate these 
steady-state responses13,17. A grid search may suffer from a large 
search space and thus be inefficient. A more efficient approach 
could be to predict the steady-state brain network response by 
setting the amplitude and frequency input to a fixed value in our 
dynamic IO model once it is fitted. Future investigations of how 
well such an approach works may also guide the optimal selection 
of stimulation parameters in open-loop neuromodulation systems 
in an efficient way.

Stimulation-induced neural adaptation, state dependencies 
and non-stationarities. Continuous fixed electrical stimulation 
patterns can induce neural plasticity and adaptation14, leading to 
non-stationary brain network dynamics. In this first demonstra-
tion of dynamic IO modelling, we show that a time-invariant IO 
model can predict the dynamic brain network response to con-
tinuous real-time changing stimulation lasting 10 min to 120 min. 
While our IO modelling does not aim to develop a stimulation 
paradigm that targets neural plasticity, such a plasticity-based para-
digm is a critical complementary approach for developing future 
therapies. Previous studies have designed open-loop stimulation 
patterns that target neural plasticity via sufficiently desynchro-
nizing neural populations53,54 to achieve symptom alleviation in 
Parkinson’s disease55. Our approach that directly models the IO 
dynamics can be combined with the approach that targets neural 
plasticity via adapting the IO model parameters. Also, in practical 
applications, non-stationary brain network dynamics may occur 
due to state dependency, for example, due to a change in psychi-
atric state26. To track the non-stationarity induced by plasticity and 
state dependency, future work can develop adaptive LSSMs87 that 
also include an input to improve IO prediction performance and 
benefit closed-loop neuromodulation systems that need to operate 
over long time periods.

Dynamic IO modelling and at-rest functional controllability. 
Across the large-scale multiregional brain network, at-rest func-
tional controllability explained the variability in both the IO predic-
tion accuracy and the estimated response strength by the IO models 
during stimulation. This result provides an independent validation 
of our dynamic IO models with a measure that is independently 
computed from at-rest data without any stimulation. Theoretically, 
this controllability measure quantifies the energy needed at a stimu-
lation node to change the neural activity at a network node by a given 
amount46 (Supplementary Note 17). High controllability indicates 
that it is easier to drive a network node from the stimulation node 
and provides a useful connectivity measure. Previous studies have 
addressed controllability of structural brain networks on the basis 
of tractography derived from DTI/DWI data41,42,47–50 to understand 
how structural brain networks constrain function and behaviour in 
human subjects49,50 or constrain functional connectivity in numeri-
cal or computer simulations of stimulation48. Controllability of 
structural brain networks has also been shown to be correlated with 
the static change in functional connectivity41 or in brain activity42 
that occurs after stimulation ends. However, it is not clear whether 
controllability is correlated with the strength of dynamic changes in 
brain network activity during ongoing stimulation. Moreover, DTI/
DWI data provide a measure of anatomical connectivity rather than 
network function, which can instead be provided by large-scale 
recordings of LFP activity or more generally other measures of 
network electrophysiological activity51. Here, by introducing the 
functional controllability measure using at-rest electrophysiologi-
cal LFP data and relating it to the IO models, we demonstrate that 
this at-rest functional measure explained the variability in IO pre-
diction accuracy across network nodes. At-rest functional control-
lability also predicted—in cross-validation—which network nodes 
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would have a predictable response during stimulation from OFC. 
Further, among all four stimulation sites, at-rest functional control-
lability explained which stimulation site (that is OFC) most strongly 
modulated the estimated network response. By contrast, physical 
distances between recording and stimulation sites did not provide 
these explanations, suggesting that the brain network responses 
reflect multiregional directed functional interactions.

LFP network responses to stimulation can vary for several 
reasons. LFP network responses depend on (1) the strength of 
excitatory (for example, AMPA (α-amino-3-hydroxy-5-methyl-
4-isoxazolepropionic acid)) and inhibitory (for example, GABA 
(γ-aminobutyric acid)) mediated post-synaptic potentials; and (2) 
the spatial distribution of excitatory and inhibitory post-synaptic 
potentials in response to pre-synaptic inputs from the stimula-
tion site51. Stimulation may change the relative strength of excit-
atory and inhibitory post-synaptic potentials51 differently across  
responding electrodes. Stimulation may also induce different  
spatial reorganization of excitatory and inhibitory post-synaptic 
potentials that changes the strength of effective dipole moment 
generating the measured LFP activity at different respond-
ing electrodes88. Each of these possibilities can increase LFP  
response variability. For a given stimulation site, microstimula-
tion may cause both orthodromic and antidromic stimulation  
effects89. Therefore, the observed variable dynamic LFP responses 
distributed across various brain regions reflect multiregional 
directed functional interactions via anatomical pathways that  
are connected through white matter fibre tracts. Our results thus 
highlight how LFP power features could reflect modulation of  
convergence and divergence of cortico–subcortical limbic com-
munication during MN stimulation. These anatomical pathways 
involve cortico–basal ganglia, cortico–thalamic and basal gan-
glia–thalamic projections90 that link the stimulation and respond-
ing sites that we have identified (Fig. 3). Future work will need to  
integrate electrophysiology tools with calcium imaging and other 
genetic tools to label anatomically identified projection systems  
and more completely assess the connectivity between the labelled 
stimulation and responding sites91,92.

Determining where to stimulate is a major challenge in develop-
ing neuromodulation therapies and different stimulation sites have 
had variable efficacy for example in treating major depression8. In 
this work, to demonstrate our dynamic IO modelling technique as a 
general enabling technology, we stimulated from four different sites 
(OFC, ACC, AMG and SPL) and showed that our models can gen-
eralize to predicting the brain network response to stimulation at all 
four sites. The most frequently tested stimulation site in our study 
was OFC (10 out of the 16 IO datasets), which has recently been 
suggested as a potential stimulation target for improving mood in 
human subjects with depression symptoms13 and has been shown 
to be important in decoding mood state from human subjects22. 
Future studies focused on neuromodulation in depression can, for 
example, use the dynamic IO models to help predict the brain net-
work response during closed-loop OFC stimulation. Among our 
four stimulation sites, OFC stimulation more robustly modulated 
the network—larger controllability values and response strengths, 
which could be reliably estimated. Thus, we focused our correla-
tion analyses of functional controllability and performance on the 
OFC-stimulation datasets. Future work that explores a broader 
range of stimulation sites and collects longer and more stimula-
tion datasets for each site can compute the functional controlla-
bility measure introduced here to reliably study its relationship to 
performance for different stimulation sites. Moreover, our results 
suggest that computing the at-rest functional controllability from 
large-scale LFP activity may help identify the optimal stimulation 
location in DBS without applying stimulation there and only from 
at-rest neural activity. This can be done by predicting which brain 
site best modulates the networks involved in a given disorder using 

at-rest activity and functional controllability, for example, the net-
works that encode mood in depression13,22.

Once a stimulation site is selected, assessing the IO models 
should focus on the power features within a sampled brain network 
that actually have a response to that site to be modelled. We aimed 
to focus on these relevant power features by excluding the noisy 
IO prediction accuracy values associated with the non-predictable 
power features that were below the noise floor (did not pass the sta-
tistical tests). Nevertheless, as a control analysis, we showed that our 
conclusions also held when considering all power features, showing 
the robustness of our results.

Controlling for stimulation artefacts. Three lines of evidence con-
firm that our conclusions about the IO models are not confounded 
by stimulation artefacts. (1) The stimulation-artefact control analy-
ses (Supplementary Note 1) showed that the stimulation-artefact 
rejection algorithm only induced a negligible change (<5%) in 
the studied spectral content of LFP signals (Supplementary Fig. 
2g). (2) The same stimulation-artefact rejection algorithm was 
included in the output-baseline test; thus if the prediction of brain 
network response was simply caused by the small residuals of the 
stimulation-artefact rejection algorithm, the IO prediction accuracy 
in the output-baseline test would not have been different from the 
actual IO prediction accuracy and the output-baseline test would 
have failed. Since all reported predictions pass the output-baseline 
test, this test rules out the effect of stimulation artefacts. (3) Since 
at-rest LFP signals do not have stimulation artefacts, the fact that 
at-rest functional controllability can predict the IO prediction accu-
racy during stimulation provides an independent validation of the 
IO modelling results.

