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Intracortical brain-computer interfaces (iBCls) enable people with tetraplegia to gain intuitive cursor
control from movement intentions. To translate to practical use, iBCls should provide reliable
performance for extended periods of time. However, performance begins to degrade as the

relationship between kinematic intention and recorded neural activity shifts compared to when the
decoder was initially trained. In addition to developing decoders to better handle long-term instability,
identifying when to recalibrate will also optimize performance. We propose a method, “MINDFUL”, to
measure instabilities in neural data for useful long-term iBCI, without needing labels of user intentions.
Longitudinal data were analyzed from two BrainGate2 participants with tetraplegia as they used fixed
decoders to control a computer cursor spanning 142 days and 28 days, respectively. We demonstrate
a measure of instability that correlates with changes in closed-loop cursor performance solely based
on the recorded neural activity (Pearsonr = 0.93 and 0.72, respectively). This result suggests a strategy
to infer online iBCI performance from neural data alone and to determine when recalibration should

take place for practical long-term use.

Intracortical brain-computer interfaces (iBCIs) have enabled people with
tetraplegia to control external devices by decoding movement intentions
from neural recordings'”. iBCIs can also restore communication by pro-
viding rapid point-and-click cursor control for applications such as typing,
web browsing and navigating apps on a tablet*", and can enable speech-to-
text decoding for people with severe dysarthria'’. Decoders are typically
trained during explicit calibration epochs that allow for simultaneous col-
lection of recorded neural signals during instructed motor intentions™*™"".
After training, decoding performance varies over time because of complex
biological and device-related instabilities that are not fully understood'*".
Persistent periods of decreased performance are commonly observed with

existing decoding paradigms and remain one of the challenges that hinders
wider adoption of iBClIs for people with paralysis'*'**. Restoration of good
control after performance has degraded often requires the user to repeat a
calibration task to retrain the decoder™’. Reducing the frequency and
duration of explicit recalibration tasks are important for improving the
utility of iBCISs. A step in this direction would be a method that can monitor
performance and automatically determine when recalibration or other
measures are necessary.

Here, we show that decoding performance on timescales of tens of
seconds can be estimated from the same recorded neural signal used for
motor decoding. The foundational principle is that persistent changes in
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performance likely result from statistical changes in the recorded neural
signals. Measures of such statistical changes might then be a good surrogate
for measures of performance changes. We call this approach “MINDFUL”
(measuring instabilities in Neural data for useful long-term iBCI). More
specifically, given a target period for which average decoding performance is
unknown, we calculate a statistical distance between the distribution of
neural activity patterns during the target period and a similar distribution
collected when performance was known to be good (such as when the
decoder was first trained), as illustrated in Fig. 1a. The MINDFUL score
obtained using Kullback-Leibler divergence (KLD) to compare neural
activity patterns was found to correlate with decoding performance.
Changes in decoding performance can be attributed to many types
of variability in the recorded neural signals. BCI decoding algorithms
typically model rapid fluctuations in neural features (on timescales of
tens of milliseconds) that have no apparent correlation with motor
intention as stochastic noise. Noise is a useful explanation for why
decoding performance changes from instant to instant, but it generally
does not account for persistent changes in (average) decoding perfor-
mance that last seconds or more. We ascribe such persistent changes to
model drift, which we define as changes in the relationship between
recorded neural signals and motor intention. Nonstationarity, feature
shift, and dataset shift are terms that have been used synonymously in the
literature for this type of phenomenon, but they sometimes refer to any
changes in the recorded signals rather than changes in the signal-decoder
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Fig. 1 | MINDFUL score correlates with performance over time. a Illustration of
how the MINDFUL metric is calculated. Each dot symbolizes neural features at a
given time bin in any given session, colored by whether the time bin is included for
estimating the reference distribution (yellow), or for comparison (blue), or neither
(gray). The difference in distributions is quantified by Kullback-Leibler divergence
(KLD) between the reference distribution, p, and the comparison distribution, p;.
b Binned samples of neural features were grouped according to decoder performance
in terms of angle error (AE), including data from all sessions. A total of 45 different
distributions were generated, with AE increasing in 4° intervals from 0° to 180°. Bins
with low AE (<4°) were chosen as the reference distribution, and compared against
the other 44 for T11 (left panel) and T5 (right panel). The dotted line which
represents the best linear regression fit, along with the Pearson correlation coeffi-
cients, r, is shown. ¢ The reference distribution was estimated from neural features

relationship™ . Model drift can be attributed to various factors such as
changes in action potential waveforms'*’"*, neural tuning profiles” ™,
cognitive strategy or plasticity due to learning’ ™, material degradation
and tissue responses to the recording device™, and array micro-
movements*. The type and magnitude of model drift result in various
forms of performance degradation'’, sometimes necessitating decoder
recalibration to restore control. Existing solutions to reduce the need for
recalibration tasks include adaptive decoders that require shorter reca-
libration sessions to maintain or restore stable performance™*", self-
supervised recalibration using retrospective labeling that avoids explicit
recalibration sessions”**”***!, and robust decoders that experience less
model drift by extracting stable, time-invariant features from high-
dimensional recordings”***”" or by adaptively adjusting decoder
parameters'>”,

