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Neural correlates from the middle temporal gyrus via machine
learning decode decision making variables during gambling in humans
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Abstract—The ability to make good decisions is contingent upon
extracting the most relevant information from one’s contextual
surroundings. The middle temporal gyrus lies at the nexus of
visual processing streams and is hypothesized to play a crucial
role in the semantic processing of visual information. In this study,
stereoelectroencephalography measurements from the middle
temporal gyrus were used to train random forest classifiers to
decode betting behavior in a financial-decision making task for 10
subjects. Spectral features from the middle temporal gyrus were
computed. The performance of these subject-specific classifiers
ranged between 75% and 98% accuracy when predicting human
betting behavior and provide evidence that the middle temporal
gyrus encodes information related to decision-making. This study
is the first to use stereoelectroencephalography to explore the
functionality of the middle temporal gyrus in decision-making.

Index Terms—machine learning, neural data, decision-making,
middle temporal gyrus

I. INTRODUCTION

Every decision starts with information [1]. In a gambling
game, we bet more money if we perceive high odds of
winning, and less money if we perceive low odds of winning.
Understanding how higher order cognition transforms sensory
input to motor output remains a challenging problem in
neuroscience. Identifying the neural correlates associated with
cognition may unveil details on where such processes may
occur in the brain.

The middle temporal gyrus (MTG) has been implicated in
semantic processing and is surrounded by the ventral visual
pathway, which is primarily responsible for high-level visual
processing [1] [2] [3] [4] [5]. Previous work has studied the
role of the MTG processing semantic information for goal-
oriented cognition [6] [7] [8] [9], and identified a positive
correlation in MTG activity with gambling urges among
men with pathological gambling and individuals with internet
gaming disorder [10] [11]. Researchers using both fMRI and
scalp EEG have localized the MTG as a principal location
for chosen value signals that emerged after subjects make
their decisions [8]. However, fMRI is known to have poor
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temporal resolution, which is disadvantageous to studying
decision-making, a process that happens on a tens to hundreds
of millisecond scale [12]. EEG has good temporal resolution,
but poor spatial resolution, as it becomes difficult to localize
the sources of neural activity with high precision from scalp
measurements [13].

However, no study has used stereoelectroencephalography
(sEEQG) to investigate the MTG’s role in decision making. sSEEG
allows capturing signals related to local field potentials at the
source (MTG) at high temporal resolution (2KHz), offering both
high temporal and spatial resolution [14]. Our study uses sEEG
data to identify neural correlates of the MTG in a financial
decision-making task performed by 10 subjects [15] [16] [17]
[18]. The particular task at hand is a game of "high card,” in
which the subject wins virtual money if their card is greater
than the opponent’s card, loses virtual money if it is less than,
and neither wins nor loses money if their card is of equal value
[19]. For each of the 10 subjects, we train machine learning
classifiers on spectral features from sEEG data [20] in the
left and right MTG to predict decision variables (e.g. predict
whether the subject bet high or low amount of money in a
particular trial) and task variables (e.g. predict the card value
the player had in a particular trial). The classification accuracy
ranged from fractions of 0.75 to 0.98 correct predictions across
subjects. Classifiers showed better performance when predicting
the bet rather than the card value for some subjects. This offers
evidence for the role of the MTG in decision making in addition
to high-level visual processing.

Fig. 1. A: Photograph showing 14 sEEG electrodes at the skin surface B:
Fluoroscopy image of a SEEG-implanted subject (coronal view with eyes
facing forward). Electrodes are placed parallel, with tips terminating at the
midline or dural surface.
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Fig. 2. Timeline of the gambling task. Subjects are shown their card for
2 seconds after the fixation period. Afterwards, subjects have 6 seconds to
decide how much money to bet, following a delay the computer’s card is
then revealed. If the player’s card is higher than their opponents, they win the
amount they bet, if lower then they lose that amount, and if they tie nothing
happens.

