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Bidirectional competitive
Interactions between motor
memory and declarative memory
during interleaved learning

Sungshin Kim?2

Distinct motor and declarative memory systems are widely thought to compete during memory
consolidation and retrieval, yet the nature of their interactions during learning is less clear. Recent
studies have suggested motor learning not only depend on implicit motor memory system supporting
gradual tuning of responses by feedback but also depend on explicit declarative memory system.
However, this competition has been identified when both systems are engaged in learning the same
material (motor information), and so competition might be emphasized. We tested whether such
competition also occurs when learning involved separate motor memory and declarative information
presented distinctly but yet in close temporal proximity. We measured behavioral and brain-activity
correlates of motor-declarative competition during learning using a novel task with interleaved motor-
adaptation and declarative-learning demands. Despite unrelated motor versus declarative information
and temporal segregation, motor learning interfered with declarative learning and declarative learning
interfered with motor learning. This reciprocal competition was tightly coupled to corresponding
reductions of fMRI activity in motor versus declarative learning systems. These findings suggest that
distinct motor and declarative learning systems compete even when they are engaged by system-
specific demands in close temporal proximity during memory formation.

Distinct neural systems supporting motor versus declarative memory' are thought to operate simultaneously
during motor learning, such as when one must adapt motor output to accommodate externally applied perturba-
tions?~®. Declarative memory for goals, strategies, and feedback may dominate the earlier stage of learning, with
gradual evolution of implicit motor memory that dominates later stages of learning and produces automaticity”-'!.
Thus, independent learning processes with distinct timescales operate simultaneously to achieve common learn-
ing goals, such as improving motor acuity, accuracy, and response times. Thus, interference between motor and
declarative learning can also occur via competition while achieving the same goal for motor and declarative mem-
ory systems, probably due to limited memory resource shared by the systems'2. For instance, in the consolidation
period after motor learning, presentation of word-list material to be learned explicitly interferes with subsequent
expression of the previous motor learning, suggesting motor-declarative competition during consolidation that
may arise from consolidation bandwidth limits'>~'¢. However, these studies retrospectively inferred interac-
tion between the memory systems based on performance of tasks after consolidation period without any direct
demonstration of underlying neural signatures'>!*!¢ or pre-assumed that specific brain regions (e.g., DLPFC,
M1) are associated with separate memory processing'*'>. Moreover, previous studies have shown competition
either during learning for the common task goals or after learning for the separate system-specific task goals.
However, it has been unclear whether the interactions would be competitive or cooperative during learning for
the system-specific task goals. To fill this gap, we aimed to investigate direct evidences of the interaction between
motor and declarative systems during learning by analyzing trial-by-trial performance of distinct motor versus
declarative tasks.

Here, we developed a novel fMRI task in which subjects performed visuomotor adaptation, which is a stand-
ard type of motor learning®%"’, interleaved with object-location association learning, which is a standard type of
hippocampal-dependent declarative learning'®-?! (Fig. 1). Visual feedback on which motor learning is dependent
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Figure 1. Experiment design. (A) For each trial in the interleaved learning phase, a target appeared on the right
side of the screen and subjects attempted to reach the target using an fMRI-compatible pen on a tablet within
1.5s (maximum movement time). Target colors cued different visuomotor rotations, 0°, +40°, and —40°. In

the feedback and control conditions, a cursor position was provided as feedback for 0.5 s after the movement.
Immediately after feedback, a trial-unique object appeared in the one of four locations. (B) In the delayed
declarative memory test, we assessed object-recognition memory and recollection memory of the associated
location. Object images were taken from an available open source, which was described in Brady et al.%, with no
copyright protection via the internet for demonstration purposes.

was either presented or hidden and trial-level motor error was used to quantify the amount of motor learning that
occurred from one trial to the next. Additionally, we also designed a control motor task with feedback but without
visuomotor adaptation to rule out possible effects of non-specific factors except for memory interference by the
visual feedback per se, e.g., attention. Declarative memory testing after the learning phase was used to quantify
the relative success of declarative learning on each trial with measuring recognition with the level of confidence
and recollection of associated locations. This allowed us to quantify the degree to which motor and declarative
learning occurred on a trial-by-trial basis. According to the hypothesis of competitive interaction between the
memory systems, we predicted that motor learning would harm declarative learning and that the magnitude of
this declarative memory disruption would scale with the magnitude of trial-by-trial motor learning. Likewise, we
predicted that successful declarative learning would negatively affect the success of motor learning in temporally
proximal trials.