The model drift that influences performance is necessarily a property of
the joint distribution of recorded neural signals and motor intention. It is not
a priori clear, however, that model drift related to performance can be
meaningfully identified from the recorded neural signals alone, which is
what MINDFUL attempts to capture. MINDFUL differs from previously
studied statistical tests for model drift that additionally require knowledge of
movement intention’**. Since true movement intention is often una-
vailable in iBCI applications where people with paralysis control an external
device without being cued to acquire targets (e.g., a cursor on a tablet
computer being used to send an email*), an approach like MINDFUL based
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(NF) time bins where AE < 4°, limited to day 0 where the decoder was first deployed
for T11, and day 0 and 5 for T5. For subsequent sessions, neural distributions for
comparison were constructed using an overlapping sliding window of 60 s at 1's
intervals. The KLD (right y-axis) is overlaid onto median AE calculated from the
same sliding window (left y-axis in blue) across all recorded sessions for T11 (left
panel) and T5 (right panel). Gray lines indicate the beginning of the sessions.
Pearson and Spearman rank correlation, r and p, respectively, quantify the rela-
tionship between the KLD and median AE. Insets present examples of cursor control
of the task in the first and last session. For T11, cursor trajectories for all trials during
a 5-min block are shown. Each color represents a peripheral target in a center-out-
and-back task. For T5, cursor trajectories of the first 20 trials of a block are shown,
along with the corresponding target presented at a random location on the screen in
each trial.
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only on the (marginal) distribution of recorded neural activity is much more
widely applicable.

Here, we present and validate an approach to predict closed-loop
decoding performance without the knowledge of true movement intention.
MINDFUL was applied on longitudinal datasets where performance
changed over long time periods as two people with tetraplegia, designated as
T11 and T5, were using an iBCI. Each participant used an iBCI to control a
computer cursor to perform target acquisition tasks on a screen. Target
acquisition tasks permit observation of (presumed) motor intention and,
hence, can be used to directly measure decoding performance. The kine-
matic decoder used by each participant was held fixed across all sessions so
that persistent changes in performance could be ascribed to model drift and
not to changes associated with the decoder. Briefly, MINDFUL represents
changes in neural distributions relative to a reference distribution where the
decoder was initially applied. MINDFUL is based solely on the recorded
neural activity, without requiring information about the target locations.
The resulting MINDFUL score was highly correlated with changes in
closed-loop cursor performance over time.

Results

Fixed decoders result in initially stable and then unstable per-
formance across months

To first establish a baseline for decoder performance, we deployed fixed
decoders”" for the purpose of identifying, over a comparatively long per-
iod, how neural instabilities may lead to deteriorating control. Data were
collected from 15 research sessions, each from a separate day that spanned
across 142 days, of T11 performing a center-out-and-back task using a fixed
RNN (recurrent neural network) decoder, as previously described”™ (see
“Methods”). As part of another study”’, T5 performed a random-target task
for six sessions spanning 28 days using a fixed linear decoder (see “Meth-
ods”). To quantify closed-loop cursor performance, angle error (AE)
between the inferred intended directional vector (cursor-to-target position)
and the decoded velocity vector was used (see “Methods”). AE is a valuable
metric for capturing performance as it is sensitive to instantaneous cursor
direction change, and can be averaged across any range of time. T11
achieved stable, high-performance online cursor control for the first three
months. The median AE per trial for T11 for sessions during the first three
months was lower than later sessions on average (trial day 658-751:
26.8°+ 22.6% trial day 758-800: 88.4° +46.1% p <0.001; Wilcoxon rank
sum). For T5, the first three sessions demonstrated lower AE than the later
three sessions (trial day 2121-2128: 39.6° +23.9°% trial day 2133-2149:
58.8° + 31.7°% p < 0.001, Wilcoxon rank sum). Brief recovery from a decrease
in performance was observed in both participants (93 days after the initial
session for T11 and 28 days after the initial session for T5), indicating fixed
decoders may not necessarily result in a steady decline in cursor control over
time (Supplementary Fig. 1).

