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Abstract— The brain lacks the ability to perfectly replicate
movements. In particular, if specific movements are cued
sequentially, how you perform on past trials may influence
how you move on current and future trials. Past trial outcomes
may, for example, modulate motivation or attention which can
play a significant role in how one moves, yet variability due
to such internal factors are often ignored when modeling the
sensorimotor control system. In this study, we wish to extract
such internal factors by modeling variability in movements
during a motor task riddled with unpredictable perturbations.
Four subjects performed the task, and we simultaneously ob-
tained Local Field Potential (LFP) activity from nonmotor brain
regions via depth electrodes implanted for clinical purposes. We
first show that motor behavior depends not only on current trial
conditions, but also on internal state variables that accumulate
past outcomes involving movement performance, movement
speed, and whether or not perturbations have occurred. We
further show that these internal states modulate with beta band
activity in specific brain regions on a trial-by-trial basis. These
results suggest a nontraditional role of nonmotor brain regions
and prompt a need for further exploration.

I. INTRODUCTION

The brain has evolved to make us move [1]. Then why
is it so difficult to make the same movement twice? As a
society, we put a high price tag on those who are able to min-
imize how variable their movements are—like professional
athletes—by rewarding them millions of dollars to show off
their talent. Yet, movement variability is a purposeful process
conjured up by the brain to enable adaptation and learning,
both of which are necessary for survival [2].

During sequential movements, there is a trial-by-trial ef-
fect in that the history of past performance influences how
one moves in future trials. Many models have been developed
to describe how movements are generated in a closed-loop
from the brain to muscles, and these models accurately
reconstruct motor behavior when averaged across trials [3],
[4]. However, these models lack a way to track underlying
factors that could affect movement variability trial-to-trial.
A model that tracks unmeasurable internal states would be
more representative of natural behavioral processes [5].

This study seeks the following: (i) “Can we predict move-
ment variability by estimating internal states from measur-
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able data?”, and (ii) “Where in the brain are these internal
states encoded?” Two challenges must be met to answer
these questions. First, internal states are difficult to measure
and thus must be estimated from measurable behavioral data
using state-space models. Then, if estimated internal states
predict movement variability, they must be mapped back
to the brain and are likely to not be confined to a single
structure. For example, confidence may depend on past motor
performance and emotion and thus involve memory and
limbic networks.

Hence, nonmotor regions are likely involved and should be
studied to explain how movement variability arises. However,
these brain regions are less explored by neuroscientists inves-
tigating the sensorimotor control system. Work has been done
to capture whole brain activity using fMRI. However, this
apparatus restricts motor task complexity, resulting in less
movement variability [3]. Furthermore, temporal resolution
of fMRI is on the order of seconds, while evidence suggests
that changes in neural activity related to movement occur on
the order of milliseconds [6].

To address our questions, we exploit a unique paradigm in
which humans performed a speed- and goal-directed center-
out reaching task with random perturbations. Recordings
from multiple depth electrodes covering over 50 unique corti-
cal and subcortical structures were simultaneously obtained.
This experiment offers both high-quality natural movements
and broad neural coverage with high temporal resolution
(milliseconds) [7]. This task elicits variability due to the
presence of random perturbation, which adds risk during
each movement. The observed variability can be accounted
for by underlying internal states that evolve over trials.

Here, we propose a model that predicts the variability of
Reaction Time (RT) on a trial-by-trial basis, based on current
trial conditions and internal states using a Generalized Linear
Model (GLM) framework and dynamical state space models.
The internal states represent accumulating past outcomes,
including movement performance, history of perturbations,
and past speed instructions. We show that these states store
relevant information that improves the predictability of RT
trial-by-trial. We then relate each subject’s weighting of
internal states to their neural activity, which separates brain
regions related to these states from task-relevant regions.

II. METHODS
A. Subjects

Recordings were performed in medically refractory epilep-
tic patients for the clinical purpose of finding the epilepto-
genic zone for possible resection. Subject enrollment was
completely voluntary and all subjects gave informed consent.