To identify systems-level interactions supporting the predicted bidirectional interference, we fitted
trial-by-trial measures of declarative learning and motor learning to fMRI activity. We predicted that activity of a
motor-learning network including prefronto-parieto-cerebellar areas would positively correlate with the success
of motor learning and would negatively correlate with the success of declarative learning. Likewise, we predicted
that the negative influence of motor learning on declarative learning would correlate with reduced activity in an
declarative-memory network including hippocampal and medial-prefrontal areas. This predicted pattern of find-
ings would provide evidence for general competition between distinct motor and declarative memory systems;
that is, competition even when learning involves distinct system-specific information presented in relatively close
temporal proximity.

Results

Successful motor and declarative learning. Motor learning was successful, as indicated by decreases
in motor error within feedback blocks (for all blocks, 1-tailed t-test: df=23, p < 0.0017, Cohen’s d = 0.69) that
plateaued within non-feedback blocks (Fig. 2A). Performance worsened between the last trial of a feedback block
and the first trial of the next feedback block of the same type due to forgetting, but increased overall across suc-
cessive feedback and non-feedback blocks, as in prior studies*?* In order to prevent premature learning and
reliance on habitual responding, each subject successfully learned two distinct visuomotor rotations (+40 and
—40 degrees)**>*. For each subject, errors in the last blocks for each rotation (feedback and non-feedback) were
significantly lower than the imposed rotations (all p < 10~7). There was no difference in overall motor learning of
the two rotations (T,,) = 1.58, p=0.13), and thus subsequent analysis collapsed these conditions. Control and
non-feedback blocks were used as control conditions for which learning should have been minimal or absent.
Indeed, there was no significant learning for most of control and non-feedback blocks (13 out of 16; p > 0.05,
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Figure 2. Motor and declarative learning. (A) Red, green, and blue circles indicate movement directions in
Control (0° rotation), +-40° Feedback, and —40° Feedback conditions, respectively, averaged across participants.
The open circles indicate the non-feedback condition. (B) Responses rates for declarative recognition memory
were averaged separately for old versus new objects and for each confidence level (HC: high confidence; LC:
low confidence) and each response category (HIT, MISS for old objects, FA: false alarm, CR: correct rejection
for new objects). (C) Correct response rates for source memory are shown averaged given the corresponding
recognition response. The dotted line indicates the chance level of performance.

1-tailed t-test) except for three non-feedback blocks in which marginal learning occurred (p value range = 0.022-
0.048). Thus, motor learning was highly successful and based almost entirely on feedback.

Memory for object-location associations studied in an interleaved fashion during motor learning was assessed
using a two-step test, whereby each trial was tested for recognition memory of the object followed immediately
by recollection of its studied location. Object recognition was successful, as indicated by accurate discrimination
of studied objects from new/unstudied objects (Fig. 2B). Subjects responded “old” with higher confidence to old
objects and “new” with higher confidence to new objects (F(3 45 = 96.4, p < 0.001, ,> = 0.81 for the interaction
of response type by object old/new status in a two-way repeated-measures ANOVA). All the subjects performed
above chance, as indicated by discrimination sensitivity scores (d’) computed irrespective of confidence that were
greater than zero (mean = 1.36, range = 0.30-2.59).