Comparing distributions of neural activity patterns

MINDFUL is based on comparing the distribution of recorded neural
activity patterns in a target dataset (usually with unknown decoding per-
formance) to a similar distribution in a reference dataset (usually with
known and good decoding performance). Figure 1a provides an illustration.
The choice of neural features and measures of statistical dissimilarity are
important for practical use. Here we used a measure of statistical dissim-
ilarity based on the well-known Kullback-Leibler divergence (KLD). In
principle, other measures of dissimilarity could be used (see “Methods”).
Neural features were all derived from the inputs to the kinematic decoder:
threshold-crossing spike rate and spike power for T11, and spike rate only
for T5, extracted in 20 ms non-overlapping bins (see “Methods”).

Statistical distance between neural activity patterns correlates
with performance

Having established datasets where fixed decoders result in periods of both
stable and fluctuating closed-loop performance, we first investigated the
underlying premise of MINDFUL that the distribution of neural activity

patterns varies systematically with decoder performance. First, neural fea-
tures pooled from all sessions were categorized into groups based on per-
formance in terms of instantaneous (20 ms) AE. KLD was computed to
assess the differences in neural feature distribution at instances with low AE
(<4°) to other distributions at instances with varying levels of AE (see
“Methods”). For both participants, the relationship between the KLD and
performance was found to be remarkably linear and strongly correlated
(T11: Pearson r=0.985, p< 107>} T5: Pearson r=0.983, p< 107"} see
Fig. 1b). Neural feature distributions at instances with low AE demonstrated
high similarity (lower KLD) to the reference distribution of neural features
at instances with low AE, and the KLD increased linearly as the compared
neural feature distributions were drawn from instances with larger AE.

This is a proof-of-concept that statistical distance between distribu-
tions of neural activity patterns can correlate strongly with decoding per-
formance. It does not, however, provide a measure of performance that
would be useful in a clinical setting for detecting persistent changes in
decoding performance that might arise from model drift. Instantaneous AE
must be known a priori to define the collections of neural features that are
compared in each point in Fig. 1b and MINDFUL is designed to be used
in situations where AE is not known, at least not for the target distribution.
Moreover, AE can be a result of noise (transient variability) or model drift
(persistent changes), or both. Figure 1b does not distinguish among these
even though model drift is the phenomenon of interest here. The linear
relationship observed in Fig. 1b can be recreated in simulation using noise or
using model drift or using both (see Supplementary Fig. 2).

MINDFUL correlates with decoding performance

Towards developing a predictor of decoder performance based on neural
activity for online applications, we define a measure called the MINDFUL
score to study the effect of drifts that persist over timescales relevant to
continuous iBCI use. Using the same concept as illustrated in Fig. 1a, but
instead of grouping by AE as in Fig. 1b, neural feature distributions were
estimated from collections of time bins aggregated using a 60-s sliding
window, regardless of the performance during that window. The reference
distribution is also estimated from instances of low AE as in Fig. 1b, but it is
sub-selected from only the initial session(s) when the decoder is first
deployed. As time progresses, we update the MINDFUL score which is
based on the KLD between the reference distribution and the subsequent
neural feature distributions from the sliding window (see “Methods”). To
validate this method, the MINDFUL score is correlated against the median
AE calculated in the same 60-s sliding intervals as in estimating the neural
distributions. Strong correlations were found between the MINDFUL score
and the median AE across sessions, especially for T11 (see Fig. lc. T11:
Pearson r=0.91, p<0.001; Spearman p=0.90, p<0.001; T5: Pearson
r=0.59, p<0.001; Spearman p=0.60, p<0.001; see “Methods”). This
suggests that MINDFUL can be a viable measure for tracking performance
in real-time, as the statistical properties of neural features aggregated over a
longer timescale window reflect information about how the decoder per-
formance drifts over time without needing to know performance.

Correlation to performance increases by combining neural features
and decoder outputs. The neural features (NF) in Fig. 1b, c were derived
from principal components analysis (PCA; see “Methods”) and need not
reflect the sources of variability most predictive of decoder performance.
Using features more closely related to the decoder output might
strengthen the relationship between the MINDFUL score and AE. One
such feature is the output from the decoder itself—in this case, the pre-
dicted 2-dimensional velocity vector, X. Note that X alone cannot be used
to define AE. It is the relationship between X and the true intended
direction that defines AE. Nevertheless, changes in the distribution of X
over a time interval may reflect changes in decoder performance. Same as
Fig. 1c, reference distribution was estimated from sub-selected time bins
of low AE from initial session(s), and target distributions were estimated
from a 60-s sliding window. Except we used features from X instead of
NE. Using only the 2-dimensional feature X showed reduced correlations
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Fig. 2 | Incorporating decoder outputs in the MINDFUL score maintains a high
correlation with performance. a The KLD (right y-axis) between distributions of
decoded directional vectors, X, with respect to the sub-selected time bins from

