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Prefrontal cortical activation during working memory task
anticipation contributes to discrimination between bipolar
and unipolar depression
Anna Manelis1, Satish Iyengar2, Holly A. Swartz1 and Mary L. Phillips1

Distinguishing bipolar disorder (BD) from major depressive disorder (MDD) is clinically challenging, especially during depressive
episodes. While both groups are characterized by aberrant working memory and anticipatory processing, the role of these
processes in discriminating BD from MDD remains unexplored. In this study, we examine how brain activation corresponding to
anticipation of and performance on easy vs. difficult working memory tasks with emotional stimuli contributes to discrimination
among BD, MDD, and healthy controls (HC). Depressed individuals with BD (n= 18), MDD (n= 23), and HC (n= 23) were scanned
while performing a working memory task in which they had to first anticipate performance on 1-back (easy) or 2-back (difficult)
tasks with happy, fearful, or neutral faces, and then, perform the task. Anticipation-related and task-related brain activation was
measured in the whole brain using functional magnetic resonance imagining. We used an elastic-net regression for variable
selection, and a random forest classifier for BD vs. MDD classification. The former selected the activation differences (1-back minus
2-back) in the lateral and medial prefrontal cortices (PFC) during task anticipation and performance on the working memory tasks
with fearful and neutral faces as variables relevant for BD vs. MDD classification. BD vs. MDD were classified with 70.7% accuracy (p
< 0.01) based on the neuroimaging measures alone, with 80.5% accuracy (p= 0.001) based on clinical measures alone, and with
85.4% accuracy (p < 0.001) based on clinical and neuroimaging measures together. These findings suggest that PFC activation
during working memory task anticipation and performance may be an important biological marker distinguishing BD from MDD.
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INTRODUCTION
Distinguishing bipolar disorder (BD) from major depressive disorder
(MDD) remains challenging in clinical practice because diagnostic
criteria for depressive episodes in the context of BD and MDD are
identical [1]. Neuroimaging studies directly comparing depressed
individuals with BD and MDD may help to identify objective
neurobiological markers for these disorders, thus improving
symptomatic and functional outcomes for affected individuals [2].
Working memory is a limited-capacity system used to maintain,

manipulate, and update information online [3]. The difficulty of a
working memory task is determined by the amount of information
that an individual needs to process at one time. A more difficult vs.
easy task requires processing of more information, recruits
additional neurocognitive resources, and results in behavioral
performance worsening and greater activation in a so-called
working memory network consisting of prefrontal cortical regions
(PFC), anterior cingulate cortex (ACC), posterior parietal cortex,
and some medial temporal and striatal regions [3–8]. Damage to
the neural substrates of the working memory network leads to
impairment in learning, reasoning, and decision-making [4, 9].
Task performance is preceded by task anticipation. During

task anticipation, individuals prepare for a task by recollecting
task-related rules and forming expectations related to the task’s
difficulty and emotional valence. Anticipation-related brain

activation may interact with performance-related brain activa-
tion to ensure optimal brain dynamics and resource usage. For
example, PFC and ACC are involved during anticipation of
emotional stimuli [10]. Anticipatory activation in these regions
predicted reaction time (RT) during problem-solving tasks [11].
Activation in the left ventrolateral PFC (VLPFC) and dorsal
anterior cingulate cortex (dACC) increased when a more difficult
vs. easy task was performed, but decreased when a more difficult
task was anticipated [7]. This activation pattern might be related
to “clearing of” online storage of information to free neural
and cognitive resources prior to performing a difficult working
memory task [7].
Individuals with mood disorders often suffer from cognitive

dysfunction, especially during depressive episode [12–19] that
maybe related to aberrant functioning of the regions described
above [19–24]. Depressed individuals also show strong negative
bias when anticipating future events and experiences [25, 26].
Given that previous studies have demonstrated that individuals
with BD, MDD, and HC have different activation patterns in ACC
and PFC during working memory task performance [24, 27] and
also during anticipation of monetary reward and loss [28, 29], it is
possible that the three groups may also differ during anticipation
of easy vs. difficult working memory tasks. Even though in real
life people are constantly involved in evaluating the difficulty of
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upcoming tasks, neural correlates associated with this process are
largely underexplored. Meanwhile, task difficulty anticipation may
play a critical role in cognitive and psychosocial functioning
because misappraisal of task difficulty could result in poorly
informed behaviors that might, in turn, impair functioning.
In this study, we aimed to examine the differences in