Future directions. We chose to model the LFP power features at 
the frequency bands spanning from 1 Hz to 100 Hz because they are 
informative of various brain states (for example, intended move-
ments43,51,58,73 or mood1,22,23) and disease symptoms (for example, 
for depressed mood1,2,13 or in Parkinson’s disease2,44), and because 
they change when electrical stimulation with fixed amplitude and 
frequency is delivered13,20. Thus these power features can pro-
vide clinically relevant biomarkers1,2,20,22 (Supplementary Note 2). 
Beyond modelling power features, it is also important to study 
the utility of our IO modelling framework for other clinically rel-
evant field-potential features such as phase-amplitude coupling2,44 
or coherence23. Field potentials are an important recording modal-
ity in clinical applications given their availability and reliability1,51, 
which supports clinical feasibility. Beyond field potentials, the IO 
modelling framework could be extended to single-unit record-
ings1,12,73,74 or to multiscale combined single-unit and field-potential 
recordings1,43,73,75,93,94. Such investigations can also help facilitate 
neuromodulation therapies with these other features or recordings 
as biomarkers.

We modelled the LFP response to microstimulation in mon-
keys to develop and demonstrate a general enabling technology. An 
important future direction is to develop dynamic IO models for brain 
network responses in the human brain, by performing simultane-
ous recording and stimulation with ECoG electrodes1,13,17,18,22,23,61,87,95. 
Although the effect of stimulation-induced adaptation was rela-
tively small in our data, developing adaptive IO modelling tech-
niques is important for tracking adaptation and state-dependency 
effects, further improving the IO prediction accuracy, and combin-
ing with plasticity-based approaches1,53–55,87. Moreover, with typical 
data durations for model learning, we find that general nonlinear IO 
modelling does not improve the linear dynamic IO model. Future 
long-term chronic stimulation and recordings experiments can be 
used to further explore the nonlinearity in the IO response when 
more training data are available. To demonstrate an enabling tech-
nology, here we designed our MN to switch across multiple values 

Nature BIOMedIcal eNGINeerING | www.nature.com/natbiomedeng

http://www.nature.com/natbiomedeng


ArticlesNature BIomeDIcal eNgINeerINg

in the amplitude range of 0–40 μA and in the frequency range of 
0–100 Hz, which are both within the clinical ranges used for DBS, for 
example, in depression8 (details in Supplementary Note 3). Similarly, 
we used an amplitude range of 10–50 μA and a frequency of 100 Hz 
for constant-stimulation experiments. Future work could investigate 
other important frequency ranges that are effective for DBS in other 
applications—for example, 100-185 Hz for Parkinson’s disease96—
and the damping and oscillatory characteristics of the IO response, 
as well as the adaptation effects in those ranges. Finally, future work 
could address how these data-driven models may also help guide the 
development of more mechanistic biophysical models of DBS.

Together, our study shows that large-scale brain network dynam-
ics across multiple brain regions and in response to real-time changes 
of stimulation parameters can be accurately predicted. These results 
have important implications for the design of closed-loop neuro-
modulation systems for treatment of a variety of neurological and 
neuropsychiatric disorders and for the more precise modulation of 
brain functions.

Methods
Experimental preparation. Two male rhesus macaques (Macaca mulatta) 
participated in the study (monkey M, 8.4 kg; monkey A, 7 kg). All surgical and 
experimental procedures were performed in compliance with the National Institute 
of Health Guide for Care and Use of Laboratory Animals and were approved by the 
New York University Institutional Animal Care and Use Committee. We surgically 
implanted a customized large-scale recording chamber over the targeted brain 
regions over the left (monkey M) and right (monkey A) hemispheres (Gray Matter 
Research) using magnetic resonance (MR)-guided stereotaxic surgical techniques 
(Brainsight, Rogue Research). We then mounted a customized semi-chronic 
microdrive system for large-scale circuit mapping in macaque mesolimbic and 
basal ganglia systems97 into the chamber and sealed it with compressed gaskets and 
room-temperature-vulcanizing sealant (734 flowable sealant, Dow Corning).

The microdrive provided bi-directionally independent control of the position 
of up to 220 microelectrodes (1.5 mm spacing) along a single axis with a range 
up to 32 mm (monkey M) and 40 mm (monkey A) with 125 µm pitch98. The 
microdrive provided access to the cortico–subcortical limbic network, including 
OFC, ACC, prefrontal cortex, motor cortices, parietal cortex, caudate nucleus, 
putamen, globus pallidus and AMG (Supplementary Tables 1 and 2). For monkey 
M, we loaded 160 platinum–iridium (Pt/Ir) electrodes (MicroProbes) with 
impedance 0.1–0.5 MΩ for recording and microstimulation and 60 tungsten 
electrodes (Alpha Omega) for intracortical recording with impedance 0.8–1.2 MΩ. 
For monkey A, we loaded 220 Pt/Ir electrodes (MicroProbes) with impedance 
0.5 MΩ for recording and microstimulation. Electrode impedances were measured 
at 1 kHz (Bak Electronics).

Neural recordings. The monkeys were awake, head-restrained and quietly 
seated in a primate chair placed in an unlit sound-attenuated electromagnetically 
shielded room (ETS Lindgren). Neural recordings were referenced to a ground 
screw implanted in the left posterior parietal lobe (monkey M) or left occipital 
lobe (monkey A). The ground screw was chronically implanted, resting on the 
dura mater. Neural signals from all channels were simultaneously amplified and 
digitized at 30 kHz with 16 bits of resolution with the lowest significant bit equal 
to 0.1 µV (NSpike, Harvard Instrumentation Lab; unit gain headstage, Blackrock 
Microsystems) and continuously streamed to disk during the experiment (also see 
Supplementary Table 3).

Dynamic IO model structure. We build a multiple-input–multiple-output 
model to describe the dynamic effect of stimulation amplitude and frequency 
(input) on the brain network activity (output). We define the input as a 
multi-component vector time series {uk} (fg

I
 represents a time series or a 

set depending on the context) of stimulation amplitude and frequency—that 

is, uk ¼ uamp
k ; ufreqk

h i0
2 RNu ´ 1;Nu ¼ 2

I

—where uamp
k
I

 and ufreqk
I

 represent the 
stimulation amplitude and frequency, respectively, and superscript ′ represents 
matrix and vector transpose. Here, k represents the discretization time step, which 
was either 1 s or 0.5 s (Ts in Supplementary Table 3). We define the output as the 
LFP power features calculated over time from multiple brain regions and put them 
into a multi-component vector time series fyk 2 RNy ´ 1g

I
. We construct a dynamic 

multiple-input–multiple-output LSSM as a series of multiple-input-single-output 
models, each modelling a component in {yk} (Supplementary Fig. 3). The LSSM 
corresponding to the ith LFP power feature component is written as:

xðiÞkþ1 ¼ AðiÞxðiÞk þ BðiÞuk þ wðiÞ
k

yðiÞk ¼ CðiÞxðiÞk þ vðiÞk

(
; ð1Þ

where yðiÞk 2 R

I
 represents the ith component of yk, x

ðiÞ
k 2 RNðiÞ

x ´ 1

I
 is a dynamic 

latent state18 (it is dynamic because it is directly related to its own past values via 
the top state equation) and wðiÞ

k 2 RNðiÞ
x ´ 1; vðiÞk 2 R

I
 are zero-mean white Gaussian 

noise with covariance matrix QðiÞ ¼ E
w ið Þ

k

v ið Þ
k

 !
ðw ið Þ

k

0
v ið Þ
k
Þ

" #
2 RðNðiÞ

x þ1Þ ´ ðNðiÞ
x þ1Þ

I

. 

