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SI Discussion
1.1. Neural Network Model of Selection in VLPFC. Our verb gener-
ation model focuses on the role of ventrolateral prefrontal cortex
(VLPFC) in selecting between competing options. In humans, left
VLPFC areas are more active, and responses are slowed, in tasks
requiring selection between multiple alternative responses—
generating verbs for nouns with multiple verb associates (1–3),
naming pictures with low name agreement (4, 5), and completing
open-ended sentences (6). Complementing these findings, pa-
tients with left VLPFC damage are more impaired on generating
verbs for nouns with many associates than with a single strong
associate (7, 8). We thus focus on simulating the role of VLPFC
in selection, while viewing it as part of a larger network (in-
cluding anterior cingulate cortex, presupplementary motor area,
and other prefrontal areas) that contributes to resolving com-
petition (1, 9, 10), and while recognizing that VLPFC may also
support other functions, such as controlled retrieval from se-
mantic memory (11). (We speculate that sustained neuronal
activation, enabled by recurrent connections in PFC networks,
may support retrieval of weakly active representations.)
The kWTA function in the neural network model (SI Methods)

simulates the set-point effect of inhibitory interneurons con-
necting PFC pyramidal cells. Competitive inhibition in our
model is set to be greater in VLPFC than in posterior cortex,
based on both biological and computational considerations. Al-
though GABAergic interneurons and GABA receptors are
present throughout the brain, GABAergic function may be in-
dependently regulated across different brain regions via multiple
mechanisms (e.g., receptor expression, GABA synthesis, and
reuptake/degradation pathways). For example, chandelier cells
(GABAergic interneurons that exert a strong effect on the out-
put of pyramidal cells) are more densely expressed in human
prefrontal cortex than in posterior cortical areas (12).
Inaddition, theeffect ofGABAergic inputsmaybemodulatedby

interactions with other neurotransmitter systems. For example,
NMDA receptors, which are highly concentrated in PFC, may
greatly amplify the effects of GABAergic inputs (13). NMDA re-
ceptors have binding sites for both glutamate and Mg2+; at
membrane potentials more negative than –50 mV, the concen-
tration ofMg2+ in the extracellular fluid virtually abolishes ion flux
through the NMDA receptor channels, even in the presence of
glutamate. Thus, an inhibitory input that reduced the membrane
potential of a pyramidal cell with high NMDA receptor concen-
trations from just over −50 mV to just under −50 mV (abolishing
excitatory conductance through the NMDA receptor channels)
would have a large nonlinear effect on cell activity. The same
amount of inhibitory input on a cell with mainly non-NMDA
(AMPA and kinate) glutamate receptors would have only a small,
linear effect on cell activity. Computationally, a lower level of in-
hibition facilitates spreading activation and associative processes
of posterior cortex, whereas a higher level of inhibition facilitates
selection and cognitive control processes of prefrontal cortex.

1.2. fMRI Signal and Neural Inhibition. Predicting how anxiety will
affect VLPFC activity using fMRI requires translating reduced
neural inhibition and greater neural excitation into the hemo-
dynamic responsemeasured by BOLD activation. This translation
is far from straight forward, as outlined below. Thus, the key
prediction for testing our model is that anxiety will affect BOLD
activation in VLPFC during selection.
Reduced neural inhibition can increase BOLD activation, but

may decrease BOLD activation in some situations (14). Indeed,

there is clear evidence that purely inhibitory inputs can lead to an
increased hemodynamic response; stimulation of the STN pro-
duces increased blood flow in the thalamus although the functional
projections from the STN to the thalamus (via the pallidum) are
inhibitory (15). In addition, administering a specific GABA-A
agonist (THIP, an agonist known to induce tonic GABA con-
ductance) leads to increased glucose metabolism, even though
clinical and EEG monitoring showed a sedative effect (16). The
increased hemodynamic response with increased inhibition prob-
ably arises because, although there are fewer inhibitory than ex-
citatory neurons, neural inhibition can be more metabolically
costly than excitation (17). It is primarily ion flux (and the resulting
energetically demanding processing of restoring the gradients to
baseline) that drives changes in metabolism, not action potentials
(which are fairly energy efficient because they largely conduct
passively). Shunting inhibition through GABA-A receptors, which
drives Cl− currents, counteracting (but not blocking) Na+ currents,
is metabolically very demanding: Although the inhibitory inputs
are blocking action potentials, they are not blocking the most
metabolically expensive part of excitatory activity in pyramidal
cells (restoring the Na+ gradient), and additional add metaboli-
cally expensive inputs from the interneurons (17). Thus, more in-
hibition lead simultaneously both to less firing and to more
metabolic demands. In addition, inhibitory neurons may directly
influence the hemodynamic response: Because interneurons re-
lease vasoactive substances in an activity-dependent manner, they
are ideally suited to exert local and differential control on blood
flow, and the metabolic responses to changes in neuronal activity
(17). This and other evidence has led prominent researchers in
fMRI methods to argue persuasively that it should never be as-
sumed that fMRI BOLD signal reflects excitation rather than in-
hibition or a mixture of both (14). For example, Logothetis (14)
concludes, “Changes in excitation-inhibition balance—whether
they lead to net excitation, inhibition, or simple sensitivity
adjustment—inevitably and strongly affect the regional meta-
bolic energy demands and the concomitant regulation of cerebral
blood flow (that is, they significantly alter the fMRI signal). A
frequent explanation of the fMRI data simply assumes an increase
in the spiking of many task or stimulus specific neurons. This may
be correct in some cases, but increases of the BOLD signal may
also occur as a result of balanced proportional increases in the
excitatory and inhibitory conductances. . . an increase in recurrent
inhibition with concomitant decreases in excitation may result in
reduction of an area’s net spiking output, but would the latter
decrease the fMRI signal? The answer to this question seems to
depend on the brain region that is inhibited, as well as on ex-
perimental conditions. Direct hemodynamic measurements with
autoradiography suggest that metabolism increases with in-
creased inhibition” (ref. 14, p 873). Thus, there is no clear way
to predict a priori whether changes in the level of neural in-
hibition will lead to increases or decreases in fMRI BOLD
signal in a specific region and task, and we refrain from making
such predictions.