anticipatory processing characterizing BD, MDD, and HC, and to
shed light on whether cognitive dysfunction in depression is
related to the decreased ability to perform the task, decreased
ability to prepare for the task, or both. Given that processing of
emotion-independent stimuli may be differentially biased and
altered by emotion-dependent cognition in depressed individuals
[30], we used affective stimuli such as happy, fearful, and neutral
faces as stimuli in a Cued Emotional N-back Task that examined
anticipation of and performance on an easy (1-back) vs. difficult
(2-back) working memory tasks in depressed individuals with BD,
those with MDD and HC.
The differences (or deltas ([Δ]) between easy vs. difficult tasks in

RT (ΔRT), accuracy (Δaccuracy), brain activation during task
anticipation (Δcue), and task performance (Δtask)) were calculated
as they may be indicative of the amount of the additional
neurocognitive resources required to perform a difficult vs. easy
task. The interaction between Δcue and Δtask, and ΔRT and
Δaccuracy, may represent a trade-off between resource usage,
freeing, and allocation prior to and during the task. These values
together with behavioral and clinical variables were used in
a multinomial elastic-net-regularized regression to identify vari-
ables contributing to BD vs. MDD vs. HC classification [31]. The
predictive ability of selected variables was then validated using
the random forest classifier [32].

METHODS
Participants
The study was approved by the University of Pittsburgh and
Carnegie Mellon University (CMU) Institutional Review Boards.
Participants were recruited from community, universities, counsel-
ling, and medical centers. Written informed consent was obtained
from all participants. Participants were right-handed, fluent in
English, and matched on age, gender, and IQ. HC had no personal or
family history of psychiatric disorders. Symptomatic individuals met
DSM-5 criteria either for major depressive (MDD) or bipolar (BD)
disorders, and were depressed at scan (Hamilton Rating Scale for
Depression (HRSD-25) [33] score >14). Of 21 individuals with BD, one
did not finish the scan, one had low accuracy, and one had excessive
motion (>4mm). Of 25 HC, one had excessive motion, and one did
not follow task instructions. Of 24 individuals with MDD, one
participant had low accuracy. These six individuals were removed
from the analyses. The final data set consisted of 64 participants: 18
with BD (BD Type I= 3, Type II= 15), 23 with MDD, and 23 HC.

Clinical assessment
All diagnoses were made by a trained clinician and confirmed by a
psychiatrist according to DSM-5 criteria using MINI7.0 [34].
Exclusion criteria included a history of head injury, metal in the
body, pregnancy, claustrophobia, neurodevelopmental disorders,
systemic medical illness, premorbid IQ < 85 as per the National
Adult Reading Test (NART) [35], current alcohol/drug abuse, the
Young Mania Rating Scale (YMRS) [36] score >10 at scan, and
meeting criteria for any psychotic-spectrum disorder. We also
collected the following measures: current depression symptoms
using the HDRS-25 [33], current mania symptoms using the YMRS
[36], lifetime depression, hypo/mania spectrum symptomatology,
mixed irritability and mixed impulsivity using the mood spectrum
self-report questionnaire (MOODS-SR) [37], state/trait anxiety
using the State-Trait Anxiety Inventory (STAIY1/STAIY2) [38], and
anhedonia using the Snaith–Hamilton Pleasure Scale (SHAPS) [39].
A total psychotropic medication load was calculated for each

participant, with greater numbers and doses of medications
corresponding to a greater medication load [29, 40]. Table 1
reports means, standard errors, and group statistics for partici-
pants’ demographic and clinical characteristics.

Behavioral paradigm
The Cued Emotional N-back Task modeled after Manelis and Reder
[7, 41] included a total of 48 blocks of 15 trials, each with 8 blocks
per task condition: 1- and 2-back with fearful, neutral, and happy
faces. Face stimuli were taken from the NimStim [42] and the
Karolinska Directed Emotional Faces [43] databases, and were
presented on the white background in the oval frame limiting the
background (Fig. 1). The trials in a block were separated with 500-,
750-, or 1000-ms intertrial intervals randomly inserted between
the trials. The blocks were separated with 6–7.5 s of rest. The n-
back task required participants to determine whether the face
currently presented on the screen matched the face presented n
faces earlier in the sequence. Matching faces were called targets,
and all other faces—nontargets. Participants responded by
pressing a button with the index finger on one hand for targets
and on the other hand for nontargets. A hand assignment was
counterbalanced across participants.
Each block of trials was preceded with the 6-s cue screen