Compared with previous latent state dynamic models, which do not 
incorporate an input term22,76,87,95, here the model learns the effect of 
external stimulation input on neural dynamics through the latent state. For 
data-driven modelling in general18,22,43,61,73,75–78,87,95,99,100, the model parameters 
should be fitted to data. The model parameters here that need to be fitted are 
AðiÞ 2 RNðiÞ

x ´NðiÞ
x ;BðiÞ 2 RNðiÞ

x ´Nu ;CðiÞ 2 R1 ´NðiÞ
x

I
 and Q(i), which we collect as 

θðiÞ ¼ fAðiÞ;BðiÞ;CðiÞ;QðiÞg
I

, and a hyperparameter NðiÞ
x
I

, which is the dimension of 
the latent state. For simplicity of expression, we omit the superscript i unless it is 
not clear from the context that one power feature is being modelled. The number  
of free parameters in this multiple-input–single-output LSSM in equation (1) is  
2NðiÞ

x þ NuN
ðiÞ
x þ 1

I
52. In the next few sections, we introduce the design of the 

stochastic input time series {uk} to sufficiently excite the brain network in collecting 
IO data to identify the model parameters, the calculation of the output LFP power 
feature time series {yk} and the cross-validation procedure to fit and evaluate the IO 
model in equation (1) using the collected IO data.

Stochastic stimulation input design. The design of the input waveform is critical 
to enable accurate IO modelling in machine learning18,52. An input waveform 
needs to sufficiently excite the brain network activity so that the IO dataset is 
informative of the network response18,52, while consisting of electrical pulses 
that are charge-balanced in short time intervals as required for stimulation 
safety101. Based on our prior theoretical work18, we designed an MN-modulated 
stimulation waveform and delivered it to the stimulation site (Fig. 1a). This 
waveform consisted of pulse trains whose amplitude and frequency were changed 
stochastically over time between several fixed levels with equal probability, a 
pattern we refer to as an MN pattern. An MN pattern has a white spectrum 
because at each time point the level is generated independently of its past levels18,52 
(next paragraph and Supplementary Fig. 4) and thus can excite the brain network 
dynamics across all timescales. We constructed the MN-modulated stimulation 
waveform with standard charge-balanced pulses currently used in direct electrical 
stimulation1,4,13,17,18,102.

We used three amplitude levels: 0 μA (no stimulation), 15 μA and 30 μA, 
and three frequency levels: 0 Hz (no stimulation), 50 Hz and 100 Hz in the 
construction of the MN-modulated waveform in 9 out of 16 experiments 
(see Supplementary Note 3 for the choice of these levels). So for a minimum 
switch period of Tsw, at each time point t = nTsw (n = 1,2,3,…), we randomly 
picked the MN parameters from among the following paired values: 
{(0 μA,0 Hz),(15 μA,50 Hz),(15 μA,100 Hz),(30 μA,50 Hz),(30 μA,100 Hz)} with 
probabilities of 1

3 ;
1
6 ;

1
6 ;

1
6 ;

1
6

� �

I
. We chose these pair probabilities such that the 

amplitude on its own had equal probability to be at each of its possible three levels 
and similarly for the frequency. We also delivered a two-level MN waveform 
in the other 7 out of 16 experiments with amplitude levels of 20 μA and 40 μA, 
and frequency levels of 50 Hz and 100 Hz (Supplementary Note 3). We applied 
the MN-modulated microstimulation waveform using a bipolar configuration, 
made by simultaneously sending a biphasic charge-balanced square wave pulse 
via a pair of Pt/Ir microelectrodes with a fixed pulse width of 100 µs per phase 
and inter-pulse interval of 53 μs, but opposite polarity (Cerestim R96, Blackrock 
Microsystems; Fig. 1a). Finally, the switch period Tsw was selected from among 
the following values {0.5 s, 1 s, 4 s, 6 s} to help study the time-scale of the effect of 
stimulation (Supplementary Note 14).

Stimulation-artefact rejection. Recorded broadband raw signals during 
stimulation contained stimulation artefacts. We developed an algorithm to reject 
the stimulation artefacts (Supplementary Fig. 2 and Supplementary Note 1), which 
typically consist of a short ‘instantaneous artefact spike’ and a long ‘artefact tail’ 
introduced by the analogue circuitries in the amplifier17,103,104. We used thresholding 
to detect the instantaneous artefact-spike timings and then replaced an epoch of 
1.17 ms around the instantaneous artefact spike (0.67 ms before and 0.5 ms after) 
with raw signals recorded immediately before and after the instantaneous artefact 
spike. This replacement ensured that the amplitude and spectral distribution of the 
replaced raw data were similar to those of the background raw signals17. Then, we 
used a temporal template subtraction algorithm103 to reject the artefact tail. Finally, 
we conducted a control analysis to show that this stimulation-artefact-rejection 
algorithm introduced only negligible distortion in the signal below 50 Hz 
(Supplementary Fig. 2g and Supplementary Note 1).

LFP signal preprocessing. After stimulation-artefact rejection, we obtained the 
LFP signals by (1) downsampling the raw signals to 200 Hz with an anti-aliasing 
filter with a cut-off frequency of 100 Hz (order 8 Chebyshev type I infinite 
impulse response (IIR) filter); (2) high-pass filtering above 1 Hz to remove drift 
(equiripple finite impulse response (FIR) filter with passband cut-off frequency 
1 Hz, stopband cut-off frequency 0.5 Hz); (3) removing the line noise at 60 Hz 
(band-stop equiripple FIR filter with stopband cut-off frequency 59 Hz and 61 Hz, 
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passband cut-off frequency 58 Hz and 62 Hz); (4) band-stop filtering at 50 Hz to 
remove any possible residue of stimulation artefacts at the stimulation frequency 
(equiripple FIR filter with stopband cut-off frequency 49 Hz and 51 Hz, passband 
cut-off frequency 48 Hz and 52 Hz). Next, we digitally referenced the LFP signal of 
each channel to its nearest neighbour within 3 mm based on the electrode depths 
and removed recording channels that had any of these properties: (1) were the 
stimulation channel and its return channel because they did not record any useful 
neural signal during stimulation; (2) were not in the brain or were located in 
white matter as indicated by the co-registered MRI labels; (3) had a large amount 
of noise during stimulation (during-stimulation s.d. of LFP signals >5× s.d. of 
pre-stimulation LFP signal).

Note that the number of modelled recording channels after preprocessing in 
each IO dataset was different (Supplementary Table 3), mainly because the IO 
datasets were collected from different days and the electrodes in the microdrive 
were moved across different experiments and days to target and sample different 
brain regions. Such independently movable electrodes were a key feature of our 
semi-chronic microdrive design to flexibly assess large-scale multiregional brain 
networks. Thus on each day, a different set of recording channels were within the 
grey matter that we modelled and the rest of the electrodes that were in the white 
matter were removed by our preprocessing step above.

LFP power feature calculation. After stimulation-artefact rejection and obtaining 
the LFP signals, we extracted the LFP power features. For each LFP channel, we 
applied a multi-taper spectrogram analysis105 with a time step Ts = 1 s or 0.5 s, an 
overlapping moving window of 10Ts and a frequency resolution of 2 Hz, such 
that a sufficient number of orthogonal tapers were used to reduce the variance 
of power spectral density estimation of the LFP signals105 (Supplementary 
Note 2). At each time step, we calculated the mean powers in the following 4 
frequency bands: 1–8 Hz (delta + theta), 8–12 Hz (alpha), 12–30 Hz (beta) and 
30–50 Hz (low gamma). We chose to model these bands because they have 
been shown to have an important role in many brain functions1,13,22,43,58,73,95,106–109 
and dysfunctions1,2,44,45,110–112. We did not focus on modelling higher frequency 
bands because of the larger stimulation-artefact residues for those bands after 
artefact rejection (Supplementary Fig. 2g); nevertheless, after controlling for the 
stimulation artefacts, our control analyses showed that the same IO modelling 
framework also succeeded for the higher frequency band of 70–100 Hz. We 
collected the logarithm of the mean powers of each frequency band of each 
LFP channel in the vector yk 2 RNy ´ 1

I
. We then removed the mean in the input 

stimulation time series fukgk2f1;2;3;¼ ;Tg
I

 and output LFP power feature time 
series fykgk2f1;2;3;¼ ;Tg

I
 to form the final IO dataset fuk; ykgk2f1;2;3;¼ ;Tg

I
, where 

T = 3,230 ± 528 was the total number of samples used for subsequent IO modelling. 
Note that removing the mean is a common practice in fitting dynamic IO models 
to model the changes in an output signal in response to a temporally varying 
input52,113. The mean of the output signal is easily learned by time-averaging 
the entire signal across all input levels and thus this mean is a single number 
regardless of input value and does not affect the IO modelling of the output signal 
variations for different inputs. The dynamic IO model thus describes how brain 
network activity varies around its mean in response to the variations in stimulation 
amplitude and frequency over time.