the first session(s) overlaid onto median AE (left y-axis in blue) across all recorded
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and median AE were updated every 1s over a 60-s sliding window. Pearson r, and
Spearman rank correlation coefficients p, between KLD and median AE are shown.
b The KLD between distributions of X and X lag Overlaid onto median AE. ¢ The KLD
between distributions of the combination of derived neural features (as shown in
Fig. 1¢), decoded directional vectors, X, and X, lag> Overlaid onto median AE.

between the MINDFUL score and AE than from just NF for T11, but
increased for T5 (Fig. 2a. T11: Pearson r = 0.464, p < 0.001; Spearman
p=0.407,p <0.001; T5: Pearson r = 0.704, p < 0.001; Spearman p = 0.763,
p<0.001). When using the 4-dimensional feature created by con-
catenating X and X, lag» Where X lag comes from the previous time bin of X
(20 ms earlier), there was an increased correlation to AE for both T11 and
T5 (Fig. 2b. T11: Pearson r=0.819, p<0.001; Spearman p = 0.840,
p<0.001; T5: Pearson r=0.702, p<0.001; Spearman p=0.765,
P <0.001). Lastly, the combination of inputs and outputs of the decoder,
i.e. the low-dimensional NF, X, and X lag Tesulted in the highest correla-
tion between KLD and AE for both participants (Fig. 2c. T11: Pearson
r=10.926,p < 0.001, Spearman p = 0.913, p < 0.001, T5: Pearson r = 0.719,
P <0.001, Spearman p = 0.759, p < 0.001).

The MINDFUL score reflects changes in feature tuning. We next
investigated the types of changes in neural data captured by the
MINDFUL score. Changes in directional tuning have been shown to
reduce performance in both online and offline BCI studies'”'>'**.
Directional tuning was quantified by fitting a cosine function to nor-
malized neural features to obtain estimates of preferred direction (PD)
and modulation depth (MD)*™*~". 154 out of 384 features and 85 out of
192 features, for T11 and T5 respectively, had significant directional
tuning for at least half of all recording sessions (F-test, p <0.05, see
“Methods”). Changes in tuning in these features were tracked over time
(see “Methods”). (Here we focused on the tuning of individual features,
but we also used a different approach to show that changes in the

conditional distribution of population activity given motor intention are
statistically significant; see Supplementary Fig. 3.)

Tuning properties shifted gradually for the majority of features in T11
(Fig. 3a, b). 125 out of 151 tuned features exhibited significant change in
both MD and PD” in at least one session (see “Methods”). Fitted tuning
curves across sessions for two example features illustrated changes in
modulation depth and modulation lost, respectively for T11 (Fig. 3c). The
average change in PD across these features was larger on days where per-
formance was worse (day 7-93: 46.8° + 31.2% day 100-142: 62.4° £ 34.3%
p <1077 Wilcoxon rank sum). The average absolute change in MD in later
sessions was also found to be significantly larger (day 7-93: 0.107 + 0.067;
day 100-142: 0.159 + 0.129; p < 10~%, Wilcoxon rank sum).

Similar to T11, gradual changes in T5’s tuning properties were also
observed (Fig. 3d, e). Some features illustrated changes in either MD or PD,
or both (Fig. 3f). 71 out of 85 tuned features exhibited significant change in
both MD and PD in at least one session. The average change in PD across
these features was larger on days where performance was worse (day 12 and
14: 69.9° £ 40.7°% day 5, 7, and 28: 58.1° + 36.6°% p = 0.0346, Wilcoxon rank
sum). Average absolute change in MD was not found to be significant (day
12 and 14:0.147 £ 0.099; day 5, 7, and 28: 0.139 + 0.093; p = 0.664, Wilcoxon
rank sum).

