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a b s t r a c t
Operant conditioning of neuronal activity is a core process for better operation of brain-machine interfaces. However, few studies have investigated the role of reinforcement schedules in neuronal operant
conditioning, although they are very effective in behavioral operant conditioning. To test the effect of
different reinforcement schedules, the authors trained single-neuron activity in the motor cortex using
ﬁxed ratio (FR) and variable ratio (VR) schedules in rats. Neuronal ﬁring rates were enhanced in the FR
but not in the VR schedule during conditioning, suggesting that the principles of operant conditioning of
neuronal activity are different from those of behavioral responses.
© 2019 Elsevier B.V. and Japan Neuroscience Society. All rights reserved.

Brain-machine interfaces (BMIs) enable neuroprosthetic control of external devices by brain activity alone (Chapin et al., 1999;
Nicolelis, 2011; Lebedev, 2014). Despite the steady progress in the
development of BMIs for future clinical use (Collinger et al., 2013;
Donoghue et al., 2007), their current accuracy and efﬁciency are
limited and, as such, improvements in some technical factors affecting BMI performance are actively being pursued (Ethier et al., 2012;
Lebedev and Nicolelis, 2011). However, previous studies (Andersen
et al., 2010; Nicolelis and Lebedev, 2009) have emphasized that
improvements in technical factors alone cannot solve all problems that hinder the development of BMIs; therefore, increased
knowledge of brain mechanisms is needed (Baranauskas, 2014;
Mandonnet and Duffau, 2014; Sakurai, 2014; Velliste et al., 2014).
In particular, the plasticity of neuronal networks and their activity
is essential (Sakurai, 2014), and accurate device control by BMIs
inevitably requires neuronal activity to be volitionally modulated
(Sakurai et al., 2014). The core process of such volitional modulation is operant conditioning of neuronal activity (Sakurai and
Song, 2016), because operating machines with BMIs is performed
to achieve some type of goal, and goal achievement functions as
a reward that enhances altered neural activity through reinforcement feedback (Fetz, 2007).
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Research investigating neuronal operant conditioning began
with Fetz (1969) and is steadily becoming more proliﬁc (Arduin
et al., 2013; Engelhard et al., 2013; Hwang et al., 2013; Koralek et al.,
2012) given its relation to BMIs (Fetz, 2007). However, there have
been few systematic investigations of the methodology for operant conditioning of neuronal activity. In particular, it has not been
clearly demonstrated how reinforcement schedules affect learning
in neuronal operant conditioning for volitional modulation of neuronal activity, although they are known to have a signiﬁcant effect
on an animal’s operant responses in behavioral studies (Reynolds,
1975).
In the present study, we focused on the effects of reinforcement
schedules applied to single neurons of the motor cortex during
neuronal operant conditioning in rats. We used two basic—yet
different—schedules of reinforcement: ﬁxed ratio (FR) and variable
ratio (VR). Both schedules have been shown to increase the probability of occurrence of behavioral response in many animal species
and humans, with the former causing stable and moderate rates
of response, and the latter causing rapid and high rates (Reynolds,
1975). We tested whether these effects of FR and VR schedules of
reinforcement on behavioral responses exist in operant conditioning of neuronal activity.
Animals and apparatus: Eight male albino Wistar rats (Shimizu
Laboratory Supplies, Kyoto, Japan), weighing 410–470 g were
used as subjects. The animals were individually housed in a
25 × 15 × 20 cm cages under a light and dark cycle (lights on at
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Fig. 1. Schematic diagram of the experimental system and the basic procedures for neuronal operant conditioning.
(A) The system mainly consists of multi-neuronal recording device, a computer for real-time spike sorting with independent component analysis (ICA), and a microcomputer
for task controls. The rat is connected to the system through a recording cable and can freely move in the operant box during training sessions. (B) Threshold set-up (left)
and ﬂows of neuronal operant conditioning (right). During the threshold set-up, spikes from the target neuron were counted for 20 s.