1.3. Midazolam Background. Midazolam is a benzodiazepine that
potentiates the binding of GABA to GABA-A receptors through-
out the brain (18). Clinically, it is frequently used for conscious
sedation during medical procedures, and to treat anxiety (19).
Experimentally, even at nonsedating doses, midazolam produces
a dense but temporary anterograde amnesia, which is believed to
arise from impairment of encoding and consolidation of episodic
memories in the hippocampus (19). Suggestive evidence relevant
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to the current investigation includes the findings that left pre-
frontal cortical regions are also affected by midazolam (18, 20, 21),
whereas retrieval from semantic memory is unimpaired (19);
however, the effects of midazolam on selection have never been
investigated.

1.4. Anxious Arousal and Anxious Apprehension. Anxious arousal is
defined by somatic tension and physiological hyperarousal (e.g.,
pounding heart, sweating, dizziness) (22). Anxious apprehension
is characterized by worry and verbal rumination; these persistent
worries are focused on immediate or future perceived threats,
and may include personal and emotional threats to self, physical
health, competence at work, or general world problems (23, 24).
These worries are mentally rehearsed repeatedly without being
resolved, are difficult to dismiss (25), and may be accompanied
by restlessness, fatigue, and muscle tension (26). Because ob-
sessive compulsive disorder and generalized anxiety disorder are
most characterized by anxious apprehension (27) and most
consistently linked to deficits in cognitive control and prefrontal
function (22, 28) and polymorphisms in the GABAergic system
(29), this paper focuses on anxious apprehension.

SI Methods
2.1. Measures of Association Strength and Competition in Verb
Generation Task. Association strength was calculated as in pre-
vious work (30), using latent semantic analysis (LSA) (31). LSA
extracts the similarity of words, capturing contextual as well as
co-occurrence information, and captures human semantic
knowledge and behavior (31). The “general reading up to first-
year college” corpus was used, and a term-to-term (nouns to
verbs) comparison was used to obtain the LSA cosine (association
strength) between the nouns and all verb responses generated by
two or more participants in the norming sample. Association
strength was calculated as the average of three measures: (i) the
strongest LSA cosine, (ii) the LSA cosine for the most frequent
response given by the norming sample, and (iii) a weighted av-
erage of the LSA cosines for all verb responses given by the
norming sample. Competition was defined as entropy [H=−∑ (p
(i)*ln p(i)], where p(i) is the cosine between the stimulus and
each alternative response, divided by the sum of LSA cosines
among all alternative responses) (7). Therefore, entropy is 0 when
there is only one response (e.g., the cosine is 1), and increases as
additional responses are equally associated with the stimuli (30).
Nouns with high association strength (with both high and low

competition) were drawn from our previous work (30). Because
nouns with low association strength (with high or low competi-
tion) were not available from previous studies, they were se-
lected from a large set of nouns normed for this study by
a separate sample of participants (n = 50).

2.2. Neural Network Model Leabra Framework. Pseudocode. The
pseudocode for Leabra (32) is given here, showing exactly how
the pieces of the algorithm described in more detail in the sub-
sequent sections fit together.
Outer loop: Iterate over events (trials) within an epoch. For

each event:

1. At start of settling, for all units:
a. Initialize all state variables (activation, v_m, etc).
b. Apply external patterns (clamp input).

2. During each cycle of settling, for all nonclamped units:
a. Compute excitatory net input [ge(t) or η j, Eq. 3].
b. Compute kWTA inhibition for each layer, based on ge Θ

(Eq. 7):

i. Sort units into two groups based on gi Θ: top k and re-
maining k+1 to n.

ii. If basic, find k and k+1th highest; if avg-based, compute
avg of 1 → k and k = 1 → n.

iii. Set inhibitory conductance gi from gΘk and gΘkþ1(Eq. 6).
c. Compute point-neuron activation combining excitatory

input and inhibition (Eq. 1).
3. After settling, for all units: Record final settling activations
ðy−

j Þ.
Point neuron activation function. Leabra uses a point neuron acti-
vation function that models the electrophysiological properties of
real neurons while simplifying their geometry to a single point.
This function is nearly as simple computationally as the standard
sigmoidal activation function, but the more biologically based
implementation makes it considerably easier to model inhibitory
competition, as described below. Furthermore, using this function
enables cognitive models to be more easily related to more
physiologically detailed simulations, thereby facilitating bridge
building between biology and cognition.
The membrane potential Vm is updated as a function of ionic

conductances g with reversal (driving) potentials E as follows:

ΔVm
�
t
� ¼ τ∑c gc

�
t
�
gc
�
Ec −Vm

�
t
��

[1]

with three channels (c) corresponding to the following e excit-
atory input; l leak current; i inhibitory input. Following electro-
physiological convention, the overall conductance is decomposed
into a time-varying component gc(t) computed as a function of
the dynamic state of the network, and a constant gc that controls
the relative influence of the different conductances. The equi-
librium potential can be written in a simplified form by setting
the excitatory driving potential (Ee) to 1 and the leak and in-
hibitory driving potentials (El and Ei) to 0:

V∞
m ¼ ge ge

ge ge þ gl gl þ gi gi
[2]

which shows that the neuron is computing a balance between
excitation and the opposing forces of leak and inhibition. This
equilibrium form of the equation can be understood in terms of
a Bayesian decision-making framework (32). The excitatory net
input/conductance ge(t) or ηj is computed as the proportion of
open excitatory channels as a function of sending activations
times the weight values:

ηj ¼ geðtÞ ¼
�
xi wij

� ¼ 1
n
∑i xi wij [3]

The inhibitory conductance is computed via the kWTA function
described in the next section, and leak is a constant.
Activation communicated to other cells (yj) is a thresholded

(Θ) sigmoidal function of the membrane potential with gain
parameter γ:

yjðtÞ ¼ 1�
1þ 1

γ½VmðtÞ−Θ�þ

� [4]

where [x]+ is a threshold function that returns 0 if x < 0 and x if
x > 0. Note that if it returns 0, we assume yj(t) = 0, to avoid
dividing by 0. As it is, this function has a very sharp threshold,
which interferes with graded learning mechanisms (e.g., gradient
descent). To produce a less discontinuous deterministic function
with a softer threshold, the function is convolved with a Gaussian
noise kernel ðμ ¼ 0; σ ¼ :01Þ, which reflects the intrinsic pro-
cessing noise of biological neurons:

y∗j ðxÞ ¼
ð∞

−∞

1ffiffiffiffiffiffiffiffi
2πσ

p e− z2=ð2σ2Þyjðz− xÞdz [5]
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where x represents the [Vm(t) − Θ]+ value, and y*j(x) is the noise-
convolved activation for that value. In the simulation, this
function is implemented using a numerical lookup table.
k-WTA inhibition. Leabra uses a kWTA function to achieve in-
hibitory competition among units within a layer (area). The
kWTA function computes a uniform level of inhibitory current for
all units in the layer, such that the k+1th most excited unit within
a layer is below its firing threshold, whereas the kth is above
threshold. Activation dynamics similar to those produced by the
kWTA function have been shown to result from simulated in-
hibitory interneurons that project both feedforward and feed-
back inhibition (32). Thus, although the kWTA function is
somewhat biologically implausible in its implementation (e.g.,
requiring global information about activation states and using
sorting mechanisms), it provides a computationally effective
approximation to biologically plausible inhibitory dynamics.
KWTA is computed via a uniform level of inhibitory current for

all units in the layer as follows:

gi ¼ gΘkþ1 þ q
�
gΘk − gΘkþ1

�
[6]

where 0 < q < 1 is a parameter for setting the inhibition between
the upper bound of gΘk and the lower bound of gΘkþ1These bound-
ary inhibition values are computed as a function of the level of
inhibition necessary to keep a unit right at threshold:

gΘi ¼ g∗e ge
�
Ee −Θ

�þ glgl
�
El −Θ

�
Θ−Ei

[7]

where g∗e is the excitatory net input without the bias weight
contribution—this allows the bias weights to override the kWTA
constraint. In the average-based kWTA version, gΘk is the average
gΘi value for the top kmost excited units, and gΘkþ1is the average of
gΘi for the remaining n–k units. This version allows for more
flexibility in the actual number of units active depending on the
nature of the activation distribution in the layer and the value of
the q parameter (which is typically between 0.5 and 0.7, de-
pending on the level of sparseness in the layer, with a standard
default value of 0.6).

2.3. Verb Generation Model. Table S1 lists parameter values, nearly
all of which are at their default settings. These same parameters
and equations have been used to simulate more than 40 different
models (32). Thus, the model can be viewed as an instantiation
of a systematic modeling framework using standardized mecha-
nisms, instead of constructing new mechanisms for each model.
Model development and testing proceeded in two phases. First,
the specifics of the basic model were shaped to capture the basic
pattern of behavioral data (main effects of selection and retrieval
demands, and an interaction). Second, to simulate increased and
decreased competitive lateral inhibition, only the parameter of
interest (kWTA) was manipulated, whereas all other parameters
remained unchanged. Each phase is detailed in the simulation
section below. The model can be obtained from the authors
upon request.
Input layer.The input layer consisted of four units, representing the
average noun for each of the four conditions used: low compe-
tition/high association strength, high competition/high association
strength, low competition/low association strength, and high
competition/low association strength conditions. The weights be-
tween these input units and their verb response units in the
posterior cortex layer were set as a function of LSA cosines,
averaged across all items in the corresponding condition of the
behavioral experiment. The weights between the input units and
their verb response units in the posterior cortex layer, and be-
tween alternative verb response units in the posterior cortex layer,
were set to the average LSA-based association strength measures
for each condition of experiment 1, scaled to 75%. This scaling
served to ground the arbitrary units of LSA cosines so that the