To quantify the changes in encoding on a population level, we use
tuning maps™”, defined by matrices of fitted tuning parameters of sig-
nificantly tuned features on each session. Tuning similarity between days
was assessed by calculating the correlation between the corresponding
tuning maps (see “Methods”). In general, nearby sessions in time with
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Fig. 3| Changes in feature tunings across sessions correlate with KLD. a Changes
in preferred directions (PD) and b modulation depth (MD) of significantly tuned
features used in the decoder (relative to the tuning of the first day for which the
feature was significantly tuned) for T11. Features were ordered by hierarchical
clustering to visualize groups of features with similar tuning changes behavior (see
“Methods”). Gray color indicates features that were not significantly tuned in that
session. € Fitted cosine tuning curves for sample units across days for T11 illus-
trating changes in MD and channel dropout, respectively (color curves); Triangle
markers denote PDs for sessions with significant tuning. d Changes in cosine tuning
PD and e MD for significantly tuned features used in the decoder for T5. f Fitted

cosine tuning curves for sample units across days of T5 illustrating changes in MD
and PD, respectively. g T11 Tuning similarity across days represented by inter-
polated Pearson correlations between pairs of tuning maps (see “Methods”). h T5
tuning similarity across session days. i T11 mean KLD of neural distributions
between sessions negatively correlates with the tuning similarity (Pearson
r=—0.812, p< 107, see “Methods”). Each dot corresponds to a pair of sessions
with the color indicating the number of days apart. j T5 mean KLD of neural
distributions between days negatively correlates with the tuning similarity (Pearson
r=—0.776, p<107*).

similar performance were more correlated. For T11, tuning maps among
early sessions (up to day 93) with high performance were highly correlated,
as well as among later sessions with low performance, but not across these
two epochs (Fig. 3g). For T5, sessions that were closer together in time (along
the diagonal) had higher correlation than those further apart (Fig. 3h). These
results suggest that model drift (tuning changes) occurred across sessions.
We were thus interested in determining how the MINDFUL score reflects
changes in tuning similarity. To compare tuning similarity between ses-
sions, we obtain a mean KLD between each pair of sessions. Instead of fixing
a reference distribution, pairwise KLDs of neural features between sessions
were calculated using a sliding window of 60's updating every 10s (see
“Methods”). The KLDs from the same session were averaged to get a mean
of the neural distribution difference between pairs of sessions.

For T11, pairs of sessions closer in time had smaller distribution shifts in
terms of mean KLD, while pairs of sessions further from each other in time
had larger distribution shifts, which consequently strongly correlated with

tuning similarity (Pearson r=—0.812, p <10, Fig. 3i). For T5, the same
trend was observed, except for the pairs of sessions which compared the first
three sessions to the last session where cursor control had recovered (dots in
blue shades). The correlation between the mean KLD and tuning similarity
was also strong and significant (r = —0.776, p < 107*, Fig. 3j). Together, these
findings suggested that the MINDFUL score using KLD captures day-to-day
changes in directional tuning, even though the metric can be calculated
without information reflecting target position or movement intentions.

The MINDFUL score captures low-dimensional neural latent
space drifts. We further investigated how MINDFUL relates to the
changes in the low-dimensional neural latent space using demixed
principal component analysis™. The top two direction-dependent prin-
cipal components (PCs) on the neural population from decoder day 0
were calculated to compare changes across sessions by projecting the
neural population from subsequent sessions on this PC space (see
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Fig. 4| Instability re ected in neural latent space. a Projection of neural features of
subsequent sessions onto the top two task-dependent PCs latent space of neural
features on decoder day 0 using dPCA. Fine lines are trial trajectories and bold lines
are trial averages per goal directions. Different colors correspond to the goal

direction. b Projection of neural features for T5. For comparison simplicity, the
random-target task was visualized and colored by discretizing the goal directions of
each trial into eight even movement directions as in a center-out-and-back task.

“Methods”). The average neural trajectories per target directions became
less distinct as the session days progressed, reflecting changes in the
underlying population activity over time consistent with the decline in
task performance (see Fig. 4). The amount of direction-related neural
activity in each session was quantified by the variance accounted for
(VAF) by the top two direction-dependent components on the subspace
of day 0. For T11, the VAF was initially 50.0% on day 0 and remained
above 20% on days in which clear separation of target trajectories was
observed. As the decoder performance declined, the VAF dropped to
4.4% on decoder day 142 (Fig. 4a). This change in neural representation
in low-dimensional space is strongly and significantly correlated to the
mean KLD per session (Pearson r=—0.892, p < 107°). The mean KLD
between day 0 and other sessions is calculated the same way as the mean
KLD in the previous section (averaged KLDs using a sliding window of
60 s updating every 10 s, see “Methods”). For T5, VAF was initially 42.2%
on day 0, and subsequently dropped to 2.9% and recovered to 11.3% on
the last session (Fig. 4b). There was also a strong and significant corre-
lation between the top 2 VAF and mean KLD (Pearson r=—0.858,
p=0.0029).