containing information about the upcoming n-back condition (1-
back/2-back) and a symbol indicating the emotional valence of
upcoming stimuli [44] whose emotions were never intermixed
within a block (Fig. 1). A straight line predicted a neutral emotional
expression, a concave curve resembling a smile predicted a happy
emotional expression, and a convex curve predicted fearful faces.
During cue presentation, participants were instructed to anticipate
the n-back condition and face emotion specified by the cue that
always matched the task difficulty and emotional valence of the
block of trials. Subjects underwent extensive practice outside the
scanner to ensure high accuracy on the task inside the scanner.

Neuroimaging data acquisition
All neuroimaging data were collected at the Scientific Imaging and
Brain Research Center at CMU using a Siemens Verio 3 T scanner
with a 32-channel coil. The fMRI data were collected using a
multiband sequence (factor= 4, TR= 1500ms, resolution= 2 × 2 ×
2mm, 68 slices, FOV= 220, TE= 30ms, and flip angle= 72°). High-
resolution T1w images were collected using the MPRAGE sequence
(TR= 2300ms, resolution= 1 × 1 × 1mm, 176 slices, FOV= 256,
TE= 1.97ms, and flip angle= 9°). Two spin-echo images were
acquired with opposite phases (i.e., AP and PA) encoding directions
(TR= 2240ms, resolution= 2 × 2 × 2mm, 68 slices, FOV= 220, TE=
76.4ms, and flip angle= 90°) for distortion correction.

Data analyses
Clinical data analysis. The demographic and clinical character-
istics were compared among groups using a one-way ANOVA or
chi-square test, as appropriate. BD and MDD were compared using
a t test. One missing trait anxiety score was imputed using the
R package “mice” (https://cran.r-project.org/web/packages/mice/
mice.pdf).

Behavioral data analysis. A three-way ANOVA, with group
(BD/MDD/HC) as a between-subject factor, and n-back (1-/2-back)
and emotional conditions (happy/fearful/neutral faces) as within-
subject factors, was conducted using the “sjstats” package in R
(https://cran.r-project.org/web/packages/sjstats/index.html).

Neuroimaging data analysis
Preprocessing: The quality of the neuroimaging data was
examined using the MRIQC [45]. Data were preprocessed using
fMRIPprep [46] (see Supplemental Materials). In short, the anatomical
images (T1w) were corrected for intensity nonuniformity. Brain
surfaces were reconstructed using recon-all (FreeSurfer6.0.1) [47].

Prefrontal cortical activation during working memory task anticipation. . .
A Manelis et al.

957

Neuropsychopharmacology (2020) 45:956 – 963

https://cran.r-project.org/web/packages/mice/mice.pdf
https://cran.r-project.org/web/packages/mice/mice.pdf
https://cran.r-project.org/web/packages/sjstats/index.html


Brain tissue segmentation of cerebrospinal fluid (CSF), white matter
(WM), and gray matter was performed on the brain-extracted T1w
using FAST [48]. Susceptibility distortions of BOLD images were
estimated based on two spin-echo images with opposing phase-
encoding directions using 3dQwarp of AFNI [49]. The BOLD images
were co-registered to the T1w images using bbregister [50] and
motion corrected using MCFLIRT [51]. Automatic removal of motion
artifacts was achieved using independent component analysis
(ICA-AROMA) [52]. Further preprocessing included removing the
effects of CSF, WM, and non-steady-state volumes and high-pass
temporal filtering (90 s).

Subject-level analysis: The preprocessed and registered-to-MNI-
space BOLD images served as an input to a subject-level analysis.

A hemodynamic response was modeled using a gamma function.
A subject-level general linear model included 13 explanatory
variables: 2 levels of task difficulty (1-back/2-back), 3 emotional
conditions (happy/neutral/fearful), 2 task conditions (task antici-
pation/task performance), and motor responses. The former 12
variables were modeled as blocks. The motor response was
modeled as the last 200ms of each valid trial. The 1-minus-2-back
contrasts were computed for task anticipation and performance
across all emotions.