balance between selection and retrieval difficulty in the model
matched the basic human data, allowing the effects of inhibitory
manipulations to be tested.
LSA cosines were obtained using the “general reading up

to first-year college” topic space (31). The two high competition
condition units each project to six verb units in the posterior
cortex layer (reflecting the average number verb associates in
the human task for these conditions), whereas the two low com-
petition condition units each project to one verb unit in the pos-
terior cortex layer, reflecting the conditions in the behavioral
experiments.
Posterior cortex layer: Spreading semantic activation in posterior cortex.
The posterior cortex layer contains one unit for each alternative
verb response (six units each for the high competition conditions,
one unit each for the low competition conditions, for a total of 14
units). We view these verb responses as being represented in
a distributed manner across multiple posterior cortical areas (e.g.,
visual features in visual association areas, auditory features in
auditory association areas, and semantic processing in lateral
temporal lobes, as in ref. 33). Units in the high competition
conditions have lateral connections to one another, set according
to the average LSA cosines between each pair of verb associates
in that condition in the human task. Thus, the posterior cortex
layer simulates spreading semantic activation in posterior cortex.
Because this is a small, localist network, the gain parameter on
the noisy x

ðxþ1Þactivation function was reduced to 50, nvar = 0.05
(variance of the Gaussian noise kernel), and the leak current was
set to 0.21. kWTA was set to average maximum point inhibition,
kWTA pt = 0.2 (which determines how far between the average
and maximum activation inhibition is set), pct = 0.375 (desired
level of activity over entire layer, note that this level is set to
allow all six units in the high-competition conditions to become
active). Each posterior cortex layer unit projects to one unit in
the VLPFC layer and one unit in the output layer.
VLPFC: Implementing selection. The VLPFC layer contains one unit
for each alternative verb response, as in the posterior cortex layer:
six units each for each high competition condition and one unit for
each low competition condition. [For simplicity, we model verb
representations in VLPFC as direct copies from posterior cortex.
Although PFC representations may be more abstract (11) and
more dynamic (34) than posterior cortical representations, our
investigation focuses on the mechanisms of selection that operate
over these representations, regardless of their particular form.]
VLPFC units are recurrently connected to themselves, and pro-
ject back to their respective posterior cortex layer units, and to
their output units. The strength of the recurrent VLPFC con-
nections was set to 0.90 for all simulations. As in the posterior
cortex layer, gain of the noisy x

ðxþ1Þ activation function was set to
50, nvar = 0.05, and leak current to 0.21. The VLPFC layer im-
plements selection through strong kWTA competitive inhibition
(kWTA average inhibition = 2). In simulations of selection ef-
fects, the level of kWTA inhibition was manipulated by adjusting
the kWTA pt parameter (which determines how far between
k and k+1 inhibition is set) between 0.62 and 0.68.
Simulations.Toexplorepotentialmechanisms involved incontrolled
retrieval and selection, model parameters were first adjusted to
simulate the basic behavioral effects in the verb generation task:
independent effects of selection and retrieval demands and an
interaction between these two factors. A simplemanual searchwas
conducted over (i) gain (between 20 and 100) and variance (be-
tween 0.02 and 0.05) of the noisy x/x+1 activation function, (ii) the
leak current (between 0.1 and 0.25), (iii) recurrent connection
strength in theVLPFC layer (from0.85 to 1), and (iv) the kWTApt
parameter (which determines how far between k and k+1 in-
hibition is set) in theVLPFC layer (between 0.6 and 0.8) to achieve
a qualitative match to results. The basic pattern of results (in-
dependent effects of selection and retrieval demands) was never
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violated within this set of parameters. The kWTA pt parameter
was set to 0.66 in the VLPFC layer, and all other parameters were
set as described above for each layer.
Vm trial noise was added (Gaussian distribution with M = 0,

var = 0.00005) and 85 simulations were run (equaling the
number of participants in experiment 1). To test the effects of
decreased neural inhibition as anxious apprehension increases,
the kWTA pt parameter in the VLPFC layer was reduced from
0.66 to 0.62 in increments of 0.01, and 30 simulations were run at
each level. To test the effect of increased neural inhibition under
midazolam, the kWTA pt parameter in the VLPFC layer was
increased from 0.66 to 0.68 in increments of 0.01, and 30 simu-
lations were run at each level. Fig. S2 shows network dynamics,
plotting changes in activation of VLPFC units over time for each
condition and at standard, increased, and reduced inhibition
levels. Note that because the model uses kWTA to mathemati-
cally calculate inhibition (SI Methods), rather than including
separate inhibitory units, the activation level of the layer repre-
sents only the excitatory activity, not the total neural activity of
the simulated brain region, and thus should not be the basis of
predicting fMRI BOLD signal (SI Discussion).