In addition to correlating with model drift in neural data, MINDFUL
was found to detect large momentary deviations in the signal, likely

attributable to device-related reasons such as signal transmission errors’.
The sharp spikes in both KLD and median AE in T11 neural data (Fig. 2)
correspond to time bins during outlier trials (see Supplementary Fig. 4).
Outlier trials were defined as having more than a 5% drop of wireless neural
data packets or large “neural” responses greater than 8 standard deviations
from the mean. Furthermore, when excluding these trials, the MINDFUL
score was still highly correlated to the median AE (see Supplementary
Fig. 5). This suggests that our method is capable of tracking both model drift
over time, as well as short timescale technical-related variability. Although
instantaneous events are less relevant for decoder recalibration, a method to
capture these events may prove useful in other iBCI troubleshooting with
both the current and future fully implanted systems.

Selecting reference and window length further optimize correlation.
We explored the role of sub-selecting time bins with different AE ranges
as the reference in the MINDFUL pipeline. When limiting the reference
to the collection of time bins with low AE only (0-4°) as shown in
Figs. 1c and 2, there are strong correlations between the KLD of derived
neural features (NF + X + X lag) to AE. Tt was higher than when usingall-
time bins of any cursor control quality for both participants (see Fig. 5a).
This also held true when taking other combinations of derived neural
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Fig. 5 | Sub-selecting instances of low AE for reference and using longer window
length improve correlation between MINDFUL and AE. a Spearman correlation
coefficients of KLD of NF, X, and X lag> 10 AE when sub-selecting time bins with
different quantiles of AE as the reference. Each quantile approximately contains an
even number of observations. b Spearman correlation coefficients of KLD to AE
when using different window lengths to estimate target distributions.

features into calculating KLD (Supplementary Table 1). In addition, sub-
selecting instances with high AE (50°-100°, 100°-180°) as the reference
distribution reduced the KLD-AE correlation for both participants,
especially in T5.

Another important consideration for improving the correlation
between MINDFUL and performance is the duration of neural data
required to obtain a reasonable representation of neural distribution. Since
neural activity recorded in the precentral gyrus modulates with the direction
of intended movement, too small of a window length may reflect task-
dependent differences in reaching different directions, rather than a per-
sistent model drift that affects cursor control regardless of trial direction. A
longer window length can avoid this issue when directional distribution
differences are averaged out over a longer period. However, the KLD would
be smoothed out if the window length is too long, resulting in a larger delay
to detect the need to update the decoder. To balance between accuracy and
efficiency for online implementation, the optimal duration was empirically
determined to be atleast 60 s (Fig. 5b), where the KLD-AE correlation began
to plateau, and longer windows did not offer a higher correlation. Using a
60-s window to estimate neural distributions provides a sufficiently large
number of samples to average out directional-dependent differences due to
variations in trial-to-trial movement directions.

MINDFUL is robust to the reference task. We repeated the analysis of
tracking the correlation of MINDFUL to performance (see Fig. 2¢) for
T11 except we used reference data collected during different tasks. The

comparison data collected during center-out-and-back tasks remains the
same as in Fig. 2c. Since the relationship between neural activity and
movement can be context and task-dependent®”®, it is unclear to what
degree the reference and comparison tasks must be matched for
MINDFUL to correlate well to performance. MINDFUL is likely to be
most useful in practice if it is robust across tasks and contexts. Collecting
reference data from a different task was not part of our original experi-
mental design, but for T11 the appropriate data was collected for other
purposes. In addition to the center-out-and-back task, T11 used the same
fixed decoder for random-target tasks (day 7), analogous to T5’s task
described above, and during personal iBCI use (i.e., browsing the web;
day 0; see “Methods”). Despite different cursor tasks being used as the
reference from the target distributions, MINDFUL still correlates highly
to performance, even without the help of subsampling based on AE (see
Fig. 6b, c). This is also true when all three types of tasks were combined
together to estimate the reference distribution (mixed tasks, see Fig. 6d).
The range of KLD is slightly higher for the random-target task, and lower
for personal use and mixed tasks. This suggests that MINDFUL might be
robust to cursor task changes for reference.

Discussion

Apparent model drift during chronic iBCI use—resulting from changes in
the information encoded in neural ensembles, changes in the recorded
neural elements themselves, or changes in the recording devices—is one of
the major challenges for developing decoders that will provide stable,
accurate cursor control for long-term use by people with paralysis. Existing
solutions to mitigate more substantial model drift have limitations. Explicit
recalibration comes at the expense of interrupting the user in the midst of
iBCI use to collect additional data for decoder training. While background
recalibration using self-supervised machine learning algorithms doesn’t
require the user to perform daily repetition of a task, it relies on stable online
performance for effective pseudo-labeling. Currently, one cannot predict
accurately the moment at which the decoder may fail to sustain performance
and thus require a supervised recalibration. Similarly, robust algorithms
reduce the need for frequent retraining but may require retraining of the
model de novo. MINDFUL fills in the gap in the development of a better
decoder recalibration strategy for practical everyday use by identifying,
quantifying, and monitoring the degree of neural recording instability that
contributes to the degradation of real-time decoder performance.

