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The mediodorsal nucleus of the thalamus (MD) is reciprocally connected with the prefrontal cortex (PFC), and although the MD has been
implicated in a range of PFC-dependent cognitive functions (Watanabe and Funahashi, 2012; Mitchell and Chakraborty, 2013; Par-
naudeau et al., 2018), little is known about how MD neurons in the primate participate specifically in cognitive control, a capability that
reflects the ability to use contextual information (such as a rule) to modify responses to environmental stimuli. To learn how the MD-PFC
thalamocortical network is engaged to mediate forms of cognitive control that are selectively disrupted in schizophrenia, we trained male
monkeys to perform a variant of the AX continuous performance task, which reliably measures cognitive control deficits in patients
(Henderson et al., 2012) and used linear multielectrode arrays to record neural activity in the MD and PFC simultaneously. We found that
the two structures made clearly different contributions to distributed processing for cognitive control: MD neurons were specialized for
decision-making and response selection, whereas prefrontal neurons were specialized to preferentially encode the environmental state
on which the decision was based. In addition, we observed that functional coupling between MD and PFC was strongest when the decision
as to which of the two responses in the task to execute was being made. These findings delineate unique contributions of MD and PFC to
distributed processing for cognitive control and characterized neural dynamics in this network associated with normative cognitive
control performance.
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Introduction
Cognitive control is the ability to use internally stored rules or
goals to modify mapping between sensory inputs and motor out-

puts, the flexible and purposeful resolution of action conflict. The
prefrontal cortex (PFC) has been implicated as a key brain region
involved in a number of aspects of cognitive control, including
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Significance Statement

Cognitive control is fundamental to healthy human executive functioning (Miller and Cohen, 2001) and deficits in patients with
schizophrenia relate to decreased functional activation of the MD thalamus and the prefrontal cortex (Minzenberg et al., 2009),
which are reciprocally linked (Goldman-Rakic and Porrino, 1985; Xiao et al., 2009). We carry out simultaneous neural recordings in
the MD and PFC while monkeys perform a cognitive control task translated from patients with schizophrenia to relate thalamocortical
dynamics to cognitive control performance. Our data suggest that state representation and decision-making computations for cognitive
control are preferentially performed by PFC and MD, respectively. This suggests experiments to parse decision-making and state repre-
sentation deficits in patients while providing novel computational targets for future therapies.
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the neural representation of abstract internal state variables that
govern flexible and context-appropriate action (Goldman-Rakic,
1987; Miller and Cohen, 2001; Schiffer et al., 2015). PFC neurons
have been shown to encode the state of the task (Asaad et al.,
2000), rules (Wallis et al., 2001; Buschman et al., 2012), and
abstract categories (Christoff et al., 2009; Goodwin et al., 2012;
Crowe et al., 2013), and rapidly adapt to changes in rules by
adjusting how stimuli are mapped to categories (Roy et al., 2010;
Goodwin et al., 2012; Mante et al., 2013; Crowe et al., 2014;
Blackman et al., 2016). Although cognitive control is most com-
monly considered a cortical function, the mediodorsal nucleus of
the thalamus (MD) has arisen as a potential contributor to cog-
nitive control due to both its anatomical connectivity with the
PFC (Goldman-Rakic and Porrino, 1985; Xiao et al., 2009) and
its coactivation with PFC during cognitive processing. During
working memory tasks, primate MD neurons exhibit persistent
delay period activity and transmit signals encoding memory-
dependent motor responses to PFC (Fuster and Alexander, 1973;
Sommer and Wurtz, 2002, 2004a,b; Watanabe and Funahashi,
2004a,b, 2018; Watanabe et al., 2009). Furthermore, the PFC and
MD physiologically interact during working memory, as indi-
cated by the finding that PFC inactivation attenuates working
memory signals in the MD in primates (Alexander and Fuster,
1973) and rodent studies report that MD inactivation reduces
working memory signals in the medial PFC (Bolkan et al., 2017;
Schmitt et al., 2017). Additionally, MD lesions in monkeys (Isse-
roff et al., 1982; Zola-Morgan and Squire, 1985; Parker et al.,
1997) and inactivation of the MD in rodents (Parnaudeau et al.,
2013, 2015, 2018) produce working memory deficits and behav-
ioral inflexibility and lesions in humans restricted to the MD
produce executive control deficits (Van der Werf et al., 2000,
2003). However, to our knowledge, no prior study has recorded
the activity of MD and PFC neurons simultaneously during a
cognitive control task, particularly one that measures selective
cognitive control deficits in patients with schizophrenia (Mac-
Donald et al., 2005b; Henderson et al., 2012).

To relate the computations required for forms of cognitive
control that are disrupted in schizophrenia to the activity of in-
dividual neurons in prefrontal networks, our lab recently trans-
lated a variant of the AX continuous performance task (AX-CPT)
known as the dot-pattern expectancy (DPX) task that measures
deficits in patients to nonhuman primates (Blackman et al., 2013,
2016; Zick et al., 2018). In the current study we use linear elec-
trode arrays to record MD and PFC neural activity simultane-
ously during DPX task performance. The goals of the current
experiment were to: (1) determine whether and how MD neu-
rons contribute to cognitive control, (2) contrast computations
performed by MD and PFC neurons for cognitive control, and
(3) relate functional communication between MD and PFC
neurons to cognitive control. This allowed us to characterize
thalamocortical dynamics during normative performance, the
disruption of which could lead to cognitive control failure in
schizophrenia. We found that MD and PFC neurons made
unique contributions to distributed processing for cognitive con-
trol: MD neurons were specialized for decision-making and re-

sponse execution, whereas PFC neurons were specialized to
represent the environmental state on which the decision was
based. Finally, functional coupling between MD and PFC neu-
rons was strongest at the time when the decision was made. These
data argue that MD and PFC make differential contributions to
cognitive control, raising the question whether state representa-
tion or decision-making deficits contribute most directly to cog-
nitive control in schizophrenia.

Materials and Methods
Subjects
We recorded neural activity in the dorsolateral PFC and the MD in two male
monkeys (Macaca mulatta; 8–11 kg) during performance of the DPX task
(Fig. 1A). All animal care and experimental procedures conformed to the
National Institutes of Health guidelines and complied with protocols ap-
proved by the Animal Care and Use committee at the University of Minne-
sota and the Minneapolis Veterans Affairs Medical Center.

The DPX task and conditions
The DPX task was described in detail in a previous report from our
laboratory (Blackman et al., 2013). Monkeys sat in a primate chair �77.5
cm in front of a back-projection screen. An LCD projector (Dell 5100MP
DLP) presented the visual stimuli. An infrared eye tracking system
(ISCAN) recorded eye position at 60 Hz. Each trial consisted of a cue
stimulus and probe stimulus presented in sequence, followed by a joy-
stick response (left or right) depending on cue-probe sequence shown.
Cue and probe stimuli consisted of patterns of dots: A-cues and X-probes
each consisted of a single dot pattern, whereas B-cues and Y-probes were
any of five dot patterns each (Fig. 1B). Trials began with a 500 ms period
of gaze fixation of a central fixation target (cross). Gaze fixation within
3.3° of the fixation cross was required until the response was made. If
monkeys broke gaze fixation before the response the trial was aborted.
After the initial fixation period, a cue stimulus was presented at the center
of the display for 1.0 s. Following the presentation of the cue there was a
1.0 s delay period that contained only the fixation cross. Next a probe
stimulus was displayed for 0.5 s at the center of the display. The cue and
probe stimuli subtended 2.7– 4.4° of visual angle (Fig. 1B). From the time
the probe stimulus was presented, the monkey had 1.0 s to move a hand-
held joystick to the left or right. Trials in which an A-cue was followed by
an X-probe (AX trials) were “valid” trials, requiring a leftward joystick
movement (target response). All other cue-probe combinations (AY, BX,
and BY) were “invalid” trials that required a rightward joystick move-
ment (nontarget response; Fig. 1C). The probe was presented for the
entirety of the 0.5 s probe period, regardless of the time of the response
(analogous to the way the task is administered for human subjects).
Monkeys were rewarded with a drop of juice (�0.1 ml) at the end of the
intertrial interval (1.1 s after probe offset) for correctly performed trials.

We administered the DPX task in two different trial sets, balanced and
prepotent, which differed in the proportion of trials with different cue-
probe combinations. In balanced sets there were an equal proportion of
the four cue-probe trial sequences (AX, AY, BX, BY). These included 80,
200, or 400 trials [in 20, 27, and 1 neural ensemble(s), respectively]. In
prepotent trial sets the majority of trials (69%) presented the target cue-
probe sequence (AX). The remaining trials (31%) presented nontarget
cue-probe sequences (AY 12.5%, BX 12.5%, BY 6%). Prepotent trial
proportions followed from the DPX task and AX-CPT that were admin-
istered to patients (MacDonald et al., 2005a; Jones et al., 2010). Prepotent
sets included either 320 or 400 trials total (in 19 and 29 ensembles,
respectively). For neural ensembles included in this study, we recorded
neural activity during the performance of both a balanced and prepotent
trial set. The prepotent sets presumably create a prepotent motor habit to
produce the leftward joystick movement in response to the X-probe
presentation, as this was the required response �4/5 of the times the
X-probe was presented. Overriding this habitual response to the X-probe
on B-cue trials therefore required utilization of cognitive control to
countermand a prepotent action.