2.4. Experiment 1: Behavioral Effects of Anxious Apprehension. A
principal components analysis was performed on the scores from
the anxious apprehension measures. All four measures loaded
strongly onto a single component (BIS = 0.796, NEO-n = 0.829,
LASQ = 0.838, PSWQ = 0.872), explaining 69.6% of the vari-
ance. Latent factor scores for each participant were thus ex-
tracted to provide a composite of shared variance across anxious
apprehension measures while eliminating error variance specific
to each measure. These anxious apprehension factor scores were
used for all individual differences analyses. It should be noted
that these measures are designed to assess individual differences
in anxiety and depression in the general population, not to di-
agnose anxiety disorders. Thus, the degree to which our findings
extend to clinical populations remains to be determined.

2.5. Experiment 2: fMRI Image Acquisition and Analysis. All partic-
ipants hadnohistory of neurological conditions or head injury, and
were not taking any psychoactive medication. The event-related
design sequence was optimized using Optseq (surfer.nmr.mgh.
harvard.edu/fswiki/optseq2), including 50 null events (fixations)
with a log jitter to maximize power. Within-condition, item order
was randomized across participants, as in experiments 1 and 2.
DatawereacquiredwithaGE3TSignawhole-bodyMRIscanner

at the University of Colorado Health Sciences Center, using T2*-
weighted echo, echo-planer imaging (EPI) (TR= 2,000 ms, TE=
32 ms, flip angle = 70°). Functional data were collected in a single
run of 258 EPI volumes, each consisting of 32 slices 4 mm thick
[gap = 0 mm, field-of-view (FOV) = 220 mm, in-plane matrix =
64× 64, in-plane resolution = 3.44 × 3.44mm2], angled parallel to
the anterior commissure-posterior commissure (AC-PC) line.
Before the functional run, high-resolution T1-weighted 3D in-
version prepared spoiled gradient recalled (IR-SPGR) full head
anatomical images were acquired along the coronal plane (TR=9
ms, TE= 2ms, flip angle = 10°, inversion time = 500 ms; 220 mm
FOV, 256 × 256 matrix, 0.87 mm × 0.87 mm in-plane resolution,
124 slices, 1.7-mm slice thickness). The scanner was equipped with
a standard head coil and participants heads were secured with
moldable pillows tominimize headmotion. Stimuli were displayed
through fiber-optic goggles and participants responding by
speaking into a fiberoptic noise-canceling microphone (Opto-
acoustics Ltd.) positioned directly above the mouth. All partic-
ipants met our criteria for minimal head motion (<2 mm
translation/2° rotation in any direction).
Image preprocessing and analysis were largely conducted with

FSL (FMRIB’s Software Library). After discarding the first six
volumes of the run to allow the MR signal to reach steady state,

the remaining images in each participant’s time series were
motion corrected using MCFLIRT (35), and nonbrain voxels
removed using a brain extraction algorithm (BET). Images in the
data series were spatially smoothed with a 3D Gaussian kernel
(FWHM = 8 mm), intensity normalized for all volumes by the
same factor, and high-pass filtered to remove high-frequency
noise (σ = 100 s) was applied.
GLM analyses were conducted using FMRIB improved linear

model (FILM). Event-related changes in the time series were
modeled by convolving binary regressors for each experimental
condition with a double-gamma hemodynamic response function.
Error trials were excluded fromevent-related regressors, andwere
modeled as a separate regressor of no interest. After statistical
analysis for each participant’s time series, the statistical maps
(reflecting each participant’s response in each condition) were
normalized into the common MNI-152 stereotaxic space, using
FLIRT (FMRIB’s Linear Image Registration Tool (36). ROIs
were defined purely anatomically (i.e., with no additional func-
tional criteria), using the Harvard-Oxford Cortical Structures and
Duvernoy atlases.

2.6. Experiment 3: Midazolam Protocol. Participants were pre-
screened for the below exclusion criteria before being scheduled
for the study. Participants were excluded if they had a serious
physical or mental illness, were taking any medication, consumed
more than one alcoholic drink per day, had a history of drug abuse
or tested positive for any drug or alcohol, or had an allergy to
benzyl alcohol or other benzodiazepines. In addition, female
participants were excluded if they were pregnant or breast-
feeding. All participants were tested at the Clinical Translation
Research Center (CTRC) at the University of Colorado (Boul-
der, CO). Participants were required to abstain from food for at
least 4 h, and liquids for at least 2 h, before testing, to minimize
the risks of nausea and vomiting (rare side effects of midazolam).
Upon arriving at the CTRC, participants were greeted by the
experimenter who issued the informed consent, and teaching
sheets to ensure that participants understood the procedures and
complied with all pre- and postexperimental safety precautions.
Participants who passed the initial screening had amedical history
and physical performed by a physician. Participants were weighed
and females were given pregnancy tests at the beginning of each
session. A blood sample was taken for the pregnancy test and for
a toxicology screen to measure the presence of legal and illegal
drugs that might interfere with participants’ mental abilities and/
or adversely interact with midazolam. A breathalyzer test was
also given to assess potential alcohol intoxication.
All drugadministrationandmonitoringprocedureswere carried

out by a CTRC nurse. If a participant received a midazolam in-
jection in thefirst session, that individual received a saline injection
in the second session and vice versa. Order of these injections was
counterbalanced across participants. Session order for each par-
ticipant was provided to the pharmacist and physician by an in-
vestigator not involved in data acquisition or analysis and kept
sealed until the participant had completed both sessions. An i.v.
catheter was inserted and the participant was administered an
injection of either 0.03mg/kg body weight of midazolam diluted to
a total volume of 10 mL or 10 mL saline. The injection was given
over 2min, with amaximumdose of 2.5mg (thus,maximumweight
of participants was limited to 83 kg). Participants were monitored
as if they were undergoing a diagnostic procedure under conscious
sedation. Respiratory rate, arterial oxygen saturation, and elec-
trocardiograms were continuously monitored and blood pressure
was monitored every 15 min.
Participants first completed a task for an unrelated experiment