Experimental protocols were approved by the Cleveland
Clinic Institutional Review Board and methods were carried
out in accordance with these guidelines. This process allowed
for four individuals over the age of 18 with the ability to
perform the behavioral task. This study did not alter any
invasive procedure nor alterations to their clinical care other
than performing the behavioral experiment.

B. StereoElectroEncephaloGraphy (SEEG) Implantation

Implantation of the SEEG depth electrodes (PMT Corpora-
tion, MN, USA) was performed at the Cleveland Clinic using
coregistered three-dimensional CT and MRI scans [7]. Each
subject was implanted stereotactically with approximately 8–
13 depth electrodes. Electrodes were inserted using a robotic
surgical implantation platform, (ROSA, Medtech Surgical
Inc., USA) [7]. Adjustments to the insertion trajectories were
preoperatively using volumetric MRI scans (T1, contrasted
with Multihance R©, 0.1 mmol kg−1) to plan safe trajectories
avoiding vascular structures. Each electrode contact was
labeled according to the anatomical location from postop-
erative images with the agreement of at least two clinical
experts.

C. Electrophysiological Recordings

Neural recordings of LFP activity from superficial to deep
nonmotor brain structures were collected onsite using a clini-
cal electrophysiology acquiring system (Nihon Kohden 1200,
Nihon Kohden America, USA) in the Epilepsy Monitoring
Unit at a sampling rate of 2 kHz. The recording sessions used
for this study were absent of epileptic seizures.

D. Motor Task

Subjects performed goal-directed reaching movements
with an instructed speed previously described [8], [9]. Sub-
jects made movements using a robotic manipulandum from
the InMotion ARM Interactive Therapy System (Interactive
Motion Technologies, Watertown, MA, USA) which were
displayed as a cursor on an attached computer screen. The
task interface was prepared in MATLAB R© (Mathworks,
Natick, MA) using MonkeyLogic [10]. Fig. 1 details the
motor task. Hesitation was induced by applying a random
perturbation to the robotic arm during movement in a random
direction for 20 % of trials.

E. Data Preparation

1) Neural Data: The neural data were preprocessed using
spectral analysis with custom MATLAB R© scripts. The data
were filtered using a Notch filter with notches located at
60 Hz and a bandwidth of −1 dB point set to 3 Hz. Oscil-
latory power was then calculated using continuous wavelet
transform on a logarithmic scale vector (1–200 Hz) and
complex Morlet wavelet (ω0 = 6). The instantaneous power
spectral density was then averaged across overlapping time
bins (50 %) with a time window of 100 ms every 50 ms. Each
time bin was labeled using the last corresponding temporal
index. The logarithm of the power for each frequency band
was computed and then normalized by subtracting the mean

SpeedInst GoCue HitTarget

ShowTarget MoveOnset MoveFeedback

1.5 s .15–2.5 s 0.5 s2 ± .25 s 0–7.5 s 2 s 1 s

Outcome

Fig. 1. A detailed timeline of visual stimuli displayed for a successful trial.
The goal was to move a cursor to the target at the instructed speed. Each trial
began with a speed instruction of either “fast” or “slow,” represented by the
position of the green rectangle on the blue bar (SpeedInst). After the subject
moved the yellow cursor to the center, one of four targets was presented for
2.00±0.25 s (ShowTarget) prior to movement command (GoCue). The time
when the cursor left the center was marked to separate movement initiation
from execution (MoveOnset). The movement was complete after the cursor
hit the target (HitTarget) for 0.50 s. The subject received immediate feedback
on their relative speed (MoveFeedback). A $5 bill was displayed for correct
trials. Otherwise, a $5 bill crossed-out in red was displayed (Outcome).

and then dividing by the standard deviation over the entire
recording session. Electrodes with abnormal bursts of activity
were ignored.

2) Movement Data: The RT for each trial was calculated
as the amount of time (in seconds) between GoCue and
MoveOnset. In preparation for modeling, the natural loga-
rithm of RTs were taken and outliers were ignored.