Recall of object locations (i.e., source-memory recollection) was also successful and was strongly related to
high-confidence object recognition®. To test whether the object recalls were from random guess or from true
memory, we calculated the correct recall rates out of trials in which subjects chose to answer (i.e., clicking one of
four location boxes). Object-location recall rates were significantly higher than the chance level of 0.25 (Fig. 2C)
when subjects recognized objects with high confidence, (0.66 & 0.040, mean & SE; Ty, = 10.28, p <0.001,
Cohen’s d=2.14) and low confidence (0.40 £ 0.045; T ;) = 3.45, p < 0.005, Cohen’s d = 0.74). However, they
were not significantly higher than chance when subjects failed to recognize objects regardless of confidence (0.23
+ 0.049; Ty = 0.41, p=0.69) (Fig. 2C). Because the recall rates were higher in more successful recognition
memory from the above analyses, they can provide a graded declarative memory outcome when combined with
recognition memory as in Fig. 3C. Object-location recalls were considered valid only when objects were success-
fully recognized. Thus, in the subsequent analysis, we assessed the source-memory recollection performance as
the fraction of the locations recollected correctly out of all the recognized objects regardless of confidence (see
details in Methods).
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Figure 3. Reciprocal interference between motor and declarative learning. (A) Recognition memory
performance is significantly lower in feedback blocks (in which motor learning occurred) than in the non-
feedback and the control blocks that were devoid of motor learning and that controlled for various nonspecific
factors (see text). (B) Motor and declarative learning levels correlated negatively across blocks, with conditions
indicated via coloration as in Fig. 2A. (C) There was less motor learning (improvement from one trial to the
next) with increasingly more successful declarative learning. (*p < 0.001, **p < 0.01, *p <0.5).

Motor learning impaired declarative learning. To identify the influence of motor learning on declara-
tive learning, a two-way repeated-measures ANOVA was performed on object-recognition memory performance
and source-memory recollection performance, with subjects as random factors, and motor-feedback conditions
(control, feedback, and non-feedback) and three experimental runs as repeated-measures. Declarative memory
varied for the control, feedback, and non-feedback conditions irrespective of run (recognition: main effect F, 4,
= 14.44, p <0.001, 1},* = 0.40; recollection: main effect F, 44y = 3.51, p=0.039, n,> = 0.14), and this effect of feed-
back conditions varied across runs for recognition memory (interaction effect F, g5) = 4.30, p < 0.005, np2 =0.16),
but not for recollection memory (interaction effect F, g5) = 0.73, p > 0.5). Post-hoc pairwise tests indicated that
recognition memory and recollection memory were worse for objects learned in feedback blocks (when motor
learning occurred) than in control blocks (recognition: T ,,) = 3.99, p < 0.001, Cohen’s d = 0.83; recollection: T(y,
= 2.25, p=0.035, Cohen’s d =0.47) and in non-feedback blocks (recognition: T,,) = 5.29, p <0.001, Cohen’s
d=1.10; recollection: Ty, = 2.71, p=10.013, Cohen’s d = 0.57), when no motor learning occurred (Figs. 3A and
S1A). The overall impairment of declarative memory, which is measured as reduced performance in feedback
blocks compared to other two conditions, was larger for the recognition memory than for the recollection mem-
ory (Ty) = 2.12, p=0.046, Cohen’s d = 0.44). Thus, in the subsequent analysis, we primary focus on the recogni-
tion memory unless otherwise stated (see supplementary Figures for recollection memory).

We tested whether there is any interaction between impaired declarative memory and motor responses, i.e.,
counteracting downward and upward reaching direction as responses to +40 and —40 degree visuomotor rota-
tions. We hypothesized that movement responses could selectively interfere with subsequent declarative memory
encoding for objects appeared in the movement directions. Alternatively, they serve as an additional contextual
cue for object-locations, facilitating the declarative memory encoding. However, a two-way repeated-measures
ANOVA found neither of significant main effect of object locations (recognition: F; &) = 0.34, p = 0.80; recollec-
tion: F; 46, = 2.30, p=0.085) nor significant interaction of rotation types by object locations on the impairment of
memory scores (recognition: F; ¢ = 0.61, p=0.61; recollection: F 3 45 = 0.58, p = 0.63). Unlike our expectations,
the movement directions in the motor task neither selectively interfered with nor facilitated subsequent declara-
tive memory encoding of object-locations.