with pictures. Participants began the verb generation task an
average of 34 min after the injection was administered (range,
25–45 min), and completed the task in an average of 8 min
(range, 5–15 min.). In addition, to verify that drug effects were
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still present during the verb generation task, participants studied
a list of 10 words (first names and city names, counterbalanced)
for 5 s each, immediately before and after the verb generation
task, and were tested on their free-recall the following day.
At the end of the session, participants were offered a meal

prepared by the CTRC nutritionist to further ensure their well-
being. Participants were not allowed to drive home (and were
required to arrange a ride with a family member or friend), and
agreed not to drive, drink alcohol, or operate dangerous ma-
chinery until the morning after the infusion.

SI Results
3.1. Simulations. As in human participants, the model generates
longer settling times (cycles to generate a response) when retrieval
demands are high (low association strength) than when retrieval
demands are low (high association strength), with an average
retrieval cost of 33.5 cycles (Fig. 2B). Also as in human partic-
ipants, the model produces longer settling times in the high se-
lection demand (high competition) compared with low selection
demand (low competition) conditions, with an average selection
cost of 22.6 cycles (Fig. 2B). The model also produces the in-
teraction found in human data: selection costs are higher when
retrieval demands are low (26.0 cycles) than when retrieval de-
mands are high (19.2 cycles) (Fig. 2C).
Reducing kWTA inhibition increases selection costs, while in-

creasing kWTA inhibition reduces selection costs, with these
effects being more robust when retrieval demands are low. Spe-
cifically, reducing inhibition increases selection costs to a greater
degree under low retrieval demand than under high retrieval
demand, and increasing inhibition reduces selection costs only
under low retrieval demand. In contrast, neural inhibition does not
affect retrieval processes. As there is no a priori reason for
assigning specific inhibition levels in the model to the anxiety and
midazolam effect sizes, the lowest (0.62) and highest (0.68) levels
of inhibition were chosen to contrast with the standard level of
inhibition (0.66) in Figs. 3A and 4A, respectively, as they provided
best qualitative match to the data; the full pattern of model sim-
ulations is provided in Table S1 and Fig. S1, and network dy-
namics in Fig. S2.
The effects of retrieval demands, selection demands, and in-

hibition can be understood in terms of the activation dynamics of
units in the VLPFC layer. Fig. S2 illustrates the following:
(i) retrieval demands affect the onset of VLPFC unit activations,
with units starting to become active later under high retrieval
demands, because the reduced connection strengths into poste-
rior cortex lead units to become activated more slowly there;
(ii) selection demands affect the slope and asymptote of VLPFC
unit activations, with units becoming active more gradually and
reaching a lower asymptote under high selection demands, because
of the competition from alternative responses; and (iii) manipu-
lations to inhibition in VLPFC affect selection processes, as in-
dexed by their effects on the slope and asymptote (but not onset)
of unit activations for the winners, with reduced inhibition leading
to prolonged activation of alternative responses. These activation
graphs also convey the basis for the interaction between retrieval
and selection demands: When retrieval demands are low so the
onset to activating options is fast, increases in selection demands
decrease the slope and asymptote of unit activations as units com-
pete. In contrast, when retrieval demands are high so the onset to
activating options is slow, increases in selection demands not only
decrease the slope and asymptote of unit activations as units com-
pete, but also speed the onset of activation via spreading activation
from competitors.
The lack of effect of inhibition on retrieval costs can be un-

derstoodmost clearlywhen selectiondemands are low. In this case,
there is one associated response and thus no spreading activation.
Retrieval is directly governed by the synaptic weights (association
strengths) between the noun stimulus and the associated verb

response in the posterior cortex layer; weaker weights cause
a slower buildup of activation, requiring more time to reach the
threshold for generating a response. Thus, competitive neural
inhibition does not affect retrieval when selection demands are
low. In contrast, when selection demands are high, increasing
inhibition speeds processing under both low and high retrieval
demand, by allowing the target response to win the competition
with alternative responses more rapidly. Although retrieval cost
(thedifference betweenhigh and low retrieval demand conditions)
does increase as inhibition increases when selection demands are
high, this increase arises because increases to inhibition speed the
resolution of the competition even more when retrieval demands
are low than when retrieval demands are high (the interaction
between retrieval and selection demands), not because increased
inhibition slows processing more with high retrieval demand than
with low retrieval demand.
Although selection costs when retrieval demands are high ap-

pear higher in the simulations (Fig. 4A) than in experiment 3 (Fig.
4B), the model is consistent with the selection costs under high
retrieval demands in experiment 1, which has a larger sample size
and is thus likely to provide the best population estimates for
modeling the basic behavioral effects. Most importantly, the
model’s key prediction is supported regarding the three-way in-
teraction (Table S6), with an effect of drug condition on selection
only when retrieval demands are low.