08:00, lights off at 21:00). The animals’ diets were restricted so
that their weights were maintained to levels as stable as possible
throughout the experiment; however, they had ad libitum access to
water except for the behavioral and neuronal operant conditioning
periods. Whole training sessions were conducted in an operant box
(22 × 49 × 45 cm) (O’Hara & Co., Tokyo, Japan). A water dispenser
controlled by a solenoid valve, a buzzer speaker, a sensor hole, and
a light-emitting diode (LED) light were installed on the same side
of the operant box, and were controlled by a microcomputer system (Arduino LLC, Italy) (Fig. 1A). As reward, a droplet of water
was delivered through a pipe connected to the water dispenser.
The volume of the reward was varied (0.04–0.05 ml) depending
on the weight of each rat. The buzzer sounded for 1 s when the
water emerged from the pipe so that the rats could immediately
notice delivery of the reward, regardless of their location or direction in the operant box. The rats’ behavior was monitored and
recorded using a video camera. In addition, in order to precisely
detect rat’s bodily movements, a method of three-axis accelerometer (MPU-6050; InvenSense Inc., USA) was used for three of the
rats (see Robert et al., 2009 for details). The accelerometer was
attached to the connector of the recording cable. Acceleration data
was acquired at 10 Hz of sampling rate within a range of ±4 gravitational force (g). The movements of the rats were recorded for 3 s
prior to the reward delivery and assessed as the signal vector magnitude (SVM) of the acceleration value (ɑ) from each axis (x, y, z).

SVM =



xa 2 + ya 2 + za 2

All experiments were performed in accordance with guidelines
for animal experiments at Doshisha University.
Behavioral operant conditioning: Simple behavioral operant
conditioning, in which rats could learn the basic rule of operant
conditioning, was used. At ﬁrst, water was automatically delivered
at ﬁxed intervals of 20 s and was accessible by the rats. The rats were
then trained to poke their nose into the sensor hole (i.e., nose-poke
response) to obtain the reward. Finally, the LED light was turned on
and off periodically at 5 min intervals, and the reward was delivered
only in response to nose pokes when the LED light was on. Through
this operant conditioning procedure, the rats learned that voluntary
nose-poke responses during the “LED on” periods led to reward.
The operant conditioning protocol was generally completed in a
day when the rats performed > 50 nose-poke responses in < 3 min
during the LED-on condition. After behavioral training, surgery was
performed for electrode implantation.
Electrode implantaion: The electrodes and microdrives were
essentially identical to those used in previous studies by the authors
(Takahashi and Sakurai, 2005, 2007, 2009a, 2009b; Sakurai and
Takahashi, 2013), except that each electrode bundle comprised 6 or
12 tungsten microwires (12.5 m diameter; California Fine Wire,
CA, USA). After completion of behavioral operant conditioning, the
electrode bundles were surgically implanted into the rat’s primary
motor cortex ( + 3.4 mm from bregma, 3.2 mm from mid-line) under
anesthesia (isoﬂurane, approximately 2.5%).
Recording and spike detection: After recovery, multi-neuronal
activity from the rats was recorded extracellularly, and spiking
activity from individual neurons was detected using the origi-
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Fig. 2. An example of the activity of separated two single neurons of the motor cortex during the ﬁrst day (Day 1) and the last day (Day 4) of conditioning.
The averaged spike waveforms on each channel (microwires 1–8 in this example) of the electrode bundle are shown. Each row of 8 waveforms is judged to represent a single
neuron by the spike-sorting system. All spikes in each row including very small ones contributed to the calculation of spike-sorting (see Takahashi and Sakurai, 2005; Sakurai
and Takahashi, 2013 for detail). The single neuron represented by the ﬁrst row was the target neuron used for conditioning.