Monkeys received an intramuscular injection of saline [Monkey 1
(Mk1): 0.3 ml; Monkey 2 (Mk2): 0.6 ml] before recording neurophysio-
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logical data for 18 of the 48 neural ensembles included in this study.
These saline injections were part of a study to investigate the effects of the
NMDA receptor antagonist phencyclidine on the neural activity in the
mediodorsal nucleus of the thalamus and the PFC. All neural data in-
cluded in the present study were recorded before monkeys had ever been
exposed to phencyclidine.

Neural recording
Before surgery structural MRI images of monkeys were obtained at 3T to
localize target recording regions: the banks of the principal sulcus in PFC
(Brodmann area 46) and the MD (Fig. 2). Recording grid and electrode
penetration locations were projected onto monkey-specific cortical sur-
face reconstructions of the locations of cortical sulci obtained from MRI
images (Fig. 2 A, B). To visualize electrode trajectories in depth and target
the MD, we used the Cicerone software package (Miocinovic et al., 2007)
that generated 3D rotatable MRI volumes from the 2D image stack and
visualized chamber placements and electrode angles. This allowed for
more precise chamber placement to achieve specific electrode angles that
intersected the MD in each monkey. Following recording, we obtained
CT scans to visualize recording locations. We inserted stainless steel
probes of approximately the same diameter as the recording electrodes
passing through the center of locations and depths where MD neural
recordings were conducted. The steel probe was visible in the CT scans.
We uploaded the CT image stack into Cicerone and aligned the CT and
prerecording MR image stacks. We confirmed the trajectory of the elec-
trode penetrations that intersected the MD and plotted the targeted
dorsal surface penetrations of the electrode in each monkey (Fig.
2C–F; eliminating data from 2 d of recording in which the electrode
missed MD).

Monkeys underwent an aseptic surgical procedure under isoflurane
gas anesthesia (1–2%). Two craniotomies were made in the skull, one
positioned to allow recordings from the dorsolateral PFC and one posi-
tioned to allow recordings from the mediodorsal nucleus of the thalamus
in the left cerebral hemisphere. Five titanium posts were screwed to the

surface of the skill using titanium screws. PEEK plastic recording cham-
bers [PFC: 19 mm inner diameter (i.d.); MD: 16 mm i.d.] were placed
over the craniotomies and fixed to the screws and posts using surgical
bone cement. A halo was attached to the posts using metal tabs for head
stabilization. Postsurgical analgesia was maintained for several days us-
ing an injectable analgesic (Buprenex, 0.05 mg/kg i.m., twice a day).

Neurophysiological recordings were obtained using dual 32-channel
silicone vector arrays [NeuroNexus Technologies, Acute Vector Array
(Deep Brain)] each advanced independently into the brain using a NAN
motorized Microdrive (NAN Instruments, NAN C Drives). Two vector
array electrode geometries were used throughout the experiment
(“Edge”, 32 electrodes in a linear array, 100 �m spacing; and the “Poly2”,
2 staggered 16 electrode linear arrays, 50 �m spacing). Electrode arrays
were fixed to the end of a 400 �m outer diameter (o.d.) stainless steel tube
support body. We advanced each electrode array through a stainless-steel
guide tube (600 �m o.d.), which penetrated the dura. The edge design
was used for MD recording in 29 ensembles and the poly2 design was
used in the remaining 19 ensembles. The poly2 design was used for all 48
ensembles in the PFC. Neural data were recorded via a 64-channel digital
signal processing data acquisition system (Tucker-Davis Technologies).
Recorded signals on each electrode were amplified and bandpass filtered
(between 100 and 5000 Hz) and monitored during neural recording for
the emergence of spiking neural activity once electrodes passed from
white matter into the MD nucleus and to evaluate stability of spiking
activity during recording. Amplified and filtered electrode signals were
sampled at a frequency of 24,414.1 Hz and saved to disk along with time
stamps indicating behavioral events. We sorted the action potentials of
individual neurons based on a principle components analysis of recorded
signals implemented by an open-source software package (KiloSort
Suite; Pachitariu et al., 2016).

Data analysis
Behavioral analysis. We analyzed differences in proportion of trials per-
formed correctly as a function of trial type (cue-probe sequence) using

Figure 1. The DPX task and behavioral performance. A, Cue-probe sequence on AX and BX trials. The cue was presented for 1.0 s, followed by a 1.0 s delay period, followed by a 0.5 s presentation
of the probe. The monkey could respond from probe onset until 0.5 s following probe offset. The intertrial interval was 1.1 s. Top Row, AX valid sequence requiring leftward (target) joystick
movement. Bottom Row, BX invalid sequence requiring rightward (nontarget) movement. ITI, Intertrial interval. B, All cue and probe dot patterns used. A-cue and X-probe consisted of a single dot
pattern each, whereas B-cues and Y-probes consisted of five different dot patterns each. C, The correct movement direction was dependent on the combination of the cue and probe stimuli. The
combination of an A-cue and an X-probe required the target, left (L) response. All other combinations (AY; BX; BY) required a nontarget, right (R) response. D, E, Mean (�2 SEM) proportion of trials
correct (D) and reaction time in seconds (E) is shown split by trial type (cue-probe sequence) and by monkey (Mk 1, open circles and dashed lines; Mk 2, closed circles and solid line). Prepotent and
balanced sets combined.
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the � 2 test of independence applied to contingency tables containing
counts of correct and error trials per trial type ( p � 0.05). We analyzed
differences in response time as a function of trial type using a Kruskal–
Wallis test followed by post hoc pairwise Tukey–Kramer tests.

ANCOVA-based classification of neural activity. We applied analysis of
covariance (ANCOVA) to trialwise firing rates measured within cue,
delay, probe and response periods to detect significant modulation of
neural activity in relation to task variables. Cue, delay and probe periods
were coextensive with their corresponding task epochs (Fig. 1). The re-
sponse period was � 200 ms centered on the time of the motor response
which was indicted by the closure of a switch caused by movement of the
joystick. We used firing rates in the pre-cue fixation period as a covariate
to control for trial-by-trial fluctuations in baseline activity. We applied
ANCOVA to firing rates combined across prepotent and balanced trial
sets. To identify neurons in which activity varied as a function of the cue
stimulus during the cue or delay periods we applied a one-way ANCOVA
with cue (A- vs B-cue) as the single factor to firing rates in these time
periods. To identify neurons in which activity varied as a function of the
cue and probe stimulus during the probe period, we applied a two-way
ANCOVA with the cue stimulus (A vs B) and the probe stimulus (X vs Y)
as the factors. To identify neurons in which activity varied as a function of
the response, we applied a one-way ANCOVA with response direction
(target vs nontarget) as the single factor. Neurons were classified on the
basis of the trial periods and the task factors yielding significance in the
ANCOVAs ( p � 0.05) as well as their preference for specific stimuli (A-
vs B-cues, X- vs Y-probes) or response directions (target vs nontarget).
Additionally, we differentiated between neurons that exhibited cue-

selective activity during the cue period (“early cue” neurons), delay pe-
riod (“delay cue”), or probe period (“late cue”).

To determine whether the proportions of neurons with different types
of task-related activity significantly differed between MD and PFC, we
performed Z tests of proportions on neuron counts. To determine
whether populations of cue, probe and response neurons were signifi-
cantly biased in their preferences for specific stimuli or response direc-
tions, we performed a Z test of proportions on counts of neurons
preferring different stimuli and responses during different task epochs
( p � 0.05, two-tailed).

Analysis of population average activity. To obtain continuous estima-
tions of firing rate over time [spike density functions (SDFs)], we con-
volved each neuron’s spike train with a Gaussian kernel (� � 40 ms)
using the “ksdensity” function in MATLAB. We averaged single trial
SDFs over groups of trials with the same cue-probe sequence (AX, AY,
BX, BY) for each neuron (Fig. 4). We then averaged SDFs over neurons
within the same ANCOVA-defined categories to visualize the diversity of
population activity patterns present (Fig. 5).