Finally, we also tested whether nonspecific effect such as attention accounts for the difference in declarative
memory between the conditions. Interestingly, reaction time varied for the three conditions, increasing in the
order of control, feedback, and non-feedback conditions (F, 44y = 20.80, p < 0.001, nP2 =0.49). Post-hoc pairwise
tests indicated, in feedback blocks, the reaction time (703.1 £ 96.0 ms, mean =+ SE) is longer than in control
blocks (686.3 + 85.5ms) (T, = 2.37, uncorrected p = 0.027), but shorter than in non-feedback blocks (730.6 &
95.3ms) (T yy) = 4.30, uncorrected p < 0.001). However, when combining control and non-feedback conditions as
anon-motor learning condition, reaction time is not different from that in a motor learning condition (feedback)
(T2 = 0.94, p=10.36). Thus, attention, which could be measured by reaction time, may not account for worse
declarative memory in motor learning blocks. Furthermore, there was no significant difference in declarative
memory for objects learned in control blocks versus non-feedback blocks (recognition: T(,,) = 0.74, p=0.46,
recollection: T, = 0.02, p > 0.5) despite of large difference in reaction time between two conditions (T|,,, = 6.08,
p<0.001, Cohen’s d=1.27), with performance for these conditions highly correlated across participants (recog-
nition: r=0.72, p < 0.001, recognition: r=0.74, p < 0.001). In sum, motor learning that occurred during feedback
blocks was associated with worse declarative learning, relative to non-feedback and control blocks. Non-feedback
and control blocks were included to guard against nonspecific influences of motor and attentional demands on
declarative memory?*>-?’, and they were roughly matched in any influence they had on declarative memory.

To determine whether the amount of motor learning correlated negatively with the success of declarative
learning, we computed the average motor learning within individual learning blocks and the success of declara-
tive memory for the same blocks. These values were highly negatively correlated (r=—0.76, p < 0.001, Fig. 3B)
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Figure 4. Reciprocal interference of brain activity reflecting motor and declarative learning. (A) Motor learning
correlated positively (red) with activity of a prototypical prefronto-parieto-cerebellar motor-learning network
and negatively (blue) with activity of a prototypical hippocampal-prefrontal declarative network. (B) The extent
of negative modulation of fMRI activity within vmPFC, marked with a yellow-dotted circle in (A), predicted

the level of declarative learning impairment by motor learning shown in Fig. 3A. (C) fMRI activity of the motor
learning network (positive clusters in A) decreased with higher level of declarative memory formation success.

for recognition memory and for recollection memory (r=—0.47, p=0.011, Fig. S1B), indicating that the relative
success of motor learning was highly related to the relative failure of declarative learning.

Declarative learning impaired motor learning. Declarative memory formation impaired the motor
learning that occurred on the trials following the object-location encoding. Trial-by-trial motor learning was
calculated as the improvement (decrease of error) from the current to the next trial. We assessed this improve-
ment value following object-location trials that were categorized into four increasing levels of declarative
learning success based on subsequent performance (later-missed, later-hit with low-confidence, later-hit with
high-confidence, and later-hit with high-confidence and source-correct). Motor improvement scores varied by
declarative learning success (main effect F3 ,) = 13.4, p < 0.001, n,> = 0.38), with less improvement occurring for
relatively more successful declarative learning (Fig. 3C). Post-hoc pairwise tests indicated less motor improve-
ment for the highest level of declarative learning success compared to all lower levels (p < 0.008; Fig. 3C) and for
the next-to-highest level of declarative learning success compared to all lower levels (p < 0.02; Fig. 3C), with no
significant difference in motor improvement for the two lowest levels of declarative learning success (T(y,) = 1.32,
p=0.20). Thus, just as there was a negative impact of motor learning on the immediately forthcoming declarative
learning trial, declarative learning disrupted the forthcoming motor learning.