F. State-Space Model

We constructed subject-specific dynamical models using
trial conditions and internal states as inputs to predict RT.

1) Construction: Each subject’s normalized RT on trial t
is a random variable Y (t) with a Normal distribution where
prob(Y (t)) = y(t). We believe that RT on trial t depends on
current trial conditions as well as trial history. Factors that
may be effected by history could be perturbations, errors,
and previous speeds. This system can be represented by a
state-space model with the following structure:xp(t +1)
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where xp ∈ R is the perturbation state, xe ∈ R is the error
state, and xs ∈ R is the previous speed state. Each internal
state on trial t +1 depends on a combination of the current
state and their internal input on trial t: up(t) ∈ {1,0} if
trial t was perturbed or not, ue(t) = {1,0,−1} if trial t
was too fast, correct, or too slow, and us(t) = {1,−1} if
trial t was “fast” or “slow”. The output, y(t) = log(RT(t)),
is then a linear combination of the internal states and cur-
rent trial conditions—uD ∈ {1,2,3,4} denoting the direction
(i.e., down, right, up, left) and uS ∈ {1,2} denoting the
speed instruction (i.e., “fast” or “slow”)—weighted by the
coefficients, c0 ∈ R, c ∈ R3, and d[1,6] ∈ R.

2) Estimation: Since the internal states cannot be mea-
sured, they must be estimated. They are each represented by
their state evolution equation:

x̂k(t) = ak
t−1 x̂k(1)+

t−1

∑
i=1

at−i−1
k uk(i) (3)

for k = {p,e,s}. Note that only information from all previous
trials (i = 1, . . . , t−1) influences the state variable on trial t.



Fig. 2. Variability of normalized RT over all trials. Each column shows the model predictions (Top) and internal states (Bottom) for each of the four
subjects. Models were trained using the first 80 % of trials (left of black triangle) and then tested on the remaining 20 % of trials (right of black triangle).
(Top) The observed RT (y, solid black line) overlaid with the predicted RT (ŷ, solid colored line) and 95 % confidence bound (shaded color), which was
found using Eq. 2. (Bottom) Evolution of estimated internal states over all trials (solid colored lines) and MS (solid gray line).

The coefficients ak ∈ R were optimized using a grid search
between [0.5,0.95] that minimized the Root-Mean-Squared
Error (RMSE) between the predicted and observed outputs.
Then, x̂ was used to estimate ŷ from Eq. 2 using GLMs.

3) Validation: Models were trained using the first 80 % of
trials to fit the coefficients, then tested on the remaining 20 %
of trials. All model deviances improved with the addition of
internal states during training. We compared the predicted
outputs to the observed outputs of the test trials using the
absolute value of Pearson’s correlation coefficient (|R| ∈
[0,1]) and validated the model using RMSE to measure
goodness-of-fit.

G. Neural Correlates

Neural correlates between the internal states and neural ac-
tivity were found using our exploratory analysis method [8].
Initially, the neural activity was represented as a matrix of
frequency versus time found via spectral analysis for each
trial. We chose to analyze two time windows: ShowTarget
to GoCue (planning) and GoCue to MoveOnset (initiation).
Both time windows used a frequency window around beta
band (15–30 Hz) [11]. The beta activity was then averaged
to acquire a scalar value per trial.

Next, the internal states were summarized into a single
signal by calculating the Mean State (MS):

MS =
c1 x̂p(t)+ c2 x̂e(t)+ c3 x̂s(t)

|c0|+ |c x̂(t)|+ |∑4
i=1 di 1[uD(t)=i]+∑

6
i=5 di 1[uS(t)=i]|

,

which represents the weighted contribution of the internal
states to the full absolute model. Both the average beta
activity and MS signals were normalized and smoothed using
a moving average with a window size of 2 w+ 1 (w = 10)
prior to identifying neural correlates.