We found that individual neurons often exhibited different stimulus
or response preferences at different times in the trial (Fig. 5), producing
multiple significant relationships to task variables in the ANCOVA. We
identified seven neuronal groups each of which exhibited a distinct and
consistent pattern of activity modulation and stimulus/response prefer-
ence during the cue, delay, probe and response periods (Fig. 6). Neurons
were assigned to one of the seven groups (so that the groups were non-
overlapping) based on the pattern of significance obtained in the AN-
COVA. Group 1 neurons (“Early A-cue”) significantly preferred the A-cue

Figure 2. Reconstructions of electrode array recording sites. A, B, Two-dimensional (2D) reconstructions of chamber and grid locations (red dots indicate grid locations used to record neural data
and points of electrode entry at the cortical surface) superimposed on a dorsal view of sulcal anatomy in Mk1 (A) and Mk 2 (B). PS, Principal sulcus; AS, arcuate sulcus; CS, central Sulcus; IPS,
intraparietal sulcus. C, D, Images show superposition of electrode trajectory (gray line through blue chamber) targeting MD in three-dimensional (3D) reconstruction of MR image sequence with
coregistered CT images in Mk 1 (C) and Mk 2 (D). Magenta chambers, prefrontal; blue chambers, thalamic chambers. Yellow region indicates location of MD in the Cicerone brain atlas after fitting
the thalamus in atlas to each monkey’s thalamus in the MR sequence. E, F, Volumetric reconstructions of MD thalamus from an axial view, based on primate brain atlas in Cicerone. Yellow dots are
the targeted entry points of the electrode on the surface of the MD.
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during the cue period. Group 2 neurons significantly preferred the B-cue
during the cue period or the Y-probe during the probe period (“Early
B-cue” or “Y-probe”). Group 3 neurons significantly preferred the A-cue
during the delay or probe periods (“Delay A-cue” or “Late A-cue’).
Group 4 neurons significantly preferred the B-cue during the delay or
probe periods (“Delay B-cue” or “Late B-cue”). Group 5 neurons signif-
icantly preferred the X-probe during the probe period. Groups 6 and 7
neurons significantly preferred the target (Group 6) and nontarget
(Group 7) response directions during the response period, respectively.
If a neuron was significantly modulated based on multiple task factors as
indicated by the pattern of results in the ANCOVA above, assignment to
one group was determined by the factor associated with the most signif-
icant p value. This grouping scheme is a modification of one we devel-
oped previously to describe the heterogeneity of neural responses in PFC
(Blackman et al., 2016), elaborated in the present case to accommodate
additional neuron types that were prominent in the MD.

Cue preference index. A prominent pattern of activity (in “switch”
neurons) consisted of increased activity during the cue period on B-cue
trials, and increased activation during the probe period on A-cue trials.
To quantify the tendency of neurons to switch their cue preference from
B to A between the cue and probe periods, we first computed the cue
preference indices contrasting activity on A-cue and B-cue trials using
activity in the cue and probe periods, as follows:

Indexcue �
� Acue � Bcue�

� Acue � Bcue�
,

Indexprobe �
� Aprobe � Bprobe�

� Aprobe � Bprobe�
.

A is the average firing rate of a given neuron during A-cue trials and B is
the average firing rate of the same neuron during B-cue trials. Subscripts
indicate whether firing rates were taken from the cue or probe periods.
Then to capture the switch in cue preference from the cue to probe
period, we computed the difference in corresponding cue preference
indices:

Indexswitch � Indexprobe � Indexcue.

We considered the switch index for a given neuron significant if it was
�97.5 or �2.5 percentile of a bootstrap distribution of switch indices
computed after randomly shuffling firing rates between A-cue and B-cue
conditions ( p � 0.05, two-tailed). We applied the Z test of proportions
( p � 0.05) to contrast numbers of neurons that switched from early
B-cue to late A-cue preference to the number of neurons showing the
reverse preference (early A-cue to late B-cue) in each area. We addition-
ally applied the Z test of proportions to contrast the number of switch
neurons (early B-cue to late A-cue) in the MD and the PFC.

Analysis of cognitive control load on neural activity. On prepotent trial
sets, during the cue period, B-cues were associated with high cognitive
control load (because they countermanded the habitual target response)
and A-cues with low cognitive control load. The difference in firing rate
between B- and A-cue trials during the cue period therefore provides a
measure of cognitive control encoding. Similarly, during the probe pe-
riod, AY trials were associated with high cognitive control load (because
the Y-probe countermanded the habitual target response implied by the
A-cue), and AX trials with low cognitive control load. To measure the
influence of cognitive control on neural activity, we computed the dif-
ference in firing rate during the cue period on B-cue and A-cue trials, as
well as the difference in firing rate during the probe period on AY and AX
trials. We then compared these rate differences on a per neuron basis
between balanced and prepotent trial sets and evaluated differences be-
tween task sets using a permutation test in which we shuffled trials of
neural activity between the two sets and recomputed rate differences (100
iterations). We considered the difference in cognitive control effects on
neural activity between balanced and prepotent datasets significant if it
exceeded the 95th percentile of the bootstrap distribution ( p � 0.05).

Sliding-window regression analysis. We applied a sliding-window re-
gression analysis to evaluate the strength and significance of the relation-
ship between neuronal activity and task variables as a function of time

within the trial. We measured firing rates of single neurons on correct
trials of prepotent (see Fig. 9) trial sets, separately, within a sliding 100 ms
window (advanced in 20 ms steps), and at each time step regressed the
trial-by-trial firing rates onto the cue, probe, and response by fitting the
following linear models:

R � �0 � �1Cue � �2Probe � �3Cue � Probe � 	,

R � �0 � �1Response � 	.

R is firing rate, Cue (A vs B), Probe (X vs Y), and Response (target vs
nontarget) were dummy coded categorical variables, and E is the error
(residual). The results of the regression analysis were then expressed as
the proportion of explainable variance (PEV) associated with each re-
gressor (Brincat and Miller, 2016), computed using the formula of (Ole-
jnik and Algina, 2003):


2 �
SSbetween groups � df � MSE

SStotal � MSE
.

To visualize the sequential recruitment of neurons, we ranked neurons
according to the time within the trial that they were maximally activated
as measured by the time to each neuron’s peak PEV. To carry out the
ranking, we divided trials into odd and even trial subsets (based on the
trial number) and performed separate regression analyses for each neu-
ron on the two trial subsets. We then determined the time to peak PEV
using the regression results obtained from one-half of the trials, and
ranked neurons on this basis to define their sequential activation. We
then plotted PEV time series for each neuron based on this ranking but
using the results of the regression analysis applied to the other half of the
trials (see Fig. 9A–C). This cross-validated the ranking procedure to in-
crease its robustness and reduced the influence of noise in the PEV time
series on the ranking. To compare time and strength of recruitment
between PFC and MD, we restricted the analysis to equal numbers of
neurons in the two areas.

To determine whether there was a significant difference in the timing
of signals across brain areas, we applied a Kolmogorov–Smirnov test to
the cumulative distributions of the time to peak PEV. Additionally, we
evaluated the significance of differences in population average PEV
across the trial period between areas using a permutation test. We ran-
domly shuffled regression results (PEV time series) between brain areas
on a per neuron basis (1000 iterations) and compared the original differ-
ence between MD and PFC to the differences obtained from the boot-
strap distribution. We considered area differences significant if they
exceeded the 95th percentile of the bootstrap distribution.

We contrasted PEV time series derived from neural activity on correct
and error trials to identify changes in single-neuron encoding of task
variables that predicted behavioral outcome (see Fig. 11 B, C).

Population decoding analysis. To quantify information encoded by
population activity patterns in the MD and PFC about the cue, probe,
and response, we performed time-resolved pattern classification (Klecka,
1980; Johnson and Wichern, 1998; Crowe et al., 2010; see Fig. 10). We
used the “classify” MATLAB function (using empirical prior probabili-
ties and “diaglinear” covariance matrix estimation). We measured the
firing rates of all significant neurons or neurons in specific functional
groups in a sequence of 50 ms time bins throughout the trial. At each 50
ms time step, we used population activity patterns to decode the cue,
probe, and response on individual trials by constructing a vector of firing
rates representing the population activity pattern at that time point. To
construct this vector, we matched trials over recording days according to
the trial repetition number of each of the decoded task variables (the first
A-cue trial for each neuron, for example) and included firing rates in
three consecutive 50 ms time bins from each neuron comprising a 150 ms
sliding window. We used leave-one-out cross validation to perform the
decoding. All trials (except the trial being decoded) were used as the
training data to compute the mean (centroid) and covariance matrix of
population activity patterns for subsets of trials corresponding to the
potential values of the decoded variable (A- and B-cue when decoding
cue, for example). We then computed the Euclidean distance between the
population activity pattern on the decoded trial in a specific time bin and
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the two group centroids computed using neural activity in the same time
bin in the training data. That is, we allowed the group centroids defining
the population codes for the decoded variable to change over time, and
always compared population activity patterns to group centroids com-
puted using training data at the same time point. We then converted the
distance between the population activity pattern and the group centroids
to posterior probabilities of the trial belonging to each of the two groups
under the assumption that the distribution of population activity pat-
terns in each group was multivariate normal. We assigned the trial to the
group with the higher posterior probability. Repeating the decoding over
time bins produced a time series of posterior probabilities quantifying
fluctuations in the strength of population signals encoding specific items
of task-defined information.