3.2. Behavioral Effects of Anxious Apprehension. Full ANOVA
results are presented in Table S4, and full descriptive statistics are
presented in Table S5. The effect of anxious apprehension on
selection remained significant controlling for anxious arousal and
depression [F(1,55) = 4.21, P = 0.045]. The effect of anxious
apprehension on selection did not interact with retrieval demand
(P=0.4), that is, the effects of anxiety on selection are not reliably
greater when retrieval demands are high. There was no effect of
anxious apprehension on retrieval (P=0.4). Anxiety also does not
affect the interaction between selection and retrieval, and the
model predictions do not significantly differ from the human
behavior. Although the difference between selection costs when
retrieval demands are high vs. low appear larger for low anxiety
participants (Fig. 3A) than in themodel (Fig. 3B), these effects are
not significantly different. The standard-inhibition (low-anxiety)
model produces a selection cost for high retrieval demand con-
ditions of 18.7, and a selection cost for low retrieval demand
conditions of 25.6, giving a ratio of 73%. This ratio is, by design,
similar to the ratio between these selection effects in the full be-
havioral sample. For the low anxiety participants, this ratio be-
tween the two selection effects is numerically smaller (ratio =
49%), but not significantly different from that of the model [one-
sample t(29) = −1.16, P = 0.3]. Thus, across the low-anxiety
model and subjects, greater selection costs are observed under low
retrieval demand than high retrieval demand.
Effects of anxious apprehension were also apparent using

a continuous measure of anxiety. For all continuous analyses, in
addition to the outlier removed above, outliers were excluded for
which the absolute value of DfBeta (the change in the stan-
dardized regression coefficient resulting from excluding that case)
exceeded 2/√N. This resulted in the exclusion of no more than
four cases from any analysis. There was a significant positive
correlation between anxious apprehension and selection costs
(high competition – low competition RTs): Participants with
higher levels of anxious apprehension were more slowed by
competition (r = 0.353, n = 55, P = 0.008, two-tailed) (Fig. S3).
This effect remained significant controlling for anxious arousal
and depression [r(51) = 0.362, P = 0.008]. Examining selection
costs under high and low retrieval demands separately the dif-
ference between these correlations is not significant (r = 0.327,
P = 0.014, n = 56 vs. r = 0.147, P = 0.289, n = 54, Fisher z =
0.98, P = 0.33). Thus, the effect of anxious apprehension on
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selection is not significantly modulated by retrieval demands.
Also as predicted, there was no correlation between anxious ap-
prehension and retrieval cost (low association strength – high
association strength) [r = 0.047, n = 56, P = 0.7 two-tailed,
controlling for anxious arousal and depression r(52) = 0.065,
P = 0.6]. The difference between the correlations of anxious
apprehension with selection and retrieval costs is significant at
the one-tailed level (Fisher z = 1.65, P = 0.05, one-tailed).

3.3. Effects of Anxious Apprehension on VLPFC Activity in Experiment
2. The correlation between left VLPFC activity and anxious ap-
prehension during selection when retrieval demands are low (high
selection demand/ low retrieval demand vs. low selection demand/
low retrieval demand) remained significant controlling for de-
pression and anxious arousal [r(13) = −0.606, P = 0.017]. There
was no correlation between anxious apprehension and VLPFC
activity when retrieval demands were high (high selection de-
mand/high retrieval demand vs. low selection demand/ high re-
trieval demand, r = 0.309, P = 0.2, n = 18). Increased anxiety
predicts reduced VLPFC recruitment during selection for both
the pars triangularis (r = −0.562, P = 0.024, n = 16) and pars
orbitalis (r=−0.603, P=0.008, n=18), and these correlations do
not differ from each other (Fisher’s z = 0.16, P = 0.9).
To ensure that the correlation between left VLPFC activity and

anxious apprehensionduring selectionwhen retrieval demands are
low is not a general effect of anxiety on fMRI BOLD signal during
selection, we tested the correlation in two other regions that im-

plicated the verb generation task: the posterior middle temporal
gyrus (association cortex implicated in semantic representations)
and precentral gyrus (premotor cortex implicated in speech pro-
duction). There was no correlation between anxious apprehension
and activity during selection when retrieval demands are low in
posterior middle temporal gyrus (r = 0.237, P = 0.4, n = 17) or
premotor cortex (r = 0.02, P = 0.9, n = 18).
Finally, the model also predicts that the behavioral effect of

anxiety on selection costs should be mediated by VLPFC activity.
Although accurate voice-onset RTs could not be collected in the
noisy scanner environment, future research (e.g., with manual
responses) should test this prediction.

3.4. Validating Midazolam Effects in Experiment 3. There was no
correlation between selection and retrieval costs and time since
injection (P > 0.5). Participants’ next-day free recall was signif-
icantly impaired under midazolam compared with saline solu-
tion, both for names studied before the verb generation task
[10.5% vs. 32% correct, t(19) = 4.56, P < 0.001] and after the
verb generation task [15% vs. 31% correct, t(19) = 4.56, P <
0.001]. Thus, drug effects were still robust at the time the verb
generation task was completed.
There was no effect of midazolam on grand mean reaction

time in the verb generation task [t(19) = 1.42, P = 0.2]; fur-
thermore, any nonsignificant differences in grand mean reaction
time between conditions were controlled for in these analyses
by z transforming the data within-subjects.
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Table S1. Descriptive statistics for full sample in experiment 1

Condition Back-transformed mean (ms) SE log mean (ln) SE

Low selection/low retrieval demand 1,553 47 7.35 0.03
High selection/low retrieval demand 1,905 60 7.55 0.03
High retrieval/low selection demand 2,241 82 7.71 0.04
High retrieval/high selection demand 2,565 106 7.85 0.04

Data are means and SE (in milliseconds, back transformed from log RT data), and z transformed mean and SE,
for each condition.