Show Bet

Show Deck Show Reward

II. METHODS
A. Subjects

Ten human participants (seven females and three males)
with medically refractory epilepsy, who underwent a surgical
procedure at the Cleveland Clinic in which 10 to 14 depth
electrodes were implanted for seizure monitoring, performed
our gambling task (Fig. 1). The implantation of SEEG electrodes
was performed via robotic-assisted surgery in conjunction with
co-registered fMRI and angiograms for safety (Fig. 1) [15]. The
number and location of implanted electrodes are preoperatively
planned based on prior hypotheses of the epileptogenic zone
location. Subjects enrolled voluntarily and gave informed
consent, and none had their epileptogenic zone located in
the MTG. For clinical purposes, patients were kept off anti-
seizure medication for their entire duration at the Cleveland
Clinic. Thus minimizing concerns that such medication would
affect the neurophysiology of the brain, and therefore the neural
data collected. All experiments and methods were performed in
accordance with the guidelines and regulations of the Cleveland
Clinic Institutional Review Board. Participant criteria required
individuals over the age of 18 with the ability to provide
informed consent and perform the behavioral task as previously
described in [15] [16] [17] [18] [19]. Apart from the behavioral
experiment, no other alterations were made to the patients
clinical care, including placement of electrodes.

B. Neural recordings - Stereoelectroencephalography

SEEG electrodes allow for analysis of large-scale brain
networks by recording neural activity from both cortical and
subcortical brain areas with high temporal resolution.

Electrophysiology data from sEEG electrodes was acquired
using a Nihon Kohden 1200 EEG diagnostic and monitoring
system (Nihon Kohden America, USA) at a sampling rate of
2 kHz. Behavioral data was acquired simultaneously via the
MonkeyLogic Matlab toolbox [21]. A total of six subjects who
volunteered to perform the task had sEEG electrodes in the
left MTG and five subjects had SEEG electrodes in the right
MTG.

C. Gambling Task

Subjects performed the behavioral experiment in their
Epilepsy Monitoring Unit room [17]. The task was administered
via a computer screen and subjects interacted with the task
via an InMotion2 robotic manipulandum (Interactive Motion

Technologies, USA). The manipulandum is controlled by the
subject’s hand and moves in a two-dimensional planar motion,
which is translated to movement of the computer cursor.

The gambling task (Fig. 2) is based on a simple version of
the game of high card (see below for details) where subjects
win virtual money if their card is higher than the computer’s
card, lose money if their card is of lower value, and neither
win nor lose money if there is a tie. At the beginning of each
trial, the subject uses the manipulandum to move the cursor
to a central fixation target. Once centered and after a random
delay (mean = 1.58 sec, std = 0.77 sec), the subject is shown
their card (2, 4, 6, 8, or 10) which is randomly chosen from
a uniform distribution (subjects were informed of the card
distribution beforehand). The computer’s card remains hidden
during this phase. The screen then presents an option to bet a
high ($20) or low ($5) amount of virtual money that their own
card is higher than the computer’s card. The subject is given
6 seconds to move the cursor via the manipulandum to make
the decision; the beginning of this movement will be referred
to as the movement onset. Afterwards the computer’s card
(which is also chosen randomly from the same distribution)
is revealed. If the player has a card of higher value, they win
the virtual money bet. If they have a lower value card, they
lose the virtual money. Otherwise, if the player and computer
tie, neither won nor lost. The final screen shows the amount
won/lost for that trial. After a variable inter-trial-interval of 1
sec, the subject is instructed to move the cursor to the central
fixation location for the beginning of the next trial (Fig. 2).

D. Decoding Pipeline

All electrophysiological and behavioral data was analyzed
offline using custom Python scripts. A snapshot of sEEG data
was taken starting 3 seconds before movement onset (defined
as the time when the subject begins to move the manipulandum
to indicate their bet selection) until the beginning of movement
onset for all trials. The neural data underwent Laplacian
referencing, wavelet transformation (spectral power computed
for 63 frequencies between 2 to 150 Hz), z-scoring, and
grouping into frequency bands (delta 1-3 Hz, theta 4-7 Hz,
alpha 8-12 Hz, beta 13-30 Hz, and gamma 30-100 Hz) [22].

A random forest classifier [23] was trained to predict a
behavioral or task variable using frequency band power from a
specific MTG channel averaged across an optimal time window
(defined in the next paragraph) within the snapshot.