Group-level analysis: Two group-level analyses (1-minus-2-back
during task anticipation, and 1-minus-2-back during task perfor-
mance) were conducted across all subjects and all emotional
conditions in the whole brain using the randomise tool [53] for

Fig. 1 N-back task. An example of a 2-back block with neutral emotional faces.

Table 1. Demographic and clinical characteristics.

BD MDD HC ANOVA/chi-square t test BD vs. MDD

N 18 23 23

Gender (number of females) 13 17 16 ns

Age (years) 25.88 (1.3) 25.8 (1.5) 24.7 (1.2) F(2,61)= 0.24, p= 0.79 t(39)= 0.04, p= 0.97

IQ (NART) 109.68 (1.6) 113.1 (1.1) 110.07 (1.2) F(2,61)= 2.17, p= 0.12 t(39)=−1.8, p= 0.08

Current depressive episode duration (in weeks) 14.2 (4.8) 16.2 (4.3) na na t(39)=−0.3, p= 0.76

Number of lifetime mood episodes 7.1 (0.7) 6.04 (0.9) na na t(39)= 0.9, p= 0.4

Number of lifetime episodes of depression 4.3 (0.5) 6.04 (0.9) na na t(39)=−1.5, p= 0.15

Number of lifetime episodes of
•Mania
•Hypomania

0.33 (0.2)
2.4 (0.4)

0 na na na

Illness onset (year of age) 17.3 (0.8) 19.2 (1.6) na na t(39)=−0.95, p= 0.35

Current depression severity (HRSD-25) 27.11 (1.5) 21.5 (1.1) 1.3 (0.3) F(2,61)= 177.39, p < 0.001 t(39)= 3.05, p= 0.004

Current mania severity (YMRS) 3.33 (0.6) 1.7 (0.3) 0.43 (0.2) F(2,61)= 13.73, p < 0.001 t(39)= 2.46, p= 0.02

State anxiety (STAIY1) 52.56 (2.4) 51.5 (1.8) 26.26 (1.1) F(2,61)= 74.7, p < 0.001 t(39)= 0.35, p= 0.7

Trait anxiety (STAIY2) 61.56 (3.1) 60.9 (1.8) 30.78 (1.2) F(2,61)= 79.38, p < 0.001 t(39)= 0.2, p= 0.85

Anhedonia (SHAPS) 34.5 (2) 32.26 (0.9) 18 (0.8) F(2,61)= 52.39, p < 0.001 t(39)= 1.08, p= 0.3

Lifetime depression (MOODS-SR) 21.78 (0.6) 20.09 (0.6) 1.04 (0.3) F(2,61)= 514.14, p < 0.001 t(39)= 1.93, p= 0.06

Lifetime mania (MOODS-SR) 18.61 (1) 9.17 (1.2) 4.48 (0.8) F(2,61)= 44.56, p < 0.001 t(39)= 5.8, p < 0.001

Lifetime mood mixed instability (MOODS-SR) 4.11 (0.5) 1.7 (0.4) 0.17 (0.1) F(2,61)= 31.54, p < 0.001 t(39)= 3.96, p < 0.001

Lifetime irritability (MOODS-SR) 4.5 (0.3) 2.74 (0.3) 0.39 (0.1) F(2,61)= 63.17, p < 0.001 t(39)= 4.04, p < 0.001

Number of participants taking antidepressants 10 12 0

Number of participants taking mood stabilizers 4 0 0

Number of participants taking antipsychotics 0 0 0

Number of participants taking benzodiazepines 5 3 0

Number of participants taking stimulants 1 0 0

A mean number of psychotropic medications 1.22 (0.2) 0.78 (0.2) 0 (0) F(2,61)= 18.03, p < 0.001 t(39)= 1.6, p= 0.1

A mean total medication load 1.5 (0.2) 1.17 (0.3) 0 (0) F(2,61)= 15.1, p < 0.001 t(39)= 0.88, p= 0.4

Number of participants taking one psychotropic medication 6 6 0

Number of participants taking two psychotropic medication 8 6 0

ns not significant.
The table reports the mean and standard error of mean (SE) in parenthesis.
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nonparametric permutation inference with 5000 permutations,
Threshold-Free Cluster Enhancement correction and FWE-
corrected p-values were <0.05. Subjects’ age, gender, and IQ
were used in the models as covariates. A conjunction analysis was
used to map the brain regions sensitive to anticipated task
difficulty (1-back>2-back or 2-back>1-back during anticipation) on
the working memory network (2-back>1-back during task
performance). The percent signal changes were then extracted
from the regions identified in the conjunction analysis for each
subject for each n-back, emotion, and anticipation/task condition,
and then Δcue and Δtask (1-minus-2-back differences) were
calculated for all these conditions. Functional localization was
determined using the Harvard–Oxford cortical and subcortical
structural atlases.