Table S2. Parameters for simulations

Parameter Value Parameter Value

Ei 0.15 gl 0.21*
Ei 0.15 gi 1.0
Ee 1 ge 1.0
Vrest 0.15 Θ 0.25
τ 0.02 ε 0.01
γ 50*

For explanation of parameters, refer to equations in text). All parameters are standard default parameters
except for those with an asterisk (*); for more information, refer to verb generation model.

Table S3. Response times (cycles to settle) across network manipulations of competitive inhibition (kWTA pt)

Inhibition level (kWTA pt) 0.68 0.67 0.66 0.65 0.64 0.63 0.62

Low selection demand/low retrieval demand 63.4 63.2 63.0 63.1 63.3 63.6 63.7
High selection demand/low retrieval demand 83.6 83.9 88.6 95.9 108.1 124.7 140.5
Low selection demand/high retrieval demand 99.9 100.1 100.0 100.2 100.2 100.0 99.5
High selection demand/high retrieval demand 118.7 119.1 118.7 119.2 120.3 128.6 140.2
Selection cost with low retrieval demand 20.2 20.7 25.6 32.8 44.8 60.1 76.8
Selection cost with high retrieval demand 18.7 19.1 18.7 19.0 20.1 28.6 40.7
Overall selection cost 19.5 19.9 22.1 25.9 32.5 44.9 58.7

An inhibition level of 0.66 served as the baseline based on qualitative fits with basic behavioral results. From there, decreases in inhibition (simulating the
effects of anxiety) led to increased response times when selection demand was high, whereas increases in inhibition (simulating the effects of midazolam) led
to reduced response times when selection demand was high and retrieval demand was low.

Table S4. Mixed factorial ANOVA (2 × 2 × 2) for anxious apprehension effects in experiment 1

Source F P

Anxious apprehension 0.03 0.859
Selection demand 223.20 <0.001*
Retrieval demand 478.35 <0.001*
Anxious apprehension × selection demand 6.32 0.015*
Anxious apprehension × retrieval demand 0.72 0.399
Selection demand × retrieval demand 10.19 0.002*
Anxious apprehension × selection demand × retrieval demand 0.71 0.403

There is a significant interaction between anxious apprehension (high vs. low) and selection demand, such
that anxiety impairs selection. Main effects of selection and retrieval demands and their interaction are also
significant, whereas all other effects are nonsignificant [df = (1,57) for all effects].
*Significant effect (P < 0.05).
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Table S5. Descriptive statistics for high- and low-anxiety groups (median split) in experiment 1

Low anxious apprehension (n = 30) High anxious apprehension (n = 30)

Condition
Back-transformed

mean (ms) SE
Standardized

mean (z) SE
Back-transformed

mean (ms) SE
Standardized

mean (z) SE

Low selection/low retrieval demand 1,556 80 −0.46 0.03 1,588 81 −0.51 0.03
High selection/low retrieval demand 1,863 96 −0.11 0.03 2,018 125 −0.10 0.02
High retrieval/low selection demand 2,186 136 0.21 0.03 2,368 146 0.17 0.04
High retrieval/high selection demand 2,416 176 0.38 0.03 2,779 202 0.46 0.03

Data are mean and SE (in milliseconds, back transformed from log RT data), and z-transformed mean and SE, for each condition.

Table S6. Repeated-measures ANOVA (2 × 2 × 2) for experiment 3

Source F P

Drug 0.00 0.973
Selection demand 34.70 <0.001*
Retrieval demand 69.32 <0.001*
Drug × selection demand 0.02 0.652
Drug × retrieval demand 1.71 0.207
Selection demand × retrieval demand 1.78 0.198
Drug × selection demand × retrieval demand 5.67 0.028*

There is a significant interaction between drug condition, selection demand and retrieval demand, such that
midazolam improves selection only when retrieval demands are low. Main effects of selection and retrieval
demands are also significant, whereas all other effects are nonsignificant [df = (1, 19) for all effects].
*Significant effect (P < 0.05).

Table S7. Descriptive statistics for saline and midazolam conditions in experiment 3

Saline Midazolam

Condition
Back-transformed

mean (ms) SE
Standardized

mean (z) SE
Back-transformed

mean (ms) SE
Standardized

mean (z) SE

Low selection/low retrieval demand 1,249 51 −0.60 0.04 1,380 86 −0.55 0.04
High selection/low retrieval demand 1,604 99 −0.22 0.06 1,647 155 −0.40 0.04
High retrieval/low selection demand 1,669 103 −0.07 0.07 1,897 158 −0.08 0.07
High retrieval/high selection demand 1,920 160 0.03 0.07 2,208 258 0.16 0.07

Data are mean and SE (in milliseconds, back transformed from log RT data), and z-transformed mean and SE, for each condition.
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