Network activity reflecting declarative learning impairment by motor learning. To identify
brain activity reflecting the negative impact of motor learning on declarative learning, we first modeled fMRI
activity reflecting trial-by-trial changes in motor performance error, which reflects the magnitude of motor learn-
ing?*61228-31_ Activity of a hippocampal-prefrontal network was negatively modulated by motor learning, such
that activity in these areas, which are strongly associated with declarative memory**-**, was lower when more
motor learning occurred on the immediately preceding trial (Fig. 4A, Table 1). Furthermore, subjects with greater
levels of declarative learning impairment by motor learning (difference in recognition memory for objects studied
during feedback versus non-feedback blocks) also had greater negative modulation of fMRI activity by motor
learning within the vmPFC (r=0.53, p=0.01; Fig. 4B), which was the focus of the analysis as it was the location
with the most robust negative modulation of fMRI activity by motor learning (Table 1).

When we controlled out the potential effect of reaction time on the modulation given significant difference in
reaction time between feedback and non-feedback blocks (T,,) = 4.30, uncorrected p < 0.001, Cohen’s d = 0.90),
the relationship remained significant (r=0.54, p=0.01). It was also significant when tested in the entire vmPFC
region (Fig. S2A), which was defined by a meta-analysis of fMRI data repository (r=0.44, p=0.037, with con-
trolling reaction time: r=0.45, p=0.035, Fig. S2B). These robust findings indicate that successful motor learning
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Peak (MNI) Cluster
size z-valueat | Corrected p-

x y z (voxels) peak value
R Medial Frontal Gyrus 9 55 —12 351 4.87 p<0.01
R Insula 45 —-13 19 257 4.69 p<0.01
L Hippocampus —25 —13 —24 154 4.96 p<0.01
R Superior Temporal Gyrus | 60 1 -2 98 5.14 p<0.01
L Superior Temporal Gyrus | —67 —21 7 91 4.98 p<0.01
R Caudate 1 18 -2 80 4.18 p<0.01
R Precentral Gyrus 60 -1 14 74 4.79 p<0.01
R Hippocampus 28 —15 =22 69 4.12 p<0.01
L Middle temporal Gyrus —59 -6 -22 45 4.88 p<0.05
L Postcentral Gyrus v - % i 430 p<005

—42 —16 24 40 5.05 p<0.05
L Insula —35 —11 14 42 4.96 p<0.05
L Middle Cingulate Cortex | —3 —47 36 39 4.49 p<0.05

Table 1. List of clusters significantly negatively interacting with motor errors.

sy Cluster size | z-valueat | Corrected p-

x y z (voxels) peak value
R Supramargnial Gyrus 59 —28 46 5477 5.56 p<0.01
L Inferior Parietal Lobule -59 —35 48 3459 5.48 p<0.01

40 24 41 856 5.05 p<0.01
R Middle Frontal Gyrus

35 65 —10 39 4.12 p<0.05
R Cuneus 16 -79 9 789 4.89 p<0.01
R Middle Cingulate Cortex | 4 18 44 719 5.28 p<0.01
R Cerebellum (Lobule VI) 23 —50 -29 633 5.12 p<0.01
R Superior Frontal Gyrus 23 1 68 607 5.49 p<0.01
L Cerebellum (Lobule VI) -31 —66 —25 293 4.69 p<0.01
R Middle Occipital Gyrus 40 —81 34 275 4.85 p<0.01

47 26 29 148 4.74 p<0.01
R Inferior Frontal Gyrus

57 18 5 115 4.49 p<0.01
L Cerebellum (Crus 1) —16 —83 —27 112 4.71 p<0.01
R Middle Temporal Gyrus 65 —57 -3 94 4.19 p<0.01
L Supp lementary Motor -3 —4 |60 79 498 p<0.05

rea

L Superior Parietal Lobule —33 —52 70 52 4.28 p<0.05
R Thalamus 11 —15 9 45 5.18 p<0.05

—48 24 32 42 4.40 p<0.05
L Middle Frontal Gyrus

—42 35 32 38 3.82 p<0.05

Table 2. List of clusters significantly positively interacting with motor errors.

impaired subsequent declarative learning and decreased the associated fMRI signals in the declarative memory
network.