We included neurons in the populations if they had been recorded for
a minimum number of trials in each set (70 trials for balanced and 230
trials for prepotent sets). We then ranked neurons in the two areas ac-
cording to the significance of the p value defining their group member-
ship, and selected matching numbers of the most significant neurons in
both the MD and the PFC. Equalizing neuron numbers and trial num-
bers removed differences between them as potential factors that would
confound comparison between the strength of population encoding in
the MD and the PFC. We used a permutation test repeating the decoding
analysis after randomly shuffling trials of posterior probability time se-
ries between brain areas (1000 permutations). We considered original
differences in decoding between brain areas significant if they exceeded
the 95th percentile of the bootstrap distribution of differences obtained
after shuffling trials.

To determine whether changes in population representation were pre-
dictive of behavioral errors, we used the above procedure to decode trial
outcome (success/error) on BX trials as a binary variable from popula-
tion activity patterns (see Fig. 11A). We restricted the analysis to include
neurons across all functional groups (Fig. 6, Groups 1–7) with neural
activity on seven error trials and seven correct trials. We also expanded
the sliding window in this trial outcome decoding analysis to consist of
six consecutive 50 ms time bins, comprising a 300 ms sliding window.

To determine whether changes in population representation corre-
lated with the speed of the behavioral response, we ranked all trials for
each neuron according to response time (RT) on that trial, and median
split the trials into fast and slow RT categories. We then applied the above
decoding procedure to decode RT speed as a binary variable (fast/slow)
from population activity patterns (see Fig. 12).

Signal transmission analysis. We applied a signal transmission analysis
(Crowe et al., 2013) to measure temporal covariation in the information
about task variables encoded by groups of simultaneously recorded neu-
rons in MD and PFC. The logic of this analysis is that lagged correlation
in coded information is likely to reflect physiological interaction between
the groups of neurons. First, we identified subsets of neurons within each
ensemble that encoded task variables of interest (as determined by
ANCOVA-based classification above). Next, we applied time-resolved
pattern classification to decode task variables using activity patterns in
the neural subsets. This is analogous to the population decoding above
except that neurons were limited to the sets of neurons in the PFC and
MD that were recorded simultaneously. The decoding produced two
posterior probability time series that capture moment-to-moment fluc-
tuation in the strength of neural signals encoding different task variables
in different brain structures. The question we addressed is whether these
fluctuations were correlated in time, and if so at what lag, to infer the
direction of flow of information between the groups of neurons. To
obtain unbiased estimates of correlation between the two time series, we
first removed linear trends and autocorrelation in the time series by
fitting an ARIMA (autoregressive, integrated moving average) model to
the probability time series. ARIMA models capture the variation in each
time series explainable by its own prior history. The first step in ARIMA
modeling is to difference the time series to remove time trends. Next a
regression is performed to predict the value at each time step as a
weighted sum of prior values. Finally, additional regression coefficients
are obtained to improve the prediction of the value at each time step by
including a weighted sum of prior errors in prediction. We used ARIMA
models of order [10,2,2], including regressors for the 10 prior values in

the time series, fitting the model after differencing the times series twice,
and including regressors to capture the influence of errors in estimation
for the prior two values. We then used the time series of residual posterior
probabilities after fitting the ARIMA model to evaluate correlation be-
tween time series. This reduced the influence of nonstationarity and
autocorrelation in the time series on estimates of their correlation. We
regressed one residual posterior probability time series onto the other
within a sliding window of 500 ms advanced in 50 ms time steps (at a lag
of either plus or minus one 50 ms time bin). This produced a time series
of F statistics that measured fluctuation in the strength of functional
coupling between groups of neurons that encoded task variables of in-
terest in the same area or in different brain areas. When evaluating infor-
mation transmission within area, the two groups of neurons were
exclusive, eliminating the chance that the same neuron contributed to
both times series at the final regression step.

Temporal covariation in the information coded by activity patterns in
MD and PFC neurons could reflect their common entrainment to exter-
nal events (such as stimuli or the motor response) rather than physiolog-
ical interaction between the neurons. To factor out the potential
influence of neural entrainment to external events, we conducted a per-
mutation test. We randomly shuffled trials of PFC and MD posterior
probability decoding time series and repeated the sliding-window regres-
sion using the trial shuffled data (100 iterations). Any temporal correla-
tion between brain areas present in the trial shuffled data would likely
reflect entrainment to external events (because the temporal relationship
between neural signals and external events was preserved in the trial
shuffling), rather than physiological interaction between neurons (be-
cause the trial shuffling broke the simultaneity of the neural signals in
PFC and MD precluding fluctuations in coded information from reflect-
ing real time physiological interactions between neurons in the 2 areas).
We corrected functional coupling time series (see Fig. 13) by subtracting
the mean F statistic of the trial-shuffled permutation distribution from
the original F statistic at each time point and considered transmission
significant at that time point if the original F statistic value exceeded the
95th percentile of the bootstrap distribution. We applied an FDR-
corrected method to maintain the overall type 1 error rate at 0.05 (Fu-
jisawa et al., 2008).

Results
Behavioral performance
The DPX task consists of four trial types based on four possible
combinations of the cue (A, B) and probe (X, Y) stimuli (AX, AY,
BX, BY; Fig. 1A–C) in sequence. Mk1 performed an average of
90% of DPX trials correctly and Mk2 performed an average of
92% of trials correctly. For both monkeys, performance varied as
a function of trial type (� 2 test: Mk1: AX � 90%, AY � 92%,
BX � 83% BY � 99%, � 2 � 364.81, p � 0.0001; Mk2: AX � 93%,
AY � 96%, BX � 80%, BY � 99%, � 2 � 269.41, p � 0.0001).
There was an increased error rate on BX trials in both monkeys,
indicating they occasionally released the prepotent target re-
sponse to the X-probe. However, performance was maintained at
80% correct or greater for each of the trial types (Fig. 1D). RT
varied significantly based on the trial type for both monkeys (Fig.
1E; Kruskal–Wallis test; Mk1 � 2 � 1401.61, p � 0.0001, and Mk2
� 2 � 2640.73, p � 0.0001). Post hoc testing using multiple com-
parisons of mean ranks (p � 0.01) indicated that for Mk two RTs
for A-cue trials were significantly longer than B-cue trials and RT
was greatest on AX trials (BX and BY were not significantly dif-
ferent from each other). RTs for Mk1 were significantly different
across trial types, with RT being greatest on AY trials.

Neural database
We recorded 48 neural ensembles in the PFC and MD simulta-
neously, during the performance of one balanced and one prepo-
tent set each. A total of 1105 neurons in the PFC and 1402
neurons in the MD (Mk1: 29 ensembles of 577 PFC neurons and
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887 MD neurons; Mk2: 19 ensembles of 528 PFC neurons and
515 MD neurons) were recorded. This included an average of 29
neurons in the MD (range 16 –50) and 23 neurons in the PFC
(range 9 –52) per ensemble. To target the PFC and MD reliably
and reproducibly, we inserted a grid into each recording chamber
(Fig. 2A,B, small black circles within each chamber indicate grid
hole locations). Each recording location (Fig. 2A,B, red circles)
produced between 1– 6 ensembles (average of 2 ensembles per
recording day). Points of electrode entry at the cortical surface
can be seen by comparing red dots to sulcal anatomy. Electrode
angle from these points of entry intersected MD at depth. We con-
firmed that electrode penetrations successfully reached the MD
by obtaining CT images of a metal probe inserted to the depth of
the MD during neural recording. We coregistered the CT images
visualizing the trajectory of the probe with the presurgical coro-
nal MR images at the level of the MD nucleus (3D reconstructions
shown; Fig. 2C,D). The location and volume of the MD nucleus
was estimated from a nonhuman primate structural brain atlas
integrated into the MR targeting system (Fig. 2C,D; yellow). We
then projected the electrode penetrations from which MD neural
activity was recorded onto the dorsal surface of the MD volume
from the atlas to indicate the targeted locations in the MD for
each electrode penetration. Neural recordings targeted the lateral
(parvocellular) portion of the MD, primarily (Fig. 2E,F).

Neurons encoding cue, probe, and response in MD and PFC
We applied ANCOVA to identify neurons in which firing rate
varied significantly (p � 0.05) as a function of the cue (A vs B;
during the cue, delay or probe periods; Fig. 3, light blue), the
probe (X vs Y; during the probe period; Fig. 3, pink), or the
response (target (T) vs nontarget (NT); during the response pe-
riod; Fig. 3, purple). Across the population of sampled neurons,
71% of PFC neurons and 84% of MD neurons exhibited cue,
probe or response-selective activity. The proportion of sampled
neurons that encoded task-related information was significantly
higher in the MD than the PFC (Z test of proportions; Z � 	7.63,

p � 0.0001). The PFC (86%) and the MD (84%) had similar
proportions of neurons that encoded cue information (Fig.
3A,B, blue circles; Z � 1.44, p � 0.15). The proportion of probe-
selective neurons were significantly higher in MD (40%; Fig.
2A,B, pink circles) than PFC (30%; Z � 	4.20, p � 0.0001). Last,
the MD had a significantly higher proportion of response neu-
rons (66%) than the proportion in the PFC (48%; Z � 	7.57, p �
0.0001; Fig. 3A,B, purple circles). These data show that relatively
more MD than PFC neurons were recruited to encode the probe
and response, whereas similar proportions of neurons in the two
structures were recruited to encode the cue.