Multinomial regression with elastic-net regularization: The mea-
sures of Δcue, Δtask, Δcue*Δtask interaction, ΔRT, Δaccuracy,
ΔRT*Δaccuracy interaction for the same emotional condition, and
current depression and mania severity, lifetime depression, mania,
instability and irritability, state and trait anxiety, anhedonia, and a
total medication load were used as inputs to the multinomial (BD vs.
MDD vs. HC) and binomial (BD vs. MDD) elastic-net-regularized
regression models (the elastic-net penalty α= 0.5) implemented
using the R package “glmnet” [31]. Elastic net is a regularization and
variable selection method that combines the L1 norm (for model
sparsity) and L2 norm (for model robustness) into a penalized model
[31] used when the model has too many predictors relative to the
number of observations. A lambda.1se computed across 5000
repetitions of the elastic-net algorithm with tenfold cross-validation
was used to predict subjects’ diagnostic groups. The binomial elastic
net to discriminate BD and MDD diagnoses was run on clinical and
neuroimaging, clinical-only, and neuroimaging-only variables. Table 2

reports the model’s coefficients. Despite a progress in developing
test statistics for other types of elastic-net regression [54, 55],
procedures for calculating p-values for multinomial/binomial elastic
nets are not yet available. In order to validate the elastic-net results
and estimate a classification accuracy, we used the variables selected
by elastic net in a random forest classification analysis using
the R package “randomForest” [32] (https://cran.r-project.org/web/
packages/randomForest/randomForest.pdf) with ntrees= 10000.
The significance was determined using the R package ‘rfUtilities’
(https://cran.r-project.org/web/packages/rfUtilities/index.html) with
ntrees= 10000 and 5000 permutations (see Supplemental Methods).

RESULTS
Clinical
BD, MDD, and HC groups did not differ from each other in age, IQ,
or gender composition (Table 1). Individuals with BD and MDD
were significantly more symptomatic than HC (p < 0.05). Indivi-
duals with BD had more severe symptoms of depression, hypo/
mania, mood instability and irritability lifetime, had more
subthreshold symptoms of mania, and were significantly more
depressed at scan (p < 0.05) than those with MDD.

Behavioral
A group × n-back × emotion ANOVA revealed the main effect of
task difficulty on both accuracy (F(1,365)= 201.7, p < 0.001, partial
η2= 0.356) and RT (F(1,365)=118.9, p < 0.001, partial η2= 0.346).
Participants were slower and less accurate for 2-back vs. 1-back
task (Fig. 2), thus confirming that the 2-back was more difficult
than the 1-back task. Neither accuracy nor RT were affected by
group, emotional condition, or interactions between group, task
difficulty, and emotional condition (p-value > 0.05).

Table 2. Elastic-net regression coefficients for multinomial and binomial elastic regressions.

Region Multinomial BD vs. HC
vs. MDD

Binomial BD vs. MDD
Neuroimaging+Clinical

Binomial BD vs. MDD
Neuroimaging only

Binomial BD vs. MDD
Clinical only

BD MDD HC

Δcue left DLPFC fearful faces −1.331 1.607 −0.276 1.85 2.4 NA

Δtask left DLPFC fearful faces – – – – −0.92 NA

Δcue * Δtask left DLPFC
fearful faces

4.463 −5.345 0.883 −0.55 −4.88 NA

Δtask left DLPFC neutral faces – – – – −0.93 NA

Δcue left VLPFC neutral faces 1.115 −1.463 0.348 −0.85 −1.25 NA

Δcue Paracingulate/dACC
neutral faces

0.437 −0.404 −0.033 −0.70 −0.95 NA

Δcue * Δtask Paracingulate/dACC
neutral faces

−2.073 2.422 −0.348 2.94 7.98 NA

Current depression severity
(HRSD-25)

0.019 0.01 −0.028 −0.01 NA −0.02

Current mania severity (YMRS) 0.014 −0.007 −0.007 – NA –

Lifetime depression (MOODS-SR) 0.015 0.039 −0.054 – NA –

Lifetime mania (MOODS-SR) 0.062 −0.038 −0.024 −0.08 NA −0.09

Lifetime mood mixed instability
(MOODS-SR)