nal system for real-time and automatic sorting of multi-neuronal
activity using independent component analysis (ICA) (Takahashi
and Sakurai, 2005, 2013). Stable single-neuron activity for neural
operant conditioning was identiﬁed by lowering the tips of the electrodes approximately 90 m per day. Three criteria were set for
recruiting suitable neurons (target neurons) for conditioning: the
amplitude of each spike from a neuron was constant for at least 2
successive days; the mean ﬁring rate was 3–8 Hz; and, ﬁnally, the
signal-to-noise ratio was > 3. Only neurons that fulﬁlled all criteria
were selected as targets for neuronal operant conditioning (Fig. 2).
Neuronal operant conditioning: Spikes from each of the selected
target neurons were counted as the rats moved freely, and a
threshold was set for each target neuron for reward delivery. The
recording time to obtain spike data to determine thresholds was
20 s and the bin to count spike occurrences was 20 min. The number
of spikes counted during the 20 s period were averaged per second (3.0–8.2, mean 5.2) and used as the threshold. During a trial of
neuronal operant conditioning, the rats were rewarded whenever
the number of spikes from the target neurons reached a “reinforcement threshold” (Fig. 1B). In the FR schedule, the values of
reinforcement threshold were ﬁxed and identical with previously
determined thresholds. In the VR schedule, the values of reinforcement threshold were not ﬁxed, but randomly varied from trial to
trial, ranging from 60, 80, 100, 120, and 140% of the previously
determined thresholds so that the rats could not predict reward
delivery. The means of varied reinforcement thresholds in each
session were always identical to those in the FR schedule (i.e.,
previously determined thresholds). The total number of spikes for
reward in the VR schedule was set to be almost identical with that
in the FR schedule for each neuron. Following reward delivery, a 1 s
ingestion period was imposed, and the spike counter was reset to

zero and the next trial started without inter-trial intervals. One session consisted of 100 trials (100 reward deliveries) and rats were
trained for two sessions per day. The rats were divided into two
groups: one group was trained with the FR schedule (n = 3) and the
other with the VR schedule (n = 4).
On average, spikes from two or three neurons were recorded
simultaneously in each rat. Target neurons were selected based on
the criteria described above among the neurons recorded simultaneously and were used for operant conditioning. Only neuron
spikes that were recorded > 4 consecutive days were included in
data analysis. The time intervals between reward deliveries—not
including the 1 s ingestion period—were used as the values of “performance” of operant conditioning. Only the performance values
obtained at 100% of threshold were used for comparison between
the FR and VR schedules.
Among all data, a review of the video recordings of the rats’
bodily movements provided no clear evidence of speciﬁc behavioral changes during neuronal operant conditioning. Data of ﬁne
bodily movements detected by the three-axis accelerometer from
three of the rats also provided no clear behavioral changes prior to
reward delivery during the neuronal operant conditioning (Fig. 3).
Comparison of the effects of the reinforcement schedules revealed
that the performance of each neuron was enhanced in the FR
(ANOVA, F(3,8) = 5.71, p < 0.05) but not in the VR schedule (ANOVA,
F(312) = .21, n.s.) (Fig. 4A). Compared with the ﬁrst day, a statistically signiﬁcant enhancement in performance was observed on
the ﬁnal day of operant conditioning in the FR schedule (t-test,
t(4) = 3.08, p < 0.05). However, there was no signiﬁcant difference
between the performances on the ﬁrst and the last days in the VR
schedule (t-test, t(6) = 0.17, n.s.). These results suggest that during
the operant conditionings, the rats in the FR schedule learned to
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Fig. 3. An example of bodily movements detected by the three-axis accelerometer from one rat during the second day (Session 3, top) and the last day (Session 7, bottom)
of the neuronal operant conditioning using FR schedule.
The vertical axis of each plot indicates signal vector magnitude of 3 axes (x, y, z) in gravitational force (Robert et al., 2009). The horizontal axis indicates time in second just
prior to reward delivery. The dots represent data of all trials in each session (100 trials) and thus one dot sometimes includes data of several trials. The horizontal straight
lines represent results of linear regression analysis to check speciﬁc changes in the level of movements in the rat. Session 3 in the second day was used for the data in the
early period of conditioning, because the rats were not fully accustomed to the experimental procedure in the ﬁrst day and had a possibility to show irregular and unusual
movements.