Bar graphs in Figure 3 illustrate the numbers of cue, probe,
and response-selective neurons that preferred A versus B-cues, X
versus Y-probes, and T versus NT responses in the PFC (Fig. 3C)
and the MD (3D). Cue neurons were split into three groups de-
pending on the trial epoch during which their activity was signif-
icantly modulated by the cue. Early cue neurons (selective during
the cue period) were biased to prefer B-cues in the PFC (Z � 2.40,
p � 0.017) and the MD (Z � 10.16, p � 0.0001). This bias
switched during the probe period; late cue neurons were biased to
prefer A-cues in both areas (PFC: Z � 6.48, p � 0.0001; MD: Z �
7.89, p � 0.0001). In the delay period, PFC neurons were biased
to prefer A-cues (Z � 5.35, p � 0.0001), whereas MD neurons
were biased to prefer B-cues (Z � 2.14, p � 0.03). In the PFC
probe neurons were significantly biased to prefer Y-probes (Z �
3.56, p � 0.0004) and response neurons were significantly biased
to prefer nontarget responses (Z � 3.44, p � 0.0006). MD probe
and response neurons did not show these biases (probe: Z � 1.38,
p � 0.17; response: Z � 0.89, p � 0.37).

Individual neuron activity patterns during the DPX task
Next, we examined the diversity of firing patterns of individual
neurons by plotting rasters and SDFs of their activity separated by
cue-probe sequence (trial type) in PFC (Fig. 4A–C) and MD (4D–
F). Some neurons modulated their firing rate in response to only

Figure 3. Numbers of neurons selective for cue, probe, and response in MD and PFC. A, B, Venn diagrams depict the numbers of neurons exhibiting significant selectivity (ANCOVA, p � 0.05) for
the cue (blue), probe (pink), and/or response (purple) in MD (A) and PFC (B). Area of circles is proportional to neuron number. C, D, Bars indicate the number of neurons in the PFC (C) and MD (D) that
exhibit preference for specific cues (A or B), probes (X or Y), and responses (T or N). Asterisks indicate significant biases in preference for specific cue, probes, and responses in the neural population
(Z test of proportions: *p � 0.05, **p � 0.001, ***p � 0.0001).
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one task factor during a single trial period. Other neurons modu-
lated their firing rate in response to multiple task factors during
multiple trial periods. For example, the PFC neuron in Figure 4A
primarily modulated firing rate during the cue period (B-cue pref-
erence), whereas the PFC neuron in Figure 4B modulated firing rate
during both the cue period (B-cue preference) and the probe period

(A-cue preference). We refer to neurons exhibiting early (cue pe-
riod) B-cue preference and late (probe period) A-cue preference as
switch neurons, as we reported previously (Blackman et al., 2016).
We found that switch neurons exist also in the MD thalamus (Fig.
4D). Other neurons exhibited selectivity for the probe (Fig. 4E,F)
and response (4C).

Figure 4. Single-neuron activity during DPX task performance. Each row of panels illustrates the activity of a single neuron in PFC (A–C) or MD (D–F ). Individual panels indicate activity on a single
trial type defined by cue-probe sequence. Rasters indicate timing of action potentials, spike density functions (solid gray; � � 40 ms; 10 Hz/div) show modulations in average firing rate. Red tick
marks indicate the time of the response in each trial. A, Early B-cue neuron: PFC cell 4623 is an example of a neuron whose firing rate during the cue period is greater on B-cue trials than A-cue trials.
B, Early B-cue and Late A-cue neuron: PFC cell 5175 is an example of a switch neuron that switches its cue preference from B-cues during the cue period to A-cues during the probe period. C, Early
B-cue and NT-response neuron: PFC cell 5445 is an example of a neuron whose firing rate is greater on B-cue than A-cue trials during the cue period and is also greater on invalid NT-response than
T-response trials during the response period. D, Early B-cue and Late A-cue neuron: MD cell 4488 is an example of a ‘switch’ neuron that switches its cue preference from B-cues during the cue period
to A-cues during the probe period. E, X-probe neuron: MD cell 5486 is an example of a neuron whose firing rate during the probe period is greater on X-probe than Y-probe trials. F, Early B-cue and
Y-probe neuron: MD Cell 5372 is an example of a neuron whose firing rate during the cue period is greater on B-cue than A-cue trials, and during the probe period is greater on Y-probe than X-probe
trials.
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Population neural activity patterns during DPX
task performance
We first examined population activity of neurons separated ac-
cording to the cue, probe, or response preference of the neuron in
addition to the trial epoch when selectivity was evident as de-
tected by ANCOVA (Fig. 5). This revealed some general trends in
population activity. Many ANCOVA-defined neural populations
exhibited early B-cue preference, either during the cue period or
delay period. This gave over to higher levels of activity during the
probe period on A-cue trials, demonstrating the general ‘switch’
pattern (Fig. 5C) in cue preference noted above. In addition,
several of the neural populations that exhibited the switch
pattern exhibited the overall highest activity during the probe
period on AY trials, in particular (Fig. 5F ). Generally, the same
temporal profiles of neural population activity were present
both in the MD and PFC (Fig. 5). Because we did not vary the
relationship between A- and B-cues and the cognitive states
they signified (to maintain the parallel between the DPX task
we used and comparable AX-CPT paradigms typically used in
patients with schizophrenia), we cannot be certain that state

signals as encoded by switch neurons in the MD-PFC network
did not reflect in part the visual attributes of the stimuli that
instructed the cognitive states. However, switch neurons pre-
ferred the B-cue and then the A-cue at different times within
the same trial, and their activity was further modulated by
combinations of cues and probes that together connoted the
necessity to inhibit the prepotent response (specifically A-cues
and Y-probes). These observations argue that rather than re-
flecting the visual attributes of cues and probes, switch neu-
rons encoded the cognitive states they implied.

In addition, because many neurons tended to respond to mul-
tiple task stimuli at different times in the trial, populations de-
fined by significant ANCOVA results often exhibited similar
activity profiles. Therefore, we combined populations with sim-
ilar activity patterns into functional groups. This allowed for
more simplified classification without the loss of information
contained within each group, as we have done with previous
datasets recorded during DPX performance (Blackman et al.,
2016). Neurons were assigned to one of seven non-overlapping
functional groups based on the task factor significantly modulat-

Figure 5. Task-defined population activity patterns on prepotent trial sets. Population SDFs (� � 40 ms) display average population activity as a function of time on subsets of trials defined by
cue-probe sequence (AX, orange; AY, red; BX, purple; BY, blue). Neurons were assigned to populations based on their cue, probe and response preference as well as the trial epoch in which activity
was modulated as determined by ANCOVA ( p � 0.05). Each neuron could belong to multiple populations so defined. The left column of A–E illustrates the activity of populations that preferred valid
stimuli and responses (A-cue, X-probe, T-response) in MD (left) and PFC (right). The right column of F–J illustrates the activity of populations that preferred invalid stimuli and responses (B-cue,
Y-probe, NT-response) in MD (left) and PFC (right). All SDFs are aligned to the cue onset. The stimulus or response preference defining each population is illustrated on the left margin of each pair
of panels.
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ing their respective activity (cue, probe, or response), the trial
period that activity modulation occurred (cue, delay, probe, or
response), and the task condition associated with highest activity
(A- or B-cue, X- or Y-probe, T- or NT-response).

Group 1 (Fig. 6A, MD, and H, PFC) consisted of neurons with
an early A-cue preference. These neurons exhibited a higher ac-
tivity rate on A-cue than B-cue trials. Interestingly, Group 1 neu-
rons in both the MD and the PFC population exhibited primarily

Figure 6. Population activity patterns in functionally defined neural groups in prepotent trial sets. Population SDFs (� � 40 ms) display average population activity patterns on subsets of trials
defined by cue-probe sequence (AX, orange; AY, red; BX, purple; BY, blue). Neurons were divided into seven non-overlapping functional groups (see Results) depending on the specific preference
for individual cues, probes and responses as well as the trial period that neurons exhibited selective activity as defined by ANCOVA. Population activity in MD (A–G) and PFC (H–N ) is shown aligned
to cue onset (left) and time of the response (right) of Groups 1–7.
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a suppression of activity compared with
the fixation period on B-cue trials.