0.075 −0.035 −0.04 −0.07 NA −0.06

Lifetime irritability (MOODS-SR) 0.095 −0.006 −0.089 −0.10 NA −0.12

Anhedonia (SHAPS) 0.008 0.007 −0.015 – NA –

State anxiety (STAIY1) 0.004 0.014 −0.018 – NA –

Trait anxiety (STAIY2) 0.005 0.007 −0.012 – NA –

A total medication load 0.07 0.006 −0.076 – NA –

“NA”—the variable was not among the input variables to the model, “–“ —the variable was not selected by elastic net.
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Neuroimaging: 1- vs. 2-back contrast across subjects and
emotional conditions
Bilateral VLPFC, DLPFC, paracingulate/dACC, insula, cerebellum,
left posterior parietal cortices, right thalamus, and right caudate
regions showed greater activation during performance on 2-back
vs. 1-back task across all emotional conditions, while central
and parietal opercular, frontal polar, and posterior cingulate
cortices showed greater activation during performance on 1-back
vs. 2-back tasks (Supplementary Table S1; Fig. 3a, b).
The left VLPFC, left DLPFC, and paracingulate/dACC brain regions

showed greater activation during 1- vs. 2-back task anticipation
across all emotional conditions (Supplementary Table S1; Fig. 3a, b).
These regions fully overlapped with the regions showing greater
activation for 2- vs. 1-back during task performance. No cortical or
subcortical region showed greater activation for 2-back vs. 1-back
task during anticipation. The paracingulate/dACC region will be
further referred as paracingulate as per Harvard–Oxford cortical
structural atlas.

Elastic-net regression
Forty-six input variables (27 neuroimaging [Δcue, Δtask, and
Δcue*Δtask interaction in the left VLPFC, left DLPFC, and
paracingulate gyrus/dACC for fearful, happy, and neutral faces],
nine behavioral [ΔRT, Δaccuracy, and ΔRT*Δaccuracy interaction
for fearful, happy, and neutral faces], and ten clinical [measures of
current depression, mania, and anhedonia, measures of lifetime
depression, mania, mood instability, and irritability, and measures
of state and trait anxiety and medication load]) were predictors in
the multinomial elastic net.

Multinomial model. In the multinomial model, the diagnostic
group membership (BD vs. MDD vs. HC) was best explained by 15
of 46 input variables (Table 2, Fig. 3c): all ten clinical variables,
Δcue and Δcue*Δtask interaction in the left DLPFC for fearful faces,
Δcue and Δcue*Δtask interaction in the paracingulate for neutral
faces, and Δcue in the left VLPFC for neutral faces.

Binomial models. Elastic net with neuroimaging, behavioral, and
clinical variables as input selected 9 of 46 variables that best
explained the BD vs. MDD differences (Table 2): the same five
neuroimaging variables as described above and four clinical
variables (current depression severity, lifetime mania, instability,
and irritability). A random forest with these nine variables as
predictors classified BD vs. MDD with 85.4% accuracy (p < 0.001).
Elastic net with clinical-only variables as input selected four of

ten variables: current depression severity, lifetime mania, instabil-
ity, and irritability. A random forest with these 4 variables as
predictors classified BD vs. MDD with 80.5% accuracy (p= 0.001).
Elastic net with neuroimaging-only variables as input selected 7

of 27 variables: Δtask in left DLPFC for fearful faces, Δtask in the
left DLPFC for neutral faces, and the 5 neuroimaging variables

selected by the multinomial model (Table 2). A random forest with
these 4 variables as predictors classified BD vs. MDD with 70.7%
accuracy (p= 0.007).