Multi-trial experimental design to dissociate single-trial input-driven 
dynamics. Input-driven dynamics and intrinsic dynamics. The overall brain network 
dynamics yk in equation (1)—that is, the measured LFP power feature time series—
can be decomposed into two parts: (1) input-driven dynamics yk,I and (2) intrinsic 
dynamics yk,N; that is, yk = yk,I + yk,N (Fig. 7). The input-driven dynamics yk,I are 
driven only by the stimulation input uk:

xkþ1;I ¼ Axk;I þ Buk
yk;I ¼ Cxk;I

;

(
ð2Þ

where xk,I is the input-driven part of the latent state. Thus, the same stimulation 
input would always lead to the same input-driven dynamics. In contrast, 
the intrinsic dynamics are not dependent on the stimulation input (are 
input-irrelevant) and thus in the model are only driven by the noise terms wk  
and vk:

xkþ1;N ¼ Axk;N þ wk

yk;N ¼ Cxk;N þ vk
;

(
ð3Þ

where xk,N is the intrinsic part of the latent state. These intrinsic dynamics are 
not affected by stimulation input and change from trial to trial even with the 
same stimulation input. Consistently, these intrinsic dynamics are driven by 
input-irrelevant noise in the model. Note that adding equations (2) and (3) gives 
equation (1), showing the decomposition.

Dissociating the ground-truth single-trial input-driven dynamics. As the main goal of 
the IO model is to describe how brain network dynamics respond to stimulation, 
testing the IO model requires evaluating how well the model can predict the 
input-driven dynamics yk,I. Thus, we need to dissociate the ground-truth 

input-driven dynamics from the noisy intrinsic dynamics in the measured overall 
brain network dynamics; we can then compare the ground-truth input-driven 
dynamics to model predictions. This dissociation is difficult and requires 
designing a careful experiment. To achieve this dissociation, we repeated the same 
stochastic MN input across stimulation trials (Fig. 1b, Supplementary Fig. 5b and 
Supplementary Notes 6 and 7 contain more details). This experiment design allows 
us to obtain the ground-truth single-trial input-driven dynamics by averaging 
the measured overall brain network dynamics across all trials. In particular, as 
the input is the same in all trials, the single-trial input-driven dynamics yk,I are 
also the same for all trials and thus remain intact after averaging (Supplementary 
Fig. 5d). However, as intended, averaging suppresses the single-trial intrinsic 
dynamics yk,N because they change from trial to trial. Thus, averaging dissociates 
the ground truth of single-trial input-driven dynamics, which can then be used to 
evaluate the predicted single-trial input-driven dynamics by the IO model within 
cross-validation as described below.

IO model fitting and evaluation in cross-validation. Summary. On the basis of 
the multi-trial experimental design, we next developed a fourfold cross-validation 
procedure. Within a cross-validation fold, we took one quarter of the IO data in  
each trial as the test set (one test set for each trial; Supplementary Fig. 5a,d).  
We then took the other three quarters of the IO data in each trial as training  
data and concatenated these single-trial training data across trials to form the 
training set (Supplementary Fig. 5a,c). We fitted the IO models to the training set 
without any trial averaging (Supplementary Fig. 5c). We then used the fitted IO 
model to predict the single-trial input-driven dynamics in a test set from  
only the history of the stimulation input and without any knowledge of the 
measured LFP power features in that test set (that is, with forward prediction).  
This provided a prediction of single-trial input-driven dynamics, which 
was identical for all test sets (corresponding to different trials) in a given 
cross-validation fold, because the inputs were identical for all test sets in a given 
fold (Supplementary Fig. 5d). Finally, we compared the predicted single-trial 
input-driven dynamics with the ground-truth single-trial input-driven dynamics 
(ground truth was computed by averaging the measured LFP power features, as 
explained above). Note that, while for a given cross-validation fold, single-trial 
input-driven dynamics are the same across trials, these single-trial input-driven 
dynamics are different for different cross-validation folds and for different 
experiments. Thus, overall, we can evaluate the IO models for predicting 
single-trial input-driven dynamics across different stochastic waveforms. Details 
are given in the next few sections.

Forming test and training sets. We used cross-validation to fit and evaluate 
the dynamic IO model in equation (1) on the basis of the collected IO dataset 
fuk; ykgk2f1;2;3;¼ ;Tg
I

 (Supplementary Fig. 5). For each IO dataset, we conducted a 
fourfold cross-validation. In the jth fold, we took out the same jth quarter of the 
IO data in each of the NR stimulation trials as the test sets, resulting in one test set 
for each trial. We denote the test data in the hth trial by DðtestÞ

h
I

 and the rest of the 
data in that trial by DðtrainÞ

h
I

 as training data. In the jth fold, we concatenated all the 
single-trial training data to form one single training set as DðtrainÞ ¼

SNR
h¼1 D

ðtrainÞ
h

I
 

(Supplementary Fig. 5c). We also formed NR test sets, one per trial (for example 
DðtestÞ

h
I

 for trial h; Supplementary Fig. 5d). Thus, each test set had a length of L/4, 
where L is the total number of time steps within one trial (Supplementary Note 
8) and each training set had a length of NR × 3L/4. The above procedure ensured 
that neither the input nor the output in the test sets were seen by the training set. 
Further, as the input was an MN stochastic process, it was independent in the test 
sets and the training set (Supplementary Note 9 and Supplementary Fig. 5b).

Forward prediction to predict the single-trial input-driven dynamics in the test sets. 
Input-driven dynamics describe the effect of stimulation input on LFP power 
features. Thus, the main evaluation of an IO model is how well it can predict the 
input-driven dynamics in the test sets. This evaluation can be performed using 
forward prediction, which proceeded as follows.

Within each cross-validation fold, in each test set corresponding to each trial, 
we formed a single-trial forward predictor ŷk

I
 based on equation (1) as:

skþ1 ¼ Ask þ Buk
ŷk ¼ Csk

�
; ð4Þ

where sk 2 RNx ´ 1

I
 is the forward prediction of the latent state. We can see from 

equation (2) that the above equation (4) provides a prediction of the single-trial 
input-driven dynamics. By recursively evaluating equation (4), we can write sk as a 
function of the past inputs fu0; u1; u2; ¼ ;uk�1g

I
 and the initial state s0:

sk ¼ Buk�1 þ ABuk�2 þ A2Buk�3 þ ¼ þ Ak�1Bu0 þ Aks0; ð5Þ

Here the terms Aj−1Buk−j in the sum are evaluated from j = 1 to k. This can be 
seen through expanding the recursion in equation (4) by recursively replacing  
the equation for si from time i ¼ 0; ¼ ; k

I
. Accordingly, we can see that the  

predicted single-trial input-driven dynamics ŷk ¼ Csk
I

 in forward prediction is 
calculated from only the past stimulation inputs fu0; u1; u2; ¼ ;uk�1g

I
 and the 
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initial state s0, and without using the measured past output LFP power features 
fy0; y1; y2 ¼ ; yk�1g
I

:

ŷk ¼ CBuk�1 þ CABuk�2 þ CA2Buk�3 þ ¼ þ CAk�1Bu0 þ CAks0: ð6Þ

Equation (6) again shows that the forward prediction of LFP power feature ŷk
I

 is 
assessing the input-driven part of the measured LFP power features—that is, ŷk

I
 is 

a function of only past inputs. To consider the most challenging case, we assumed 
we did not have any prior information on the initial state and thus set it at zero 
s0 ¼ 0Nx ´ 1
I

 in all forward predictions in all test sets. With this zero initialization 
and if zero stimulation input is given to the forward prediction, the forward 
predicted LFP power features remain zero over time as they should by design; this 
is because forward prediction aims to assess the purely input-driven dynamics 
of the LFP power features in response to stimulation input (that is predict yk,I in 
equation (2)), and so it should give zero when there is no stimulation input. We 
emphasize that this does not imply that the IO model predicts zero for the LFP 
power features yk, as we show with one-step-ahead prediction using the fitted IO 
models (see Methods, ‘One-step-ahead prediction of single-trial overall brain 
network dynamics during stimulation’ and Supplementary Note 6).