Group 2 (Fig. 6B, MD, and I, PFC) and
Group 3 (Fig. 6C, MD, and J, PFC) popu-
lations exhibited the switch in cue prefer-
ence from B-cues during the cue period to
A-cues during the probe period. Notably,
probe period activity was better aligned to
the onset of the cue (Fig. 6B,C, I, J, left)
than the timing of the motor response
(right), suggesting that these neurons do
not play a direct role in motor control.
Collectively switch neurons comprised a
large fraction of task-related neurons in
both areas. Group 2 was made up of neu-
rons with an early B-cue preference or a
late Y-probe preference, and generally ex-
hibited a switch from early B-cue to late
AY trial selective activity. Group 3 was
made up of neurons with either delay or
late A-cue preference. These neurons ex-
hibited attenuated B-cue selective activity
during the cue period that switched to
A-cue selective activity during the probe
period. The PFC population exhibited a decrease in delay period
activity relative to baseline on B-cue trials (Fig. 6J), whereas the
MD population did not (6C).

Group 4 (Fig. 6D, MD, and K, PFC) neurons were those with
a preference for B-cues during the delay and probe periods. The
MD and the PFC populations showed strong sustained delay pe-
riod activity, classically associated with maintenance of informa-
tion in working memory.

Group 5 (Fig. 6E, MD, and L, PFC) neurons exhibited
X-probe preference during the probe period. This group was
much more prominent in the MD than the PFC, providing a clear
distinction between these areas. Activity in Group 5 neurons was
better aligned with the response (Fig. 6E,L, right) than probe
onset (left), suggesting a role in response control.

Group 6 (Fig. 6F, MD, and M, PFC) and Group 7 (Fig. 6G,
MD, and N, PFC) were made up of neurons exhibiting response
selectivity activity for T (Group 6) and NT (Group 7) motor
responses, respectively. Neurons exhibiting response-selective
activity were much more prominent in MD (Fig. 6F,G) than PFC
(6M,N), both in terms of numbers of neurons and strength of
signal. This suggests that MD plays a more direct role in response
programming and or selection than PFC.

Quantification of the population of switch neurons
Activity in switch neurons was high under stimulus conditions
associated with the inhibition of the prepotent target response (dur-
ing the cue period when B-cues were presented, or during the probe
period when the Y-probe followed the A-cue). To quantify the
magnitude of the switch in cue preference between cue and probe
periods in the MD and PFC, we first quantified the cue preference
of single neurons during the cue period (Fig. 7A,B, x-axis) and
probe period ( y-axis). We identified neurons with switch indices
either significantly greater than (Fig. 7, red) or less than (blue) a
bootstrap distribution of indices computed after randomly shuf-
fling firing rates between A-cue and B-cue trials (p � 0.05, two-
tail). Larger switch indices are associated with B- to A-cue switch,
smaller indices the converse). Switch neurons with significant
switch indices in the direction associated with higher cognitive
control load (stronger early B-cue and stronger late A-cue pref-

erence) were significantly more numerous than neurons that
switched cue preference in the opposite (stronger early A-cue and
stronger late B-cue preference), both in MD (Fig. 7B; Z test of
proportions: Z � 6.95, p � 0.001; 106 vs 26 of 248 neurons with
cue-selective activity during both periods) and in PFC (Fig. 7A;
Z � 6.78, p � 0.001; 70 vs 18 of 133 neurons). There was no
significant difference in the proportion of switch neurons in the
MD and PFC (Z � 1.85, p � 0.064).

Influence of cognitive control load on switch neuron activity
To investigate whether modulation of cognitive control load at
the behavioral level influenced information processing in the
MD-PFC network, we contrasted neural activity on balanced and
prepotent trial sets. In balanced trial sets, all four cue-probe se-
quences occurred with equal probability. In prepotent trial sets,
the majority of trials (69%) presented the AX cue-probe se-
quence, increasing the strength of the target response habit (and
the level of cognitive control required to override it). During the
cue period, B-cues were associated with high cognitive control
load because they countermanded the habitual target response
(whereas A-cues established expectancy of the habitual target
response). Likewise, during the probe period, following the
A-cue, Y-probes were associated with high cognitive control load
because they countermanded the expectation of the target re-
sponse, whereas X-probes were associated with low cognitive
control load because they released the habitual target response.
We computed the difference in firing rate on B-cue and A-cue
trials during the cue period, and AY and AX trials during the
probe period, to provide a measure of the strength of neural
signals reflecting cognitive control. We then asked whether the
strength of these neural signals differed between balanced and
prepotent trial sets. We found that the B-cue signal (activity on
B-cue minus A-cue trials; Fig. 8, blue) in Group 2 and 3 neurons
was significantly larger (permutation test, p � 0.05) across the
population of neurons on prepotent relative to balanced trial sets
in both the PFC (Fig. 8A,C) and the MD (Fig. 8B,D). Similarly,
we found that the AY signal (activity on AY minus AX trials) was
significantly larger on prepotent relative to balanced trial sets
again in both areas (Fig. 8A–D, pink). These data suggest that the
strength of the physiological signals reflecting cognitive control at

Figure 7. Quantification of switch in cue preference from the cue to the probe period in single neurons on prepotent trial sets.
Each dot indicates the cue preference index (A-cue 	 B-cue)/(A-cue 
 B-cue) of a single neuron during the cue period (x-axis) and
probe period ( y-axis) in (A) PFC or (B) MD. Colored symbols indicate neurons in which the switch index (probe period cue
preference index 	 cue period cue preference index) was either significantly greater than (red) or less than (blue) the mean of a
bootstrap distribution of switch indices computed by randomly permuting firing rates across A-cue and B-cue trials ( p � 0.05;
two-tailed). Gray symbols indicate neurons that encoded the cue during both cue and probe periods but did not have a significant
switch index.
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the neural level in both the PFC and MD is augmented when
cognitive control demand is increased at the behavioral level.

Timing and strength of single neuron recruitment in MD
and PFC
We compared the timing and strength of cue, probe and response
signals in MD and PFC neurons at the population level to provide
insight into the pattern of information flow between the MD and
the PFC during cognitive control processing. For that purpose,
we performed a regression analysis in which we regressed single
neuron firing rates in the MD and PFC onto the cue (A or B),
probe (X or Y), or response (T or NT) over trials within a sliding
window of 100 ms advanced in 20 ms steps. We quantify the
strength of the relationship between single neuron firing rate and
task variables by calculating PEV. We divided trials in half and
performed separate regression analyses on the two trial subsets.
We ranked neurons according to time to peak PEV using one trial
subset and plot PEV as a function of time in the trial using the
other trial set (thus we are showing regression results based on

half of the trials; Fig. 9). Heat maps (1
row � 1 neuron) illustrate the time course
of PEV values associated with each predic-
tor variable (cue, probe, and response) as
a function of time in the trial (Fig. 9A–C).
We restricted the PFC and MD popula-
tions to equal numbers of significant neu-
rons to compare neural recruitment in the
two areas (cue: n � 290, probe: n � 160,
response: n � 140 neurons in PFC and
MD). The bands of peak PEV values in the
heat maps in both PFC (Fig. 9A–C, right)
and MD (left) indicate a sequential re-
cruitment of neurons taking place during
the trial in both brain areas, with each
neuron modulating its firing rate in rela-
tion to task variables for a restricted pe-
riod of time consistent with a temporally
dynamic population code (Crowe et al.,
2010). Additionally, neurons exhibited
more extended periods of firing rate modu-
lation (longer horizontal bands of color in
the heat maps) encoding the cue (Fig. 9A)
and response (Fig. 9C) in both MD (left)
and PFC (right), consistent with persistent
activity reflecting the maintenance of task
information in working memory. To com-
pare the timing of neural recruitment in
MD and PFC, we compared cumulative dis-
tributions of the time to peak PEV for each
neuron and task variable. Cue signals
emerged significantly earlier in the PFC
compared with the MD [Fig. 9D; Kolmogo-
rov–Smirnov (KS) test � 0.20, p � 0.0001].
Probe signals emerged earlier in the MD
than the PFC (Fig. 9E; KS test � 0.48, p �
0.0001). Response signals also emerged ear-
lier in the MD than the PFC (Fig. 9F; KS
test � 0.51, p � 0.0001).

To compare the strength of neural re-
cruitment in MD and PFC, we computed
the population average PEV time course
for each task variable and evaluated the
significance of differences between brain

areas using a permutation test (see Materials and Methods; p �
0.05). The population average PEV attributable to the cue (Fig.
9G), probe (9H), and response (9I) was significantly larger in the
MD than the PFC during the probe period. There was no signif-
icant difference in cue related signals between MD and PFC dur-
ing the cue period (Fig. 9G). MD contains much stronger
information about all task variables during the probe period
when it is critical to combine cue and probe information to cor-
rectly select the response direction.

Timing and strength of population decoding in MD and PFC
To further elucidate differences in the strength and timing of
neural signals between the MD and PFC, we conducted a time-
resolved decoding analysis to quantify the information about task
variables encoded by patterns of neural activity in the population.
We decoded cue and probe from neurons in Groups 2 and 3
(switch neurons) and the response from neurons in Groups 6 and
7 (response neurons).