enhance their neuron ﬁring rates to obtain rewards; however, the
rats reinforced by the VR schedule exhibited no such learning until
the last day.
A two-way repeated measures ANOVA demonstrated only
marginal signiﬁcance in the main effect of reinforcement schedules
(F(1,5) = 4.98, p = 0.076) as well as in interaction between reinforcement schedules and training days (F(1.94,9.72) = 3.17, p = 0.088)
in the total period of training. However, the Bonferroni post-hoc
analysis indicated that the performance in the FR schedule was signiﬁcantly higher compared with the VR schedule (p < 0.05) on the
last day of conditioning (Fig. 4B).
Neuronal operant conditioning with successive FR-VR schedules
was also performed to test the effect of different reinforcement
schedules on neuronal activity from the same neurons. The FR
schedule was applied during the ﬁrst two days and the VR schedule
during the last two days (n = 2). Simple linear regression analysis of
the FR, VR, and FR-VR data (Fig. 4C) demonstrated that the recorded
neurons in the FR-VR schedules improved their performance (y = 2.6835x + 25.168, R2 = 0.645, p < 0.05) (FR-VR in Fig. 2C), which was
similar in FR schedule (y = -2.3468x + 23.243, R2 = 0.68, p < 0.001).
This result was noticeable compared with the poor performance
in the VR schedule alone (y = 0.1022x + 20.126, R2 = 0.002, n.s.) (VR
in Fig. 4C), suggesting that the VR schedule may lead to successful
operant conditioning of neuronal activity by being combined with
different reinforcement schedules such as the FR.
Most previous studies investigating neuronal operant conditioning used a continuous reinforcement schedule (CRF) or simple
intermittent reinforcement schedules in discrete type situations
(Arduin et al., 2013; Engelhard et al., 2013; Sakurai and Takahashi,
2013). This study was the ﬁrst to investigate the effect of basic and

different reinforcement schedules in the free operant type situation on neuronal operant conditioning using long-term recording
of single neuronal spiking for four days of training. The result
demonstrated that neuron activity was successfully conditioned
in the FR schedule but not in the VR schedule when they were
applied individually (Fig. 4A). This was unexpected because the animals’ responses can be easily conditioned in both schedules, and
the conditioned response rates are generally higher in VR than in
FR schedules in behavioral operant conditioning (Reynolds, 1975).
However, the rats could be conditioned in the FR-VR schedules
(Fig. 4C), meaning that the training in the FR schedule could “shape”
rat’s responses applicable in the VR schedule. Therefore, the results
also conclude that neuronal activity was successfully conditioned in
the FR schedule without shaping procedures, but in the VR schedule
it could be conditioned only with the shaping procedure.
On the basis of observation by the video camera and detection
of ﬁne movements by the three-axis accelerometer (Fig. 3), we concluded that there was no speciﬁc behavioral change during the
neuronal operant conditioning. This indicates that motor cortical
neurons could be conditioned to increase their ﬁring rates with no
increment of bodily movements. The key mechanism to explain
such discrepancy of motor cortical activity and bodily movements
was the learning-dependent plastic connections between motor
cortical neurons and body muscles, formerly suggested in Fetz and
Cheney (1987) and Chapin et al. (1999).
While neuronal and behavioral operant conditioning appear
to share basic features in underlying assumptions and outcomes,
some key features, such as reinforcement schedules, have not been
studied in detail in neuronal operant conditioning. Although the
mechanisms of such key features are currently unclear, it is cer-
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Fig. 4. The effect of different reinforcement schedules on the rats’ performance across four successive training days.
The rats were trained for two sessions per day, and the data from two sessions in one day were used for statistical analysis. The vertical axes indicate performance, interval
times taken for the rats to obtain a reward in each trial and, therefore, the lower value means the better performance. (A) The performance of rats in the ﬁxed ratio (FR, left)
and variable ratio (VR, right) schedules during neuronal operant conditioning. (B) The interaction between reinforcement schedules and training days. (C) Linear regression
analysis for FR alone (left), VR alone (middle), and successive FR-VR (right) schedules.

tain that the principles of operant conditioning of neuronal activity
are different from those of behavioral responses. Moving to the
practical perspective for the development of BMIs, the FR schedule
of reinforcement may be more appropriate for training to control
external devices using BMIs.
Although this short paper describes only the learning processes
in neuronal operant conditioning with different schedules of reinforcement, changes in ﬁring rate and synchrony of neurons during
conditioning should be examined in detail to observe dynamic
changes in neuronal functions in operant conditioning (e.g., Sakurai
and Takahashi, 2013). We plan to report the results of such an
examination in the near future.
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