Neural correlates between smoothed average beta activity
and MS for both windows were found by applying a method
described in [8]. The strength of their relationship across all
trials was quantified using the output of this method, which is

an absolute Cross-Correlation (CC) value between θ ∈ [0,1].
For illustrative purposes, neural correlates were highlighted
onto a human MRI atlas [12]. Regions that could not be
matched were ignored for visualization.

III. RESULTS

Below are our preliminary findings for our proposed model
and subsequent neural correlates. Subjects performed an
average of 132±25 (mean± standard deviation) trials.

A. Evaluating Internal States

Qualitatively, the model with internal states appears to
predict the behavior well (Fig. 2 (Top)). Overall, the pre-
dictions made for test trials were consistent with what was
observed, as indicated by the linear relationship in Fig. 3A
and quantified by an average significant (p 6 0.001) corre-
lation coefficient of R = 0.71±0.08.

Fig. 2 (Bottom) shows the estimated internal states and
MS. It is clear that the internal states weighed more into
the model for some subjects than others. For example, the
internal states for subject 4 did not fluctuate evident by the
states and MS hovering close to the origin.

B. Goodness-of-Fit

Fig. 3B shows the goodness-of-fit for models without and
with the internal states using RMSE. The addition of internal
states reduced the prediction error for most subjects, meaning
that the model with internal states is better at predicting
RT than without internal states. One would argue that the
benefit of adding internal states outweighs the increase in
error for subject 3, in that we gain the ability to examine the
subjective impact history has on future behavior.

C. Neural Correlates

Fig. 4 summarizes the neural correlates found between
average beta activity and MS across all subjects during
planning and initiation. It appears that information is flowing
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Fig. 3. A Scatter plot of ŷ and y for test trials. Each subject is shown
in their color from Fig. 1 and a unique marker shape. There is an similar
linear trend (solid line) between the predicted and observed RT across all
subjects, with an average absolute correlation coefficient of R= 0.71±0.08.
All correlations were significant (p 6 0.001). B Comparison of goodness-
of-fit between models without and with internal states using RMSE.

when transitioning from movement planning to initiation.
Areas involved with attention and visual processing [13],
such as the angular, parahippocampal, and supramarginal
gyrus, were identified during planning while areas involved
with movement representation [14], [15], such as the middle
temporal gyrus, hippocampus, and orbitofrontal cortex, were
identified during initiation. In addition, the amygdala, which
processes emotion, was also significantly found during ini-
tiation while the fusiform and superior temporal gyrus were
found for both [13], [16]. Importantly, subject 4 did not have
any neural correlates during the initiation, which is expected
as their internal states did not carry weight in their model.

IV. DISCUSSION

In this study, we sought to build a preliminary model using
internal states to predict observed behavior and identify any
neural correlates.

The construction of the internal states will elicit an accu-
mulation of evidence about the task analogous to how future
behavior is influenced by the memory of past performance.
We found that adding internal states improved the model’s
ability to predict RT (Fig. 3B). The addition of the internal
states could enable us to compare strategies between subjects.
By Fig. 2 (Bottom), it appears that subject 1 and 2 were
influenced by the perturbation state, meaning their behavior
would vary after perturbed trials despite identical current trial
conditions. Past performance shaped future behavior in that
the error state affected the models of subject 1 and 3. Subject
4 was not impacted by the internal states. This suggests that
performance history slightly alters their future behavior and
that perhaps other internal states should be considered.

If these internal states are truly capturing a subject’s un-
measurable internal bias, then they should relate to the neural
activity. Using our exploratory analysis tool, we identified
multiple neural correlates between movement planning and
initiation that together suggests a flow of information from
visual processing to action representation.

This work is still in its exploratory phase. Future work
will go towards improving the method discussed here, such
as exploring more encompassing states, improving the es-
timation procedure, and expanding to neural networks via
functional connectivity.

Fig. 4. Summary of neural correlates during the planning (Top) and
initiation (Bottom). Electrode contacts were matched to labels from the Mori
atlas [12]. Only regions whose CC value was above θ > 0.5 are highlighted,
all others were hatched in gray. Note that these maps do not represent fMRI
signals nor the exact location of the electrode.
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