Figure 8. Modulation of cognitive control neural signals with cognitive control load. Blue shading indicates difference in cue
period firing rates on B-cue and A-cue trials. Pink shading indicates difference in probe period firing rates on AY and AX trials.
Population activity of Group 2 neurons in PFC (A) and MD (B) on balanced (left) and prepotent (right) trial sets. Population activity
of Group 3 neurons in PFC (C) and MD (D) on balanced (left) and prepotent (right) trial sets. *Indicates a significant difference in the
difference in cue period firing rate between B-cue and A-cue trials on prepotent and balanced trial sets ( p � 0.05, permutation
test). #Indicates a significant difference in the difference in probe period firing rate on AY and AX trials on prepotent and balanced
trial sets ( p � 0.05).
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In prepotent sets, cue decoding posterior probabilities rose in
the MD and PFC in parallel but were sustained at significantly
higher levels during the cue period in PFC, particularly on B-cue
trials (Fig. 10A; p � 0.05, permutation test). During the probe
period, the converse was true; cue posterior probability was sig-
nificantly greater in MD than in PFC (Fig. 10A), perhaps reflect-
ing the stronger late-cue signals in MD (Fig. 6, compare C, J).
Similarly, probe posterior probabilities rose for the MD and PFC
in parallel during the probe period (Fig. 10B). Last, response
posterior probabilities were significantly greater in MD than PFC
(Fig. 10C), rising first to an intermediate level during the cue
period (because the cue carried partial information about the
direction of the response) and rising further after the probe was
presented (which determined response direction definitively).
This is further support for the idea that the MD is more involved
in response selection than the PFC.

Error trial analysis
To determine the extent to which neural activity in MD and PFC
predicted success or failure in the task, we decoded the outcome
of each trial (correct/error) from neural activity restricted to
seven error and seven correct BX trials (Fig. 11) and neurons in all
functional neural groups (Groups 1–7). Trial outcome was sig-
nificantly better represented by population activity patterns in
MD than PFC (Fig. 11A). To examine changes in neural encoding
that could lead to errors at the single neuron level, we compared
results of the sliding window regression analysis applied to neural

activity on correct and error trials. Cue PEV was profoundly sup-
pressed on error trials comparably in both in MD and PFC neu-
rons (Fig. 11B), suggesting that errors were associated with
weaker encoding of the cue stimulus providing contextual infor-
mation for the response. In contrast, error trials were associated
with comparably enhanced response PEV in MD and PFC neu-
rons (Fig. 11C), maintaining significantly greater response PEV
in PFC relative to MD on error trials.

Response time decoding
To investigate the degree to which neural activity predicted the
timing of the motor response, we ranked trials according to RT,
median split the data into fast and slow trial categories, and de-
coded RT (fast/slow) from neural activity patterns. The posterior
probability associated with RT decoding was significantly greater
when using population activity patterns in MD compared with
PFC, particularly at the time of the motor response (Fig. 12).

Functional coupling between neurons in MD and PFC
We next measured functional coupling between groups of neu-
rons in MD and PFC to evaluate communication in thalamocor-
tical networks during cognitive control. For that purpose, we
decoded the cue, probe and response from neural activity pat-
terns in a sequence of 50 ms time bins. The resulting time series of
posterior probabilities captured fluctuations in the strength of
the neural representation of the cue, probe and response. To
evaluate functional coupling between PFC and MD signals, we

Figure 9. PEV in firing rate over trials as a function of time in prepotent trial sets. Warmer colors in the heat maps represent greater PEV values associated with the cue (A), probe (B), and response
(C). Trials were divided in half and separate regression analyses applied to the trial subsets. Neurons were ranked according to the time to peak PEV based on the regression analysis applied to one
trial subset. PEV results from the regression analysis applied to the second trial subset are shown. Regression results are restricted to equal numbers of significant neurons in MD and PFC to facilitate
comparison of neural recruitment between brain areas. PEV values were obtained by regressing the firing rate of each neuron onto the appropriate task factor over trials within a sliding 100 ms
window (advanced in 20 ms steps). MD data are on the left and PFC data on the right. Cumulative distributions of time to peak PEV attributable to the cue (D), probe (E), and response (F ) in MD
neurons (blue) and PFC neurons (red). Population average PEV attributable to the cue (G), probe (H ), and response (I ) in MD neurons (blue) and PFC neurons (red). Significant differences in
population average PEV time courses are indicated with circles (permutation test, p � 0.05).
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measured temporal covariation in the posterior probability time
series associated with the neural representation of specific task
variables at different lags, after correcting for autocorrelation in
the time series (that can spuriously inflate estimates of the corre-
lation between 2 time series), and covariation in the two posterior
probability time series that could reflect common entrainment to
external sensory or motor events (see Materials and Methods).
We found that the most prominent functional coupling between
MD and PFC took place during the probe period, between neu-
rons encoding the probe (Fig. 13B), when information about the
cue and probe stimuli had to be integrated to determine the mo-
tor response. During this period, both corticothalamic (Fig. 13B,
red; PFC signals predicting MD signals at a lag of one 50 ms time
bin) and thalamocortical (13B, blue; MD signals predicting PFC
signals) transmission of probe signals was evident, suggesting
bidirectional communication between the two structures. Lagged
covariation in probe posterior probabilities in both corticotha-
lamic and thalamocortical directions exceeded the 95th percen-
tile of transmission values obtained after trial-shuffling the probe
posterior probability time series (Fig. 13B; dots at the top indicate
time points where transmission exceeded the bootstrap distribu-
tion at p � 0.05). This provided evidence that covariation in
probe signals between MD and PFC exceeded the level that could
be attributed to common entrainment to external input (e.g.,
onset of the probe stimulus) and was likely therefore to derive
from physiological interaction between the structures. Weaker

and less often significant simultaneous covariation of probe sig-
nals was also observed, perhaps reflecting the limited ability of
trial shuffling to disrupt simultaneous signal covariation (Fig.
13B, orange). Significant transmission of cue (Fig. 13A) and re-
sponse (13C) signals was also observed to occur between MD and
PFC, which was predominantly in the corticothalamic direction
during the probe period (13A,C, red).

Discussion
Prior research has documented that the MD-PFC network mal-
functions during cognitive control in schizophrenia (Minzen-
berg et al., 2009; Welsh et al., 2010; Woodward et al., 2012;
Anticevic et al., 2014a,b; Woodward and Heckers, 2016), but how
neurons in this network function to carry out the computations
that mediate cognitive control is unknown. To address this, we
translated a task measuring cognitive control deficits in patients
directly to monkeys and recorded neural activity in both struc-
tures concurrently during task performance. We provide evi-
dence that although neural signals relating to cognitive control
are distributed across the MD-PFC network, each structure is
specialized in terms of the kinds of neural signals it generates
during the DPX task that indicate distinctive roles in cognitive
control.

Most notably, MD neurons play a more direct role in the
computations required for action selection than PFC neurons. In
the DPX task, information about the remembered cue and the
visible probe stimulus had to be integrated specifically during the
probe period (when all this information is available) to decide
whether to execute the target or nontarget motor response at the end
of the trial. MD neurons, compared with PFC neurons, were
more strongly activated during the probe period when this deci-
sion was made. A large phasic increase in firing rate during the
probe period was a prominent feature of population activity in
nearly all functional groups of MD neurons (Fig. 6A–G), whereas
the phasic neural response during the probe period was attenu-
ated in PFC population activity (6H–N). The activation of MD
neurons during the probe period carried more information com-
pared with PFC neurons about the identity of the cue stimulus
(Figs. 9G, 10A), the identity of the probe stimulus (9H), and the
direction of the forthcoming motor response (9I, 10C). This in-
dicates that MD generated a stronger neural representation not
only of the motor response but also the sensory information on
which that response was based at the time that the decision about
which way to move was made. Neural signals encoding the probe
and response emerged on average earlier in MD than PFC as well
(Fig. 9E,F). Additionally, neural activity in MD better predicted
both trial outcome (correct/error; Fig. 11A), and response time
(fast/slow; Fig. 12) on a trial-by-trial basis compared with neural
activity in PFC. These findings provide evidence, somewhat sur-
prisingly, that integration of sensory signals leading to a motor
decision is most strongly represented by neural signals in MD. In
addition, whereas the population representation of stimuli and
responses in the PFC was strongly biased toward Y-probes and
nontarget responses (Fig. 3C) and therefore encoding the infre-
quent occurrence when the habitual response had to be overrid-
den, MD neurons did not show this bias (Fig. 3D), but more
equally encoded both X- and Y-probe stimuli (Fig. 5D, I) as well
as target and nontarget responses (Fig. 5E, J). This suggests that
MD may play a more direct role in mediating the competition
between target and nontarget responses because both were more
strongly encoded there compared with PFC. Finally, the strongest
functional coupling between neurons in MD and PFC involved
the transmission of neural signals encoding the probe stimulus