The optimal time window was computed by analyzing
prediction accuracy of a random forest classifier trained on
the frequency power averaged across a particular time window
within the analysis window. This was done for every possible
time window within the analysis window, and the time window
that led to the highest overall accuracy for predicting behavioral
or task variables for all trials was designated as the optimal
time window for that particular channel.

The pipeline (Fig. 3) was used to predict the bet and card
value separately: the amount of money the subject bet ($20
= high, $5 = low) and the value of the subject’s card (8 and
10 = high, 2, 4, and 6 = low). Each possible time window in
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Fig. 3.

sEEG data from a particular channel in the MTG undergoes Laplacian referencing, wavelet transform (spectral power computed for 63 frequencies

between 2 to 150 Hz), z-scored (based on the mean and standard deviation of the spectral power for the 63 frequencies for all trials in each subject), and
finally binned into frequency bands (delta 1-3 Hz, theta 4-7 Hz, alpha 8-12 Hz, beta 13-30 Hz, and gamma 30-100 Hz). Data in frequency band is averaged
across a particular time window in the analysis window and used to train a classifier to predict a behavioral or task variable (amount of money bet or the value
of the card drawn). The time window leading to the highest prediction accuracy for a particular classifier is identified by computing all possible time windows
and selecting the one that leads to the highest prediction accuracy. This is repeated for every channel in the left or right MTG per patient. The top 10 (or fewer
if the subject has less channels in the left or right MTG) performing classifiers for a given patient are identified, and the subset of those 10 classifiers that
leads to the greatest majority vote accuracy is identified and its majority vote accuracy is recorded.

the analysis window was iterated through to see which would
yield the highest accuracy when predicting the behavioral or
task variable from the time window’s averaged frequency band
power. This was repeated for all channels in the left/right MTG
for a given subject. In the end, each channel in the left/right
MTG would have its own respective classifier and optimal
time window. A majority rule vote (i.e. identifying the most
common prediction among all the classifiers for a trial) was
then performed to identify which combination of channels
in each of the brain hemispheres separately led to highest
accuracy for a particular subject. The accuracy of the majority
rule prediction was recorded for each subject (Table I).

IIT. RESULTS

We applied our methods to 10 patients with recordings from
the left or right MTG (5 patients only had recordings in the
left MTG, 4 patients only had recordings in the right MTG,

and 1 patient had electrodes in both the right and left MTG).

The accuracy of each classifier trained on neural data from a
particular channel and its associated time window leading to
the most accurate predictions were recorded for the left and
right MTG (Fig. 4).

Decoding Bet

We first predicted the amount bet by all subjects in the
experiment, with accuracies ranging from 0.75 to 0.98 (Table

TABLE I
CLASSIFIER ACCURACY
Subject Correlation: Accuracy: Accuracy:
Card and Predict Bet | Predict Card
Bet Value Value Value
6 (L) 0.957 0.77 0.75
7 (R) 0.883 0.83 0.77
10 (R) 0.882 0.76 0.80
12 (R) 0.787 0.90 0.80
13 (L) 0.930 0.81 0.76
15 (R) 0.892 0.75 0.76
16 (L) 0.727 0.84 0.76
16 (R) 0.727 0.98 0.78
17 (L) 0.988 0.81 0.82
18 (L) 0.955 0.81 0.80
21 (L) 0.956 0.79 0.77

I). Classifiers were trained to predict a subject’s bet behavior for
all trials based on neural data from a single channel averaged
across the most optimal time window. For each channel the
accuracy of its respective classifier and associated optimal time
window was visualized for channels in the left and right MTG
(Fig. 4).

Decoding Player Card

Since bet and card value are often very correlated, it becomes
difficult to delineate whether the MTG is encoding the card
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Fig. 4. Classifiers predicting amount bet by a subject were trained on neural data from single channel in the left or right MTG. Labels on the y-axis indicate
the particular subject (P06 indicates subject 06) and channel (Chl indicates channel 1 for that subject) the classifier was trained on. The width of the colored
rectangles represents the time window that led to the most optimal prediction accuracy when classifiers were trained on neural data averaged across that time
window. The color of each rectangle represents the prediction accuracy for the classifier trained on data from that particular channel. Time O on the x-axis
indicates moment of movement onset. The discrepancy in the number of channels in the right and left MTG is due to predetermined placement of SEEG

electrodes by physicians prior to surgery.

value or decision making. The same methods were applied
to train a classifier to predict the card value drawn by the
subject for all trials, classifier accuracies ranged from 0.75 to
0.8 (Table I). The correlation between the card and bet value
for each subject was also calculated.