Model evaluation. We first fitted the IO model parameters θ = {A, B, C, Q} in the 
training set with single-trial IO data without any averaging as detailed in ‘Model 
fitting in the training set’ section below (Supplementary Fig. 5c). Here, A, B and C 
are the LSSM matrices in equation (1) and Q is the covariance matrix of the state 
noise wk and the observation noise vk in equation (1).

Using the fitted IO models, in each test set that corresponds to one trial, we 
then predicted the single-trial input-driven dynamics using forward prediction 
with equation (6)—that is, we computed fŷjg; j ¼ 1; 2; ¼ L

4

I
, for each test set. 

From equation (6), each test set had the same predicted single-trial input-driven 
dynamics because the input stimulation was repeated in each test set by design 
(Supplementary Fig. 5d).

Finally, we averaged the measured output LFP power features across all test 
sets to obtain the ground-truth single-trial input-driven dynamics as denoted by 
�yj

n o
; j ¼ 1; 2; ¼ L

4

I

 as described in ‘Dissociating the ground-truth single-trial 
input-driven dynamics’ above. We computed the CC between the ground-truth 
single-trial input-driven dynamics �yj

n o

I

 and the predicted single-trial  
input-driven dynamics fŷjg

I
:

CCper fold ¼
Cov fŷjg; fyjg

 

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var fŷjg
 

´Var fyjg
 r ; ð7Þ

where Cov(·) and Var(·) represent the empirical covariance and variance of a 
time series, respectively. Note that the CC is the same for all test sets within one 
cross-validation fold so the CC in one cross-validation fold is taken as the CC for 
any one of its associated test sets (Supplementary Fig. 5d). However, the CC can be 
different for different cross-validation folds, as different cross-validation folds have 
independent input in their test sets (Supplementary Fig. 5b). We then define the IO 
prediction accuracy as the average CC over all 4 cross-validation folds:

CC ¼ 1
4

X4

m¼1

CCðmÞ; ð8Þ

where CC(m) represents the CC in fold m as in equation (7). A higher cross-validated 
CC represents better prediction and thus a higher IO prediction accuracy. Note that 
IO prediction accuracy is computed from the dynamic IO model.

We used CC as our main measure because it has been widely used in 
neuroscience, for example, in quantifying the neural response after stimulation 
ends40,42, or the neural decoding accuracy of behaviour43,58,109,114–116. Nevertheless, to 
show the robustness of our results to the performance measure, we also computed 
the EV of our dynamic IO models in forward prediction. EV quantifies how much 
variance in the ground-truth single-trial input-driven dynamics can be explained 
by the predicted single-trial input-driven dynamics from our dynamic IO models. 
EV is given by:

EVper fold ¼ 1�
4
L

PL=4
k¼1 yk � ŷk
� 2

Var yk
� 

 !
´ 100%; ð9Þ

We thus also computed the average EV over all four cross-validation folds for 
forward prediction of our dynamic IO models:

EV ¼ 1
4

X4

m¼1

EVðmÞ; ð10Þ

where EV(m) represents the EV in fold m as in equation (9).

Assessing generalizability of the IO model across different stochastic waveforms. 
While within a given cross-validation fold, the input and thus the single-trial 

input-driven dynamics were the same across test sets, for different cross-validation 
folds or for different stimulation experiments, we used different stochastic 
inputs (Supplementary Fig. 5b). In addition, no averaging was ever done across 
cross-validation folds or experiments. So overall, we are evaluating the single-trial 
forward prediction across different stochastic waveforms. This allows us to evaluate 
the generalizability of the IO model.

Model fitting in the training set. We first describe how we fitted the model 
parameters θ within a cross-validation fold given a known hyperparameter Nx and 
then present how the optimal Nx was selected. The fitting of all model parameters 
and the selection of the hyperparameter was based only on the training set, 
without seeing the test sets whose inputs were fully independent of the training set 
(Supplementary Fig. 5b and Supplementary Note 9). First, given a fixed Nx, we used 
the prediction error method52 to fit the model parameters θ. In the prediction error 
method, we minimize the following cost function for single-trial training data 
obtained from the NR trials without any averaging:

J θð Þ ¼
XNR

h¼1

X

yk ;ukf g2D trainð Þ
h

yk � ŷk θð Þ
� 2

; ð11Þ

where ŷkðθÞ
I

 is the forward predictor in equation (6) and is expressed as a function 
of the model parameters θ. We then obtain the fitted model parameters θ̂ via 
standard nonlinear optimization methods52:

θ̂ ¼ argmin

θ

JðθÞ; ð12Þ

where the initial guess of θ is obtained by a fast, projection-based subspace 
method for fitting LSSMs52. As the data in equation (11) are single-trial data and 
not averaged at all, the model parameters are fitted to single-trial IO data and 
capture single-trial brain network dynamics. Second, within the training set, we 
used an inner cross-validation to select the optimal hyperparameter Nx from the 
grid {1,2,3,4,5,6} (this range was sufficient as described below). For each Nx, we 
conducted an inner-level cross-validation within the training set to calculate the  
IO prediction accuracy for that Nx. Then we compared the inner cross-validated IO  
prediction accuracy within the training set and found the Nx that maximized  
it as the optimal hyperparameter. In fact, the selected optimal Nx was 2.74 ± 0.08, 
less than the upper bound of 6, confirming the adequacy of the used upper  
bound for Nx.

Statistical tests. We conducted two statistical tests to assess the significance of 
forward prediction as quantified by the cross-validated IO prediction accuracy in 
equation (8). First, we quantified what the IO prediction accuracy would have been 
by random chance if we had used a randomly generated input in our modelling 
that was different and independent from the actual input (that is, independent 
from the actual time series of amplitude and frequency). To quantify this chance 
level, we constructed an input-baseline distribution (Supplementary Fig. 6a) for 
the IO prediction accuracy by repeating the same cross-validation procedure on 
artificially generated IO datasets. We created the artificially generated IO datasets 
by (1) replacing the input with random MN inputs that were independent of 
the actual MN inputs delivered in the IO datasets, and (2) keeping the output 
the same as the actual output in the IO datasets. We generated 100 independent 
artificially generated IO datasets and repeated the same cross-validation procedure 
and computed the IO prediction accuracy for each. The IO prediction accuracies 
obtained across all these 100 datasets was used to obtain the input-baseline 
distribution of IO prediction accuracy. We define the input-baseline P value as 
the probability that IO prediction accuracy from the input-baseline distribution is 
greater than the IO prediction accuracy from the actual IO dataset. This P value is 
calculated by fitting a parametric GPD to the tail of the input-baseline distribution 
(Supplementary Note 10). We calculated the input-baseline P values for each of 
the power features and corrected the P value using FDR to account for multiple 
comparisons117 across the total number of LFP power features being modelled 
within an IO dataset.