Figure 10. Time-resolved population decoding of cue, probe and response in MD and PFC.
Functions plot the population average posterior probability associated with the neural repre-
sentation of the cue (A), probe (B), and response (C) as a function of time in the trial, based on
neural population activity of neurons in Groups 2 and 3 or Groups 6 and 7 in MD (blue) and PFC
(red). Neural data were recorded on prepotent trial sets and trial numbers were equalized across
brain regions (Cue � 256 neurons on 272 trials each, probe � 256 neurons on 279 trials each,
response � 114 neurons on 271 trials each). Left, The posterior probability averaged over all
trials; center and right, posterior probability averaged over the subsets of trials as indicated.
Circles indicate significant differences in decoding strength between areas ( p � 0.05, MD �
PFC, blue; PFC � MD, red; permutation test, FDR-corrected; see Materials and Methods).
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and occurred during the probe period
(Fig. 13B). During this period, informa-
tion about the probe had to be combined
with prior information about state (A-cue
vs B-cue) to decide which way to move
(Fig. 13B). Transmission of probe infor-
mation between MD and PFC arose si-
multaneously in both the corticothalamic
direction (with PFC probe signals predict-
ing MD probe signals one 50 ms time bin
later) and the thalamocortical direction
(MD probe signals predicting PFC probe
signals) during the probe period, without
clear evidence of transmission in one
direction leading the other (Fig. 13B).
Timing differences in the initiation of
transmission in the two directions may
have been too small to detect with popu-
lation decoding applied to activity pat-
terns in 50 ms time bins (at the single neuron level, both probe
and response signals emerged significantly earlier in MD than
PFC; Fig. 9E,F). Alternatively, bidirectional transmission and
reciprocal interactions between MD and PFC could reflect the
fact that the DPX task was relatively easy and well learned by the
monkeys, as we have observed that neural dynamics in PFC net-
works vary as a function of task difficulty in other behavioral
contexts, with top-down transmission predominating when task
conditions are particularly difficult (Crowe et al., 2013). How-
ever, the transmission data are informative about which neural
signals were transmitted between structures and when in the trial.
The observation that the strongest transmission between MD and
PFC involved neural signals encoding the probe at the time that
probe information was integrated with state information to de-
termine the response direction, provides convergent evidence
that the MD-PFC network is engaged particularly intensely
around the time of the decision required by the task.

Neural recording studies in primate MD and PFC during per-
formance of the oculomotor delayed response task have provided
consistent evidence of a stronger representation of the motor
response by MD compared with PFC neurons (Sommer and
Wurtz, 2004a,b; Watanabe and Funahashi, 2004a, 2018; Tanibu-
chi et al., 2009b; Watanabe et al., 2009). More MD neurons ex-
hibit spatially tuned pre-saccadic activity and MD neurons
transform working memory signals from cue-based to saccade-
based spatial coordinates earlier in the delay period than PFC
neurons (Watanabe and Funahashi, 2004a, 2018; Watanabe et al.,
2009). MD neurons that receive input from the superior collicu-
lus and project to the PFC are enriched in signals encoding the
saccadic response and so may convey a corollary discharge of
saccade commands from the colliculus to the PFC (Sommer and
Wurtz, 2004a,b). Similarly, in a Go/No-Go task MD neurons that
projected to the PFC encoded both stimulus and motor response
information (Tanibuchi et al., 2009b). Anatomical inputs to the
MD further suggest a preferential role in motor processing. In
addition to inputs from the PFC, the MD also receives anatomical
inputs directly from the basal ganglia, specifically the globus pal-
lidus and the substantia nigra (Alexander et al., 1986; Haber and
McFarland, 2001; Haber and Calzavara, 2009). This basal ganglia
projection to the MD has been considered part of more extensive
basal ganglia-thalamus-cortical loop circuits involved in re-
sponse selection (Haber and McFarland, 2001; Tanibuchi et al.,
2009b). It is possible that input from the basal ganglia to the MD
conveys information regarding the habitual target response in the

DPX task, contributing to the stronger representation of the tar-
get response in MD relative to PFC, as the basal ganglia have been
implicated to a play a central role in habit formation (Yin and
Knowlton, 2006). However, whereas these data and our own are
consistent in terms of indicating a preferential role in motor pro-
gramming, our data provide new insight into the role of MD in
the preceding decision-making process. We show a preferential
engagement of the MD to encode stimuli on which the decision is
based, in addition to the motor response itself, and that commu-
nication between MD and PFC is maximal at the time of decision
processing. Therefore, the MD may be a node in a distributed
response selection network where information about habitual
responses from the basal ganglia and state-based responses from
the PFC converge to mediate the competition between habit and
cognitive control.

Whereas decision and response information processing were
more strongly represented in the MD, state information was
more strongly represented in the PFC. Specifically, the activity of
switch neurons, which appear to encode an environmental state
variable corresponding to the necessity to override the habitual
response as signaled by different cue stimuli at different times in
the trial, emerges first (Fig. 9D) and is stronger in the cue period
(Fig. 10A, right) in PFC than MD. This suggests that PFC is pref-
erentially engaged for state representation and MD for decision-
making and response selection. Nonetheless, these data show MD
participates in state representation, demonstrating a role in cog-

Figure 11. Neural activity on error trials in MD and PFC. A, Functions plot the population average posterior probability associ-
ated with decoding trial outcome (correct/error) from population activity in MD (blue) and PFC (red). Blue circles indicate time
points where the posterior probability was significantly greater in MD than PFC ( p � 0.05; FDR-corrected). All neuronal groups
(1–7) were included in the population decoding. Neural data are from prepotent trial sets and trial numbers were equated
between MD and PFC (235 neurons per region on 14 trials, 7 correct and 7 error trials, each). Average population PEV attributable
to (B) the cue, and (C) the response in MD (blue) and PFC (red). Blue circles indicate time points where the population PEV was
significantly greater in MD than PFC ( p � 0.05; FDR-corrected). All trials were used in the regression analysis. Results are plotted
separately for correct trials (thin PEV functions) and error trials (thick PEV functions).

Figure 12. Decoding RT (fast/slow) from neural activity. RTs were median split to divide
trials into fast and slow RTs. Functions plot the population average posterior probability ob-
tained by decoding RT (fast/slow) from population activity patterns in MD (blue) and PFC (red).
Time points at which RT posterior probability was significantly higher in MD than PFC are
indicated by gray bars at the top of the figure ( p � 0.05; FDR-corrected).
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nitive control processing in parallel with PFC (Blackman et al.,
2016).

Our data provide the first cell-level evidence that MD neurons
are directly involved in state representation and decision-making
for cognitive control. The MD has been implicated in behavioral
flexibility by lesion studies in rodents (Block et al., 2007; Par-
naudeau et al., 2013, 2015) and humans (Van der Werf et al.,
2000, 2003) demonstrating that MD lesions cause an increase in
perseverative behavior during tasks that require shifting of be-
havioral strategies. Lesions in monkeys have indicated dysfunc-
tional strategy adaptation in reversal learning tasks (Chudasama
et al., 2001; Chakraborty et al., 2016). However, these studies do
not address the underlying neural mechanisms. Prior neurophys-
iological studies have focused on the role of MD neurons in
working memory, by showing MD neurons, like their PFC coun-
terparts, exhibit persistent delay period activity associated with
the short-term storage of task-specific information (Fuster and
Alexander, 1973; Tanibuchi and Goldman-Rakic, 2003, 2005;
Watanabe and Funahashi, 2004a,b, 2018; Tanibuchi et al.,
2009a,b; Watanabe et al., 2009) and by showing that working
memory signals in the two areas are reciprocally interdependent
during the delay period (Alexander and Fuster, 1973; Parnaudeau
et al., 2013; Bolkan et al., 2017; Schmitt et al., 2017). Although
working memory signals were present in our data (Fig. 6D,K),
we found several new forms of neural activity reflecting state and
decision processes as well, and further that neural communica-
tion between MD and PFC was strongest during the probe pe-
riod, when the response decision was made rather than the delay
period (Fig. 11).

Conclusion
A key aspect of cognitive control is the ability to adjust one’s
response to a stimulus based on contextual information and to
inhibit perseverative responses within tasks that produce/exploit
habitual responding patterns, a capability that is selectively

disrupted in schizophrenia. MD is struc-
turally abnormal in schizophrenia (Pak-
kenberg, 1992; Popken et al., 2000; Young
et al., 2000; Dorph-Petersen and Lewis,
2017). Moreover, decreased activation of
MD is correlated with decreased activa-
tion of PFC in patients during cognitive
control tasks (Minzenberg et al., 2009).
Functional coupling between MD and
PFC is reduced in patients (Welsh et al.,
2010; Woodward et al., 2012; Anticevic et
al., 2014a,b) and improvements in MD-
PFC functional coupling following cog-
nitive remediation therapy correlate
with the extent of cognitive improve-
ment (Ramsay et al., 2017). Our data
provide the first evidence that MD and
PFC neurons provide unique contribu-
tions to distributed processing for cog-
nitive control with the MD specialized
for decision-making and response selec-
tion and the PFC specialized for state
representation. These data lead to test-
able hypotheses about which of these
computations mediated by the MD-PFC
network may be most disrupted in
schizophrenia leading to cognitive con-
trol failure in patients.
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