Long-term Intracortical Neural activity and Kinematics (LINK): An intracortical neural
dataset for chronic brain-machine interfaces, neuroscience, and machine learning
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Introduction

e Intracortical brain-machine
interfaces limited by signal
instability requiring frequent
recalibration [1]

e Approaches include recalibrating
decoders or aligning neural data
[2, 3].

e Few datasets for benchmarking
these methods on long time
scales [4]

Dataset overview

e Rhesus macaque performed 2-DOF, trial-based
individuated finger movement task.

e LINK contains: 312 sessions on 303 days, spanning 1,242
total days (~3.5 years).

e In each session: 375 trials per session, 96 neural
channels preprocessed into 2 neural features, position
and velocity for both DOF. 20ms bin size. 117,000 total
trials. Each session is one of two task variations.

e Data hosted on DANDI, each session is a separate .nwb
(Neurodata without Borders) file.
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Top Left: Experimental Setup/Behavioral Task. Monkey N performed a 2-degree-of-freedom (DOF) trial-based
finger movement task, moving two finger, index and middle-ring-small in a custom manipulandum (with flex
sensors for motion tracking) to acquire spherical targets presented on a screen. Monkey N received a juice
reward upon successfully acquiring targets. Top Right: Monkey N was implanted with 3 Utah arrays. Neural
data in the LINK dataset comes from 96 channels highlighted in the figure, from the hand area of the
precentral gyrus/motor cortex. Bottom Left: Neural data in the LINK dataset was preprocessed into 2 neural
features, spiking-band power (SBP) and threshold crossing rate (TCR), and pre-binned into 20ms timepoints.
Bottom Right: Targets for contiguous sets of trials (dubbed sessions) were presented in one of two task
variations, ‘center out’ (CO), where every other trial is a return to a resting position, and ‘random targets’ (RD),
where targets are selected pseudo-randomly. In all cases, split targets were limited to 50% of the total
movement range for comfort.

Trials available and behavior

Data characterization

Shifts in neural data over time
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Top: Histogram of trial availability across the dataset. Bins are a week long. Bottom:
Average performance on behavioral trial. Each point on the line is the average throughput
(Fitt's Law) in bits/s across all trials from one day.

in red. Middle: Number of active channels (defined as channels with avg. TCR > 1
Hz across a session). Top: Participation ratio [5] (analog for dimensionality) of the
SBP of active channels over the dataset. Best-fit line shown in red.
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Left: SBP data from all sessions was concatenated and projected into a full-data PCA space. Timepoints were grouped and averaged by session (small dots) and by quarter of a year

(large dots) and plotted in top-3 PC space, shown above. SD of per-quarter groups are shown using the shaded ellipsoids. Right: SBP data from center-out sessions were projected into
within session PC spaces. Trials starting from ‘rest’ were grouped by movement direction and by year, aligned by movement onset, and averaged in PC space. The resulting average neural

dynamics are plotted above, with color indicating movement direction.
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Top Left: Toy example of preferred tuning for a single neural channel. Preferred tuning was measured
by stacking the coefficients of linear regressions to each degree of freedom, for a single neural channel
(in a single single) Bottom Left: Example tunings for two channels across the whole dataset. Each dot
is a tuning measurement for one session, with color indicating the day. Black bars show the median and
IGR of tuning across the dataset (circular for tuning angle) Middle: Tuning angles and strengths for
each channel on each session, presented as two heatmaps. Right: Median and IQR of tunings a cross
dataset for each channel, split into 32 channel groups. Circular median and IQR used for angles.
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Decoding accuracies over time

Decoder accuracies over time
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Top: Within each session, a Ridge Regression (RR) and a long short-term memory RNN (LSTM) were trained to predict behavior
from neural data using 300 trials and evaluated on 75 trial holdouts. Prediction accuracy was measured using R?, averaged across
DOFS (position and velocity). The two lines smooth the performances for visual clarity. Bottom Left: R?for each DOF across the
dataset, for each decoder. Dots show real performance, lines are smoothed for clarity. Bottom Right: All decoders were then
tested on the holdout sets for all sessions, and average performance was labelled by the relative amount of time since the training
session. Performances were averaged by relative day and plotted here. Shaded areas are +/- SE.
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Left: LSTMs were trained on 300 trials from between 1-5 successive datasets, and tested on the holdouts of subseuent datasets.
We once again averaged by relative day from the latest dataset included in the training data. Line color indicates the number of
sessionused for training. We observed that decoding per appeared to folow an exponential decay, so we fit double-exponentials
to the 1- and 5-session performances, shown in the black and red lines, respectively. Shaded areas are +/- SE. Right: Here, LSTMs
pre-trained on single sessions, and fine-tuned on limited amounts of data on all datasets up to the relative day on the plot. Here,
20 seed days were used as the initial single sessions. LSTMs were fine tuned on varying amounts of data, as indicated by the line
colors. PErformance seems to increase over the dataset (after an initial drop, in some cases), likely because LSTMs were
fine-tuned on all subsequent datasets leading to the relative day on the plot.
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