The MINDFUL score, which is based on measuring the
Kullback-Leibler divergence (KLD) between distributions of neural fea-
tures, reflects online performance without the need to incorporate knowl-
edge of intended targets. In two participants, the MINDFUL score was
strongly correlated to online angle error during iBCI cursor control across
session days spanning up to four months (T11) or one month (T5). With the
goal of translating this method to an online setting for the purpose of
personal iBCI use, the MINDFUL score can reflect performance accurately
for different cursor tasks examined in different participants (Fig. 2).
Importantly, the MINDFUL score is consistent with tuning and latent space
changes which cannot be directly measured without information about
movement intention. This suggests that the MINDFUL score provides an
intrinsic measure to track model drift affecting decoder performance during
long-term iBCI use.

Our study confirmed the well-acknowledged observation that model
drift can impact online performance when the decoder cannot accom-
modate neural changes over long-term iBCI use. Model drift was quantified
by tracking changes in tuning and latent space representations of neural
population activity across sessions. The MINDFUL score was found to be
highly correlated with both of these measures. It should be noted that our
method did not track mean firing rate shifts which are known to correlate
with declines in decoder performance”. In our datasets, adaptive mean
corrections such as z-scoring or bias correction were applied to the neural
features during online cursor control to combat this type of model drift (see
“Methods”). Therefore, performance drops observed in this dataset were
largely due to other types of model drift. The MINDFUL score, which
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MINDFUL score to track model drift during closed-loop iBCI
control

MINDFUL quantifies the neural distribution shifts over time relative to a
historical reference distribution. We use KLD as described above and
experiment with different choices of derived neural features and reference
and comparison time bins. The reference time bins are restricted to the first
session when the decoder was first deployed for T11, and the first two
sessions for T’5 (the first session is shorter than the others; see supplementary
Fig. 6 for KLD using only the first session for reference). We additionally
restricted the reference time bins to those with AE < 4° in Figs. 1¢, 2, 5b. We
varied this AE threshold for inclusion in the reference data in Fig. 5a. In all of
these figures the PCA-reference data is the same as the reference data. In
Figs. 1¢, 2, 5a, the comparison data consists of all time bins in a 60-s interval.
In Fig. 5b, we varied the length of the comparison data interval. In all of these
figures, the comparison data interval is shifted in increments of 1s to
investigate how the MINDFUL score varies over time. In Fig. 1, the derived
neural features are the top M = 5 PCs. In Fig. 2a, the derived features are the
2-dimensional decoder output X. In Fig. 2b, the derived features are
4-dimensional and consist of X and the 2-dimensional decoder output from
the previous time step X, 1ag- I Figs. 2cand 5, the derived features are X, X, lag>
and the top M =5 PCs, for a total of 9 dimensions. Supplementary table 1
shows results with additional choices of the derived features (no z-score,
M =10, or no PCA).

MINDFUL robustness to reference data across tasks

In Fig. 6, we repeated the process of calculating MINDFUL as in Fig. 2¢
except using different task data to estimate the reference distribution.
Additionally, no subsampling based on AE was applied for the reference, as
the ground-truth performance is not available during personal use (no
target was cued and therefore performance metrics are not readily available).
Approximately 16 min of personal use and 10 min of random-target tasks
were included for reference. The target distributions were still estimated
from a 60-s sliding window during the center-out-and-back task in sub-
sequent sessions. Thus, median AEs calculated over time bins of these target
distributions remain the same as Fig. 2¢ in this analysis.

Cosine tuning

We fit cosine tuning curves to estimate the tuning properties per feature
per session. Cosine tuning has been used to describe the relationship
between the neuronal firing rate to movement directions, and it forms a
basis for using a linear decoder for neural decoding”. In a cosine model
y = by + by cos 6 + b, sin 6, y, the firing rate of a neuron, is regressed on 0,
the movement direction. by, by, b, are regression coefficients that can be
estimated with least squares unbiased estimators. The model can also be

expressed equivalently as y = b, + acos(6 — 6,), where a = \/ b} + b

representing the modulation depth (MD) of the cosine curve. and 6,
representing the preferred direction (PD) where the largest firing rates are
recorded. It is noted that since features in this study were z-scored, the bias
term b, is closed to zero, and is therefore omitted in the calculation of
modulation depth. Tuning parameters were estimated from 20 ms-binned
features from the first second after the go-cue of non-outlier trials (offset by
160 ms reaction time) to capture neural activity associated with reach
initiations. Feature tunings are considered significant if the F-test on the
regression model has a p-value < 0.05. See Supplementary Fig. 7 for the
estimated tuning and the empirical firing rate of example features.