Post hoc comparisons of the neuroimaging variables selected by
multinomial/binomial elastic-net models. A one-way ANOVA on
the neuroimaging variables identified by the elastic-net models
revealed a significant effect of group on Δcue for fearful faces in
the left DLPFC (F(2,61)= 5.7, p= 0.005, Fig. 3d). A significantly
greater decrease in the left DLPFC activation during anticipation of
fearful faces in 2-back vs. 1-back conditions was observed in
depressed individuals with MDD vs. those with BD (difference=
0.1, p-adjusted= 0.004 in the Tukey multiple comparison test),
and a marginally greater decrease in MDD vs. HC (difference=
0.06, p-adjusted= 0.09). There was a marginally significant effect
of group on Δcue for neutral faces in the left VLPFC (F(2,61)= 2.8,
p= 0.07) and paracingulate gyrus (F(2,61)= 2.6, p= 0.08, Fig. 3d).
Individuals with BD showed a marginally greater decrease in
activation in these regions during anticipation of neutral faces
in 2-back vs. 1-back tasks compared with individuals with MDD
(VLPFC: difference= 0.08, p-adjusted= 0.06; paracingulate: differ-
ence= 0.077, p-adjusted= 0.076).
The group differences among the regression slopes for

Δcue*Δtask interaction effect in the left DLPFC for fearful faces
and paracingulate gyrus for neutral faces (Fig. 3e) were examined
using the R package “lsmeans” (https://cran.r-project.org/web/
packages/lsmeans/lsmeans.pdf). A significant interaction was
observed in DLPFC (F(2,58)= 3.86, p= 0.03) and paracingulate
(F(2,58)= 4.4, p= 0.01). A post hoc test with p-values adjusted
using Tukey method for comparing a family of 3 estimates
showed significant difference in slopes for BD vs. MDD (DLPFC: BD
(B= 0.4) > MDD (B=−0.24), t.ratio= 2.6, and p-adjusted= 0.03;
paracingulate: BD (B=−0.57) < MDD (B= 0.32), t.ratio=−2.97,
and p-adjusted= 0.01). Specifically, greater decreases in left DLPFC
activation during anticipation of fearful faces for 2-back vs. 1-back
task (positive values on the x-axis of Fig. 3e) were related to
greater increases in the same region during performance on 2- vs.
1-back tasks (negative values on the y axis of Fig. 3e) in individuals
with MDD, but an opposite pattern characterized individuals with
BD. Greater decreases in paracingulate activation during anticipa-
tion of neutral faces for 2- vs. 1-back task were related to greater
increases in the same region during performance on 2-back vs.
1-back tasks in individuals with BD, but an opposite activation
pattern characterized individuals with MDD.

DISCUSSION
Individuals with mood disorders often suffer from cognitive
dysfunction [12–19] and aberrant anticipatory processing [25, 26].
Here we examined for the first time how the differences in brain
activation during anticipation of and performance on an easy vs.

Fig. 2 Behavioral results. Accuracy and RT for 1- and 2-back tasks with fearful, happy, and neutral faces.
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difficult emotional working memory tasks can help distinguish
depressed individuals with BD from those with MDD. Given the
nature of the task, we focused our analyses on the conjunction
between the working memory network (i.e., the regions showing
greater activation for difficult vs. easy tasks) and the network of
regions involved in anticipation of easy vs. difficult tasks. The
results pertaining to the regions identified in the conjunction
analysis suggest that activation patterns in lateral and medial PFC
during anticipation of easy vs. difficult tasks maybe an important
biological marker for BD vs. MDD classification. Both multinomial
(BD vs. MDD vs. HC) and binomial (BD vs. MDD) elastic-net
analyses showed that the 1-minus-2-back differences in the left
DLPFC for fearful faces and the left VLPFC and paracingulate/dACC
for neutral faces during task anticipation, as well as the interaction
between these differences for task anticipation and task
performance contributed to group classification. BD vs. MDD
groups were classified with 85.4% accuracy based on clinical and
neuroimaging variables selected by elastic net, with 80.5%
accuracy based on clinical variables, and with 70.7% accuracy
solely based on neuroimaging variables: the 1-minus-2-back
differences in the left DLPFC, VLPFC, and paracingulate/dACC
activation during anticipation of, performance on, and the
interaction between anticipation and performance on working
memory tasks with fearful and neutral faces. The fact that the
direct comparisons between BD vs. HC or MDD vs. HC did not
reach significance, but BD was significantly different from
MDD, underscores the biologic differences between BD and
MDD, pointing toward the need for different and individualized
treatment approaches.
Brain activation during task anticipation is related to expected

difficulty and the amount of effort in the task [7, 41, 56], and
emotional valence of the stimuli [10, 44, 57]. The left VLPFC is
involved in cognitive control, memory retrieval, resolution of
proactive interference [58, 59], and updating of the task-related
representations prior to task performance [60]. Paracingulate/
dACC is a key region for conflict or interference monitoring [61],