Second, we quantified what the IO prediction accuracy would have been by 
random chance if instead of the actual brain network activity during stimulation, 
we had used the pre-stimulation at-rest brain network activity in our IO modelling. 
To quantify this chance level, we constructed an output-baseline distribution 
for the IO prediction accuracy (Supplementary Fig. 6b) by repeating the same 
cross-validation procedure with artificially generated IO datasets that had the 
same input as the actual IO dataset, but had their outputs replaced as follows. 
We replaced each second of the recorded during-stimulation raw signal in the 
IO dataset with a random 1 s period of the pre-stimulation at-rest raw signal. 
This random 1 s period was chosen by randomly selecting a starting time in 
the pre-stimulation data. To control for the effect of the stimulation-artefact 
rejection algorithm on IO modelling, we applied the same stimulation-artefact 
rejection algorithm to this replaced signal as well. To do this, we first obtained 
the instantaneous artefact-spike timings and artefact-tail windows from the 
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actual during-stimulation raw signal; then, using these timings and windows, we 
repeated the same stimulation-artefact-rejection procedure on the replaced raw 
signal (details in Supplementary Note 1). Then for the resulting signal, we repeated 
the same LFP signal processing and power calculation to obtain the output LFP 
power features. We next repeated the same cross-validation to obtain the IO 
prediction accuracy and finally repeated the above procedure 100 times to form the 
output-baseline distribution for the IO prediction accuracy. Finally, we used the 
same procedure as was used in the input-baseline test to obtain the output-baseline 
P value. Note that the IO prediction accuracy from the input-baseline and 
output-baseline tests would be centred around zero, since the input and output 
were independent in these tests.

We declare that forward prediction is significant if for its IO prediction 
accuracy, both the FDR-corrected input-baseline P value and output-baseline  
P value are less than 0.05. A power feature with significant prediction is termed 
a predictable power feature. Unless otherwise specified, all paired comparisons 
use the two-sided Wilcoxon signed-rank test and all the non-paired multi-group 
comparisons use the Kruskal–Wallis test, and significance is declared if the P value 
is less than 0.05.

One-step-ahead prediction of single-trial overall brain network dynamics 
during stimulation. Beyond evaluating our IO model in predicting single-trial 
input-driven dynamics as the main performance measure (using forward 
prediction), we also evaluated our IO model in predicting the single-trial overall 
brain network dynamics. As seen from equations (1)–(3), the overall brain network 
dynamics yk consist not only of the input-driven dynamics yk,I that remain the same 
from trial to trial, but also of the intrinsic dynamics yk,N that can change from trial 
to trial. Thus, to predict the single-trial overall brain network dynamics, in addition 
to the stimulation input, the measured LFP power features in that single-trial 
should also be used for prediction. Therefore, instead of forward prediction, we 
used a different one-step-ahead prediction that predicts the current single-trial 
LFP power feature yk as a function of both the past inputs fu0; u1; u2; ¼ ;uk�1g

I
 

and the past measured LFP power features fy0; y1; y2 ¼ ; yk�1g
I

 (paragraphs 
below). We denote this one-step-ahead prediction by ~yk

I
.

In brief, since our IO models were fitted directly using single-trial training 
data without averaging (Supplementary Fig. 5c), the fitted IO models captured 
single-trial intrinsic dynamics with the noise terms wk and vk and could thus 
directly predict single-trial overall brain network dynamics. The optimal 
one-step-ahead prediction (to minimize mean-squared error) can be done by the 
following Kalman recursive form52:

zk ¼ Azk�1 þ Buk�1 þ Kðyk�1 � Czk�1Þ
~yk ¼ Czk

�
; ð13Þ

where zk is the one-step-ahead prediction of the latent state xk and K is the total 
Kalman gain from zk−1 to zk computed from the fitted A, C and the fitted noise 
covariances of wk and vk (refs. 52,113). Accordingly, the one-step-ahead-predicted 
LFP power feature is computed as a function of both the past stimulation inputs 
and past measured LFP power features in a given trial and can be expanded as 
(assuming no prior knowledge on initial value and thus using zero initial condition 
to have the most challenging case):

~yk ¼ CBuk�1 þ C A� KCð ÞBuk�2 þ C A� KCð Þ2Buk�3

þ¼ þ C A� KCð Þk�1Bu0 þ CKyk�1 þ C A� KCð ÞKyk�2

þC A� KCð Þ2Kyk�3 þ ¼ þ C A� KCð Þk�1Ky0

ð14Þ

Here the terms C(A − KC)j−1Buk−j in the sum are evaluated from j = 1 to k 
and similarly for terms associated with yk−j. This can be seen through expanding 
equation (13) by recursively replacing the equation for zi for i ¼ 0; ¼ ; k

I
.

We used the above equation to predict single-trial overall dynamics of LFP 
power features during stimulation with a similar fourfold cross-validation 
procedure. The training procedure was exactly the same as in equations (11) 
and (12). As we are now evaluating single-trial overall brain network dynamics, 
in contrast to forward prediction, the ground truth in this case is simply the 
measured LFP power feature values in each test set (and does not require averaging 
to dissociate). Thus, the ground truth is different in different test sets of a given 
cross-validation fold. In each test set, we now directly compared the single-trial 
one-step-ahead prediction with the single-trial LFP power features yk measured in 
that test set and computed their CC (Supplementary Note 6). Note that CCs can 
now be different for different test sets and thus the CC of the given cross-validation 
fold is computed as the average of the CC across its test sets. In these analyses no 
averaging is ever required even in obtaining the ground truth.

The significance of the cross-validated CC in one-step-ahead prediction 
is evaluated through an output-permutation test in which the single-trial LFP 
power feature output data were randomly permuted in time for 100 times and 
the same cross-validation procedure was repeated on this permuted output data. 
The resulting cross-validated CC of these permuted output data formed the 
output-permutation distribution. We define the output-permutation P value as the 
probability that CC from the output-permutation distribution is greater than the 
CC from the actual IO dataset.

Regression model, smoothing model and non-oscillatory model. The regression 
model is a non-dynamic feedthrough model written as

yk ¼ Buk þ ek; ð15Þ

where ek 2 R
I

 is modelled as a zero-mean Gaussian noise with variance E 2 R
I

 and 
θ = {B, E} are model parameters to be fitted. Note that since the output LFP power 
features were calculated using an overlapping window of 10Ts, we additionally 
applied a moving average to the input stimulation parameters using the same 
overlap to form the input uk in equation (15). With this processing, the regression 
model represents a non-dynamic feedthrough from the stimulation input to the 
output LFP power features at the same time steps. The forward predictor associated 
with this model is

yk ¼ Buk: ð16Þ

The smoothing model is a special case of LSSM with an identity state transition 
matrix:

xkþ1 ¼ xk þ Buk þ wk

yk ¼ Cxk þ vk

�
: ð17Þ

The eigenvalues of the state transition matrix A in LSSM in equation (1) 
characterize the dynamics of the effect of stimulation on the output power 
features52—that is, how stimulation affects the time evolution of power features. 
This can be seen from equation (6), where the relationship between the current 
LFP power feature and past stimulation inputs are dictated by A and its powers. An 
identity state transition matrix with all eigenvalues equal to 1 represents a special 
form of dynamic response in which the effect of stimulation input at each time is 
simply an unweighted smoothed average of its past values52. The forward predictor 
in this case is in the same form as equation (6), replacing the state transition matrix 
with an identity matrix.

The non-oscillatory model is another special case of LSSM in which  
the state transition matrix A in LSSM in equation (1) is constrained to  
have positive real eigenvalues (Supplementary Note 13). Since complex  
conjugate eigenvalue pairs and negative real eigenvalues represent oscillatory 
dynamics (see also Supplementary Note 13), this non-oscillatory model 
structure ensures that the fitted LSSM does not model any oscillatory dynamics 
(Supplementary Note 13). The forward predictor in this case is in the same  
form as equation (6).