Changes in MD and PD

For each feature on each day, change in MD was calculated by
AMD = MD — MD,, and change in PD was calculated by
|APD| = min(360°— [PD — PD,¢|, |[PD — PD,¢|), where MD,; and
PD, refer to the tuning of the first day for which the feature was sig-
nificantly tuned. The CircStat toolbox was used’’. Only features that have
significant directional tuning for more than half of all sessions were con-
sidered in the tuning map described below. (For all features including the

non-significantly tuned, see Supplementary Fig. 8). Significance of tuning
change was assessed by bootstrapping samples of PD (or MD) to obtain a
distribution of AMD and APD**. If the 95% confidence interval for the
difference distribution does not contain 0, then we reject the null hypothesis
at the 5% significance level™. To visualize the patterns of tuning changes, the
features were ordered by their tuning parameters using hierarchical clus-
tering on Matlab. Euclidean distance was used to estimate the similarity of
standardized AMD and APD from all sessions between two features, and
ward linkage was applied to arrange the order of the clusters. The same
ordering was used in the heatmap of AMD and APD for the same
participant.

Changes in tuning map

We quantified changes in directional tuning on a population level by
comparing tuning maps over recorded sessions. A tuning map on each
session is a 3 x N matrix comprising the fitted tuning curve parameters, by,
by, by, of N number of features with significant tuning on that day. Pairwise
Pearson correlations of maps were performed to assess the similarity of
tuning across sessions. In a pair of daily tuning maps, only features that were
significant on both maps were considered to calculate the correlation. This
pairwise correlation was plotted in a heatmap which was interpolated to
account for the irregular number of days apart between sessions.

Mean KLD between sessions

To estimate the average neural distribution difference between pairs of
sessions, a mean KLD between distributions on two given sessions was
calculated (see Fig. 3e, j). The 9-dimensional derived neural features are the
same as Figs. 2c and 5, namely, the top M =5 PCs, X,and X lag- The PCA-
reference data is the same as Figs. ¢, 2, and 5, namely, time bins from the
first session (T11) or the first two sessions (T5) that have AE < 4°. The
reference and comparison data are each 60-s intervals updated every 10 s. If
there are M such intervals in session 7 and N in session j, then the mean KLD
between the sessions is the average KLD of all (M x N) pairs of intervals from
sessions i and j. Outlier trials were excluded from the intervals. For visua-
lizing the complete pairwise comparison matrix containing the KLD of all
pairs of intervals from all sessions, see Supplementary Fig. 9.

Latent space dPCA projection

We applied demixed principal component analysis (APCA)™” to population
neural activity from the initial decoder day for T11 and T5 respectively. For
subsequent trial days, we projected neural data onto the top two task-
relevant neural dimensions dPCA space of day 0. PCs were computed from
all features of the first second after the go-cue of non-outlier trials (offset by
160 ms reaction time). Neural features were smoothed using a Gaussian
kernel with a standard deviation of 50 ms. T5 random-target task trials were
discretized into eight movement directions in order to show comparable
results to T11’s center-out-and-back task with eight peripheral targets. We
further quantified the amount of task-related neural activity in each session
by comparing the variance accounted for (VAF) by the top two task-related
neural components from the first session. VAF was computed by

59
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Where Y is the trial-average neural features across conditions on a sub-
sequent day, and encoder components F and decoder components D
are estimated from the first session.

Statistics and reproducibility

All statistical tests were reported using either Pearson’s or Spearman’s
correlation coefficients for correlation, or Wilcoxon rank sum for across
days comparison; p-values are reported along with the name of the statistical
test. A number that follows the “+” sign is a standard deviation. Blinding and
randomization were not relevant for this two-participant study.
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Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability

All data required to reproduce the findings in this study are publicly
available on Dryad (https://doi.org/10.5061/dryad.n2z34tn5s). The dataset
contains intracortical neural signals recorded from both participants along
with detailed information about the BCI behavior tasks and performance
metrics.

Code availability
The code for reproducing the figures is made available at https://github.
com/ewinapun/MINDFUL.
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