The three subjects, P12 and P16, with the lowest correlation
(< 0.8) had a 10-20% improvement in classification accuracy
when using neural data from the right MTG to predict bet rather
than card value (Table I). The rest of the subjects had accuracies
that varied less than 10% when classifying bet vs card value.
The improvement in performance for the two subjects indicates
that the neural activity from the MTG is more correlated
with the bet rather than the card value. This suggests that the

MTG may be implicated in the decision-making process. This
is consistent with the current understanding of the temporal
lobe’s role in high level visual processing [4] [5]. High level
visual processing is concerned with extracting behaviorally
meaningful features of the environment [1]. Our results provide
evidence that there may be neural mechanisms in the MTG that
take neural information encoding visual semantic information
of the card value to guide behavior such as financial decision
making.

IV. DISCUSSION

Our analysis shows that there is a correlation between neural
activity and bet decision before the overt decision. This supports
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the idea that this region contributes causally to the decision
by generating signals on which the decision is based on.

There is a functional chain of processes that must be
undertaken by the subject to optimally perform this exper-
imental task. First, the player must visually perceive their
card when it is shown. Second, they must extract functionally
relevant information, i.e. the numerical value of the card,
from the perceived visual data. Third, the player must have a
representation of the game rules to estimate the probability that
their card has a higher numerical value than the computer’s.
Fourth, the estimation of this probability directly impacts
the choice of betting high or low. Fifth, the commitment to
one of these choices leads to a decision. And sixth, motor
planning/execution transforms the decision into a specific motor
response.

The existing literature contains evidence that the MTG serves
a vital role in deriving semantic meaning from the card image
and facilitating executive control processes to estimate the
probability of the card having a higher numerical value.

The MTG has been hypothesized to be a critical interface for
semantic information due to it being at the junction of auditory
and visual processing streams [4] [5] [24]. Additionally,
neighboring brain regions, such as the anterior temporal gyrus
(ATG), have been found underpinning an amodal semantic
system [2]. The information received from the visual processing
streams, such as visual information of a playing card, must be
interpreted for functionally relevant semantic meaning, such as
card value. Using distortion-corrected fMRI, researchers have
found activation of the MTG in a word and picture semantic
processing task, supporting the notion of its function as a
semantic processor [3]. Retrieving this processed semantic
information for goal-oriented behavior involves the automatic
spread of activation between related concepts and the executive
control to tailor such activations to suit a particular context
or goal, such as evaluating the probability of a card being of
higher numerical value. Structural and functional connectivity
analysis demonstrated that the posterior MTG was positioned
at the nexus of networks recruited in automatic semantic
processing and executively demanding tasks [8]. Studies found
that stimulating the posterior MTG with transcranial magnetic
stimulation inhibited the ability for subjects to executively tailor
semantic information to be in line with a particular task [7]
[25]. This offers evidence that the MTG plays an important role
in integrating semantic information with executive processes
for goal-orientated behavior.

We have described how previous studies support the hypoth-
esis that the MTG carries neural information directly related to
the numerical value of the card and the estimated probability
of winning the round. This gives rationale as to why neural
information from the MTG can be used to decode card value
and bet decision.

The goal of this study was to use SEEG data to investigate
the functionality of the MTG in a financial decision-making
task. This study trained subject-specific classifiers on neural
data from an individual channel to predict behavioral or task
variables. We found that the classifiers were able to achieve

higher accuracy when predicting bet rather than card value for
subjects with the lowest correlation between the two. This
suggests that MTG encodes neural information related to
decision-making, and future work may unveil more details
of the MTG’s role in decision making and how it may even
be modulated to treat neurological disorders.
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