At-rest functional controllability. To calculate at-rest functional controllability 
(Supplementary Note 17), we first calculated the at-rest LFP power features using 
at-rest data with the same time step of 1 s (Supplementary Note 16). We denote 
the four at-rest LFP power features of the stimulation site by rk 2 R4 ´ 1

I
, which 

constitute the stimulation node. We denote the LFP power features at the other 
sites by pk 2 RNy ´ 1

I
, which constitute the other network nodes. We concatenated pk 

and rk into a single vector zk ¼
rk
pk

� �
2 RðNyþ4Þ ´ 1; k ¼ 1; 2; ¼ ;T0

I

 (T0 = 500 is the 

total number of time steps in the at-rest data (Supplementary Note 16)).
Then, we built a deterministic dynamic network model for {zk} as

zk ¼ Tzk�1 þ Dgk; ð18Þ

where gk is a nominal scalar variable representing the input strength  
(whose value does not enter in calculating at-rest controllability46) and 
D ¼ 1; 1; 1; 1; 0; 0; ¼ ; 0½ 0
I

 is a nominal input matrix representing that the  
input gk is delivered at the stimulation node. The first four components in D  
are 1 because the stimulation input is injected into the stimulation node  
(four power features at the stimulation site) and the rest of its components are 0 
because no input is applied to the other network nodes46,47. T 2 RðNyþ4Þ ´ ðNyþ4Þ

I
 is  

the state transition matrix and is required to be stable (all eigenvalues within  
the unit disc) to calculate controllability46 (Supplementary Note 17). We thus  
fitted a stable T from a ridge-regularized multivariable linear regression 
of zk against its immediate past value zk−1 (with gk = 0 because we are 
using only at-rest data to fit T)—that is, T ¼ ZcZ0

p ZpZ0
p þ λI

� ��1

I

 with 
Zc ¼ zT0 ; zT0�1; ¼ ; z2½  2 RðNyþ4Þ ´T0 ;Zp ¼ zT0�1; zT0�2; ¼ ; z1½  2 RðNyþ4Þ ´T0

I—and the regularization parameter λ was initially chosen as λ0 = 0.000001 and 
gradually increased to 10λ0, 100λ0, …, until a stable T was fitted.

Next, on the basis of equation (18), we calculated the infinite-horizon 
controllability Gramian Wc from T and D as the solution of the following 
discrete-time Lyapunov equation46:

TWcT
0 �Wc þ DD0 ¼ 0: ð19Þ

It can be shown that the ith diagonal element of Wc is inversely proportional 
to the energy that is needed to move the ith component in zk around the state 
space (Supplementary Note 17). Therefore, we took the logarithm of the (i + 4)th 
diagonal elements of Wc as the functional controllability from the stimulation node 
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to the ith network node (note that the first 4 elements represent the stimulation 
node and thus their controllability is not relevant to compute):

O ið Þ ¼ log Wc iþ 4; iþ 4ð Þð Þ; i ¼ 1; 2; ¼ ;Ny ; ð20Þ

where Wc(i, j) represents the i, jth element in the matrix Wc.
To obtain a chance-level baseline distribution for at-rest functional 

controllability, we randomly shuffled the time index of zk 1,000 times and repeated 
the computations in equations (18)–(20) each time (fitting the model in equation 
(18) from scratch each time) to get 1,000 random at-rest functional controllability 
values and then found their empirical distribution. We define the P value of an 
actual at-rest functional controllability as the probability that at-rest functional 
controllability from the baseline distribution would be larger than the actual 
at-rest functional controllability. This P value was calculated by GPD fitting 
(Supplementary Note 10) and corrected using FDR across all LFP power features 
being modelled in one IO dataset. We calculated the z-scored at-rest functional 
controllability by z-scoring the actual at-rest functional controllability.

Prediction of IO prediction accuracy and estimated response strength using 
at-rest functional controllability. We conducted three analyses to evaluate the 
relation of IO prediction accuracy and at-rest functional controllability.

First, we test if the value of at-rest functional controllability within a brain 
region correlates with and can predict the value of the IO prediction accuracy 
within that region during stimulation. We categorized the predictable power 
features according to their anatomical regions and included regions that at 
least had 2 predictable power features (total number of regions N = 13). We 
computed the average at-rest functional controllability of the predictable power 
features within a brain region as O jð Þ

region

I
 (j representing the jth region) and the 

corresponding average IO prediction accuracy as CC jð Þ
region

I
. We first performed a 

linear regression to test if CC jð Þ
region

I
 correlated with O jð Þ

region

I
. Then, we tested if O jð Þ

region

Ipredicted CC jð Þ
region

I
 by constructing a linear predictor using O jð Þ

region

I
:

CC jð Þ
region ¼ aþ bO jð Þ

region: ð21Þ

We used leave-one-region-out cross-validation to evaluate the prediction 
performance using this linear predictor; in the jth fold, we took the average 
at-rest functional controllability and IO prediction accuracy of all regions 
except the jth region as training set to fit the parameters â; b̂

I
 in the regression 

model in equation (21). We then used this model to perform prediction for the 
jth region as cCC jð Þ

region ¼ âþ b̂O jð Þ
region

I
. The final prediction error across all 13 

cross-validation folds (which equals the total number of tested regions because 
we did leave-one-region-out cross-validation) is the mean square error (MSE) 
computed as MSE ¼ 1

13

P13
j¼1

cCC jð Þ
region � CC jð Þ

region

 2

I

. We evaluated the significance 
of this predictor by comparing its MSE with the chance level obtained by randomly 
shuffling the indices of O jð Þ

region

I
 for 1,000 times and calculating the corresponding 

MSEs by performing the leave-one-region-out cross-validation from scratch. We 
define the P value as the probability that MSE from this chance-level distribution 
would be larger than the actual MSE. We refer to this test as the permutation test. 
This P value was calculated by GPD fitting (Supplementary Note 10).

Second, at the single network node level (that is, single LFP power feature), we 
test if the value of at-rest functional controllability of a predictable power feature 
correlates with and can predict the value of its IO prediction accuracy. This analysis 
is the same as the first analysis except that we replace the average at-rest functional 
controllability within regions O jð Þ

region

I
 with the at-rest functional controllability of 

each predictable power feature O(j), and similarly for the IO prediction accuracy.
Third, among all LFP power features (regardless of predictable or not), we test 

if the value of at-rest functional controllability correlates with the IO prediction 
accuracy with the same method as the one above. Further, among all LFP power 
features, we test if the value of at-rest functional controllability can predict whether 
an LFP power feature will have a predictable response or not. We constructed a 
threshold-based classifier to do this prediction:

IðiÞ ¼ 1; if O ið Þ>σ

IðiÞ ¼ 0; if O ið Þ≤σ

(
; ð22Þ

where IðiÞ ¼ 1
I

 represents a predictable ith LFP power feature and 0 otherwise. 
We swept the threshold σ to obtain the ROC curve of this classifier across all 
LFP power features and calculated its AUC. We evaluate the significance of this 
classifier by comparing its AUC with chance level obtained by random shuffling 
of the indices of O(i) for 1,000 times and calculating the corresponding AUCs. We 
define the P value as the probability that AUC from this chance-level distribution 
would be larger than the actual AUC, and similar to the first analysis above refer 
to this test as the permutation test. This P value was calculated by GPD fitting 
(Supplementary Note 10).

Finally, we further studied if at-rest functional controllability can also predict 
the response strength of the network nodes. To estimate the response strength 
of a network node (that is, one LFP power feature), we used our fitted IO model 
to predict its single-trial input-driven dynamics ŷk

I
 as in equation (6). We then 

computed the response strength S as the logarithm of the average energy in the 
temporal variations of the predicted single-trial input-driven dynamics:

S ¼ log
4
L

XL
4

k¼1

ŷk
� 2

0
@

1
A; ð23Þ

where 
L
4 is the length of the test set. This is indeed the estimate of the logarithm 

of the average energy in the temporal changes of the LFP power features due to 
stimulation. We then averaged the response strength S in equation (23) across  
the four cross-validation folds to obtain the estimated response strength. We  
next repeated our region and single-node correlation analyses by replacing  
the IO prediction accuracy of each power feature with its cross-validated  
response strength.