and may be involved with an effort calculation prior to task
performance [56]. During task anticipation, these regions may
work together to control neural and cognitive resource allocation
to help achieve high-level performance on expected working
memory. We found that individuals with BD who decreased
paracingulate/dACC activation during anticipation of a difficult
working memory task with neutral faces, increased it during task
performance. In contrast, individuals with MDD who showed
difficulty-related decreases in this region during task anticipation,
failed to do so during task performance. Neutral faces are
ambiguous for depressed individuals, and are often incorrectly
judged as emotional [62, 63]. Anticipation of neutral faces might
engage different neural mechanisms in BD and MDD. While the
former might employ a “resource saving” strategy for a more
difficult task with neural faces, the latter might need to maintain
or even increase anticipatory activation in paracingulate/dACC to
be able to activate this region during the task.
The DLPFC plays a critical role in emotion regulation,

cognitive control, and planning [64–66]. In our study, individuals
with MDD, compared with those with BD, had a significantly
greater reduction in DLPFC activation for 2-back vs. 1-back
anticipation of fearful faces, and had significantly more negative
slope for the Δcue*Δtask interaction that did not differ from that
in HC. The left DLPFC has been implicated in an early stage of
threat processing [67], so failing to reduce activation in this
region during anticipation of fearful faces in a difficult (2-back)
working memory task might suggest aberrant anticipatory
processing of negative stimuli in BD. This idea is consistent
with our previous findings, suggesting that individuals with BD
may “block” anticipation of negative stimuli to avoid negative
emotions prior to task performance [29, 68]. Anticipating a
stressful day in the morning may negatively affect cognitive
functioning during the day [69], so “blocking out” potentially
stressful or disturbing information before experiencing it may be
a defense mechanism that depressed individuals with BD use to
remain functional.

Fig. 3 Neuroimaging and elastic-net regression results. a Red–yellow: 2-back>1-back for task performance; blue: 1-back>2-back for task
performance; green: 1-back>2-back for task anticipation. b Activation for 1- and 2-back task anticipation and task performance. c Cross-
validation plots for optimal lambda. d Δcue for the regions and conditions identified by the elastic-net regression analysis. e The interaction
effect between Δcue and Δtask in the left DLPFC for fearful faces, and in the paracingulate gyrus for neutral faces.
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According to previous studies, the left VLPFC and dACC increase
in activation for a more difficult, compared with an easy working
memory task, but decrease in activation during anticipation of a
more difficult, compared with an easy working memory task [7, 8].
It is noteworthy that despite using a different subject population,
different type of stimuli, different fMRI acquisition sequences, and
analysis pipelines, we have replicated both the brain activation
patterns for easy vs. difficult working memory task anticipation and
performance, and the specific brain regions showing this pattern of
activation [7]. This replication is critically important because it
confirms the validity, reliability, and generalizability for the role of
these regions during working memory task anticipation.
One limitation of our study is a relatively small sample size that

did not allow us to examine separately or compare individuals
with BD-I and BD-II. It is possible that the results were driven
primarily by the BD-II as they comprised 80% of our BD sample.
Our supplementary results, where we directly compared BD-II and
MDD, provide additional support for this hypothesis (Supplemen-
tary Table S2). Another limitation is use of medications by some
individuals with BD and MDD. However, it is important to note
that a medication load was not different between BD and MDD
groups, and did not contribute to BD vs. MDD classification.
In summary, our findings contribute to the body of literature,

highlighting the role of lateral and medial PFC regions in
distinguishing BD from MDD [2, 21, 24, 27]. We showed that the
1-back vs. 2-back activation differences in these regions during
anticipation of fearful and neutral faces distinguished BD from
MDD when participants were depressed and thus especially
difficult to diagnose. This brings anticipatory processing into
focus, and suggests that anticipatory brain activation preceding
performance on working memory tasks may be an important
biological marker of BD and MDD. Differential aberrant antici-
patory processing in individuals with BD and MDD might reflect
the differences in mental strategies used to prepare to process
fearful and neutral faces when neurocognitive resources are
limited (as in a difficult working memory task) through changing
the neural resource allocation prior to task performance. Targeting
anticipatory processing may be a promising direction in develop-
ing therapies for BD and MDD. Future research should aim to
understand how modulating PFC activation during mental
preparation for difficult working memory tasks improves cognitive
functioning in depressed individuals with BD and those with MDD.
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