NLARX model. The NLARX model structure118 models the output LFP power 
feature at each time k as

yk ¼ ϕ0RNa ;Nb þ
XM

m¼1

αmβ
�ðNaþNbNu Þ

2
m ψ

RNa ;Nb � γm
βm

 
; ð24Þ

where RNa ;Nb ¼ yk�1; yk�2; ¼ ; yk�Na
; u0k�1; u

0
k�2; ¼ ; u0k�Nb

h i0
2 R NaþNbNuð Þ ´ 1

I

 
is the regressor vector containing past output LFP power features and input 
stimulation amplitude and frequency, ψ : R NaþNbNuð Þ ´ 1 ! R

I
 is a radial wavelet 

function taken as ψ xð Þ ¼ Na þ NbNu � x0xð Þe�x0x
2 ; x 2 R NaþNbNuð Þ ´ 1

I
 and M is the 

number of wavelets. The model parameters are the linear regression coefficients 
ϕ 2 R NaþNbNuð Þ ´ 1

I
, the wavelet weights αm 2 R;m ¼ 1; 2; ¼ ;M

I
, the nonlinear 

wavelet dilation parameters βm 2 R;m ¼ 1; 2; ¼ ;M
I

 and the nonlinear wavelet 
translation parameters γm 2 R NaþNbNuð Þ ´ 1;m ¼ 1; 2; ¼ ;M

I
. We collect all the 

above parameters as θ ¼ fϕ; αm; βm; γm;m ¼ 1; 2; ¼ ;Mg
I

. The NLARX model 
in equation (24) has three hyperparameters Na, Nb and M, which represent the 
delay of the output included in the regressor, the delay of the input included in the 
regressor and the number of wavelets, respectively. The number of free parameters 
in this NLARX model is Na þ NbNuð Þ þMð2þ Na þ NbNuÞ

I
 (ref. 118). The forward 

predictor associated with this model is

ŷk ¼ ϕ0R̂Na ;Nb þ
XM

m¼1

αmβ
�ðNaþNbNu Þ

2
m ψ

R̂Na ;Nb � γm
βm

 
; ð25Þ

R̂Na ;Nb ¼ ŷk�1; ŷk�2; ¼ ; ŷk�Na
; u0k�1; u

0
k�2; ¼ ;u0k�Nb

h i0
; ð26Þ

with zero initial conditions—that is, 
ŷ0; ŷ�1; ¼ ; ŷ�Naþ1; u

0
0;u

0
�1; ¼ ; u0�Nbþ1

h i0
¼ 0 NaþNbNuð Þ ´ 1

I

. This predictor again 
only uses the values of the past stimulation inputs (uk) for forward prediction of the 
single-trial input-driven dynamics.

We repeated the same cross-validation procedure using the NLARX model 
structure, except that (1) in the training set, we used a specialized fast algorithm118 
to fit the model parameters θ; (2) the hyperparameters Na and Nb were selected 
on the basis of an inner cross-validation within the training set with grid 
Na 2 0; 2; 4; 6; 8; 10; 12; 14; 16; 18; 20f g;Nb 2 2; 4; 6; 8; 10; 12; 14; 16; 18; 20f g
I

, 
where the value 0 for Na represents not including the past values of yk in the model 
of the present yk. The upper bounds of these grids were chosen such that the 
data length is larger than the number of parameters even when the upper bound 
number of parameters is used in any IO dataset; (3) in each inner cross-validation 
within the training set, the number of wavelets M was chosen on the basis of 
minimizing the Akaike information criterion119.

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

data availability
The main data supporting the results in this study are available within the paper 
and its Supplementary Information. The raw and analysed datasets generated 
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Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size We applied our modeling framework to sixteen independent MN stimulation datasets collected in two non-human primates (NHPs) and 
ranging across four different stimulation sites. To demonstrate our modeling framework as an enabling technology, we used two NHPs to 
show its generalization across subjects and we stimulated from four different brain sites to show its generalization across stimulation sites. 
We applied our neural adaptation analyses to additional sixteen independent constant stimulation datasets collected in the same two NHPs 
and ranging across the same four stimulation sites as the MN stimulation datasets. Demonstration in two NHPs is standard for NHP 
electrophysiology studies. For main comparisons made in the main figures, the effect size (Cohen's d) was at least 0.2955, and by assuming a 
normal distribution of data, with the above sample size, the estimated power was at least 0.9946 given a type-I error of 0.05.

Data exclusions No data were excluded from the analyses.

Replication The results of the modeling framework were replicated for all sixteen independent MN stimulation datasets collected in two NHPs and 
ranging across four different stimulation sites. The results of the neural adaptation were replicated for all sixteen independent MN stimulation 
datasets and all sixteen independent constant stimulation datasets. All attempts at replication were successful. 

Randomization Not relevant to the study. There was no group allocation. 

Blinding Not relevant to the study. There was no blinding. 

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Human research participants

Clinical data

Dual use research of concern

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Animals and other organisms
Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research

Laboratory animals Two male rhesus macaques (Macaca mulatta, Monkey A and Monkey M) participated in the study. Monkey A and Monkey M were 16 
and 7 years old, respectively, at the time of experiments.

Wild animals The study did not involve wild animals.

Field-collected samples The study did not involve samples collected from the field. 

Ethics oversight All surgical and experimental procedures were performed in compliance with the National Institute of Health Guide for Care and Use 
of Laboratory Animals and were approved by the New York University Institutional Animal Care and Use Committee.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Magnetic resonance imaging

Experimental design

Design type Not relevant to the study. Structural and diffusion weighted imaging during anesthesia. MRI data was used to visualize 
the brain regions on the 3D reconstructed monkey brains from MRI data.

Design specifications Not relevant to the study. No task/trial involved.

Behavioral performance measures Not relevant to the study. No behaviors involved. Animals were anesthetized with a constant IV infusion of 0.5mg/hr/kg 
of atracurium and 4mg/hr/kg of sufentanil, or isoflourane alone and placed in the scanner in the sphinx position.

Acquisition

Imaging type(s) Structural and diffusion (Siemens Allegra using 3 elements out of a 4-channel phased array from Nova Medical Inc.)

Field strength 3 Tesla 

Sequence & imaging parameters T1-weighted magnetization-prepared rapid acquisition gradient-echo (MPRAGE) sequence (0.6 x 0.6 or 0.5 x 0.5 mm2 
in-plane resolution, slice thickness: 0.6 or 0.5 mm)

Area of acquisition A whole brain scan

Diffusion MRI Used Not used

Parameters We performed multishell high-angular resolution diffusion imaging (HARDI) tractography. We acquired data using 64 gradient 
directions in 1.2 mm2 in-plane resolution (TR = 7000 ms; TE = 110 ms; b-values: 0, 750, 1500, 2250 s/mm2; FOV: 80 x 64 pixels; slices: 
48; slice thickness: 1.2 mm; DWI to b0 ratio 65:1).

Preprocessing

Preprocessing software FSL5.0

Normalization Data were transformed using linear affine transformation in FSL to permit registration across scans within subject and to 
localize recording sites based on individual brain anatomy.

Normalization template A template was not used to transform the data.

Noise and artifact removal To correct for geometric distortions from field inhomogeneities caused by the non-zero off-resonance fields, data were 
collected with reversed phase-encode blips, forming pairs of images with distortions going in opposite directions. From these 
pairs the susceptibility-induced off-resonance field was estimated using FSL’s TOPUP tool and the two images were combined 
into a single corrected image. Eddy currents generated by the 64 gradient directions were subsequently corrected using FSL’s 
eddy tool.

Volume censoring N/A

Statistical modeling & inference

Model type and settings Not relevant to the study

Effect(s) tested Not relevant to the study

Specify type of analysis: Whole brain ROI-based Both

Statistic type for inference
(See Eklund et al. 2016)

Not relevant to the study

Correction Not relevant to the study

Models & analysis

n/a Involved in the study
Functional and/or effective connectivity

Graph analysis

Multivariate modeling or predictive analysis
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