Network activity reflecting motor learning impairment by declarative learning.  Activity within
a prototypical prefronto-parieto-cerebellar network associated with motor learning***-* was positively modu-
lated by trial-by-trial motor performance error (Fig. 4A, Table 2). We tested whether increasing levels of declara-
tive learning success was associated with subsequent reductions in fMRI correlates of motor learning within this
network, which would mirror the effects identified on motor learning behavioral performance (Fig. 3C). Indeed,
activity related to motor learning varied by the four levels of declarative learning success (main effect F; 5, =6.30,
P <0.001, 1),>=0.22) (Fig. 4C), with post-hoc pairwise tests indicating that this was due to decreased activity with
higher levels of declarative learning success (Fig. 4C), as was the case for the effects on behavior. This relationship
was specific to the motor-learning network, with no similar relationship in the regions that negatively interacted
with motor learning (F 3 ;) = 1.89, p=0.14). Thus, successful declarative memory formation was associated with
worse subsequent motor learning and reduced fMRI signals of motor learning in the prefronto-parieto-cerebellar
motor network.

Finally, given that we found behavioral and fMRI evidences supporting bidirectional interference between
motor and declarative learning networks, we expected to identify signatures of functional coupling between the
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learning networks from the PPI analyses. However, there were no regions in the whole brain showing significant
PPI (i.e., modulation of functional connectivity between the networks by the degree of declarative or motor
learning).

Discussion

A novel fMRI experiment allowed measurement of trial-by-trial motor learning and the corresponding level of
declarative memory formation success, providing behavioral and fMRI evidence supporting bidirectional inter-
ference between these systems. Previous findings have shown competition between motor versus declarative
memory systems for common learning goals. The competition varies across different stages of motor learning,
producing automaticity” with decreasing dependence on declarative memory'!. Motor and declarative memory
systems also competitively interact during consolidation given distinct learning goals specific to each system!>-14,
The current results demonstrate these memory systems also compete during memory formation even when
system-specific information is presented at distinct times. Thus, we provide another line of evidences supporting
competitive interaction between two memory systems traditionally viewed as encapsulated and separated™*.

Competitive interactions such as those identified here have also been seen for other types of learning systems.
For instance, in reward-based learning involving competition between hippocampus and striatum***!. However,
like previous studies investigating motor-declarative competition during motor learning, studies of reward-based
learning have typically observed hippocampal-striatal competition when subjects are tasked with learning one
piece of information that could be relevant to both systems. Here, we segregated to-be-learned information into
discrete yet temporally proximal packets, and nonetheless identified competition.

The experiment design intended to control non-specific effects such as attention and initial salience of the
tasks by separating motor and declarative memory tasks in time, not simultaneous as typical studies employing
dual-task learning paradigm?®*?”#>%* and matching and controlling visual feedbacks and visuomotor rotations.
The analysis on reaction time also supports the interference was less likely due to the non-specific effects. In addi-
tion, the interference remained significant in the intermediate and late stage of learning. However, the amount of
interference significantly reduced across learning stages as the motor task probably became more automatic with
less attentional demands. Thus, it is still not clear to what extent the divided attention by motor and declarative
learning tasks affects the interference between them.

Movement directions in the motor task had neither interfering nor facilitating effects on subsequent
object-location memory encoding. This null finding reflects the nature of interference between the motor and
declarative memory could be more domain-general, not specific to visuospatial processing as we expected.
Previous studies have shown a verbal declarative memory task such as word-list learning interferes with consoli-
dation of motor memory both in motor adaptation'? and motor skill learning'*'**4. However, it remains unclear
the verbal memory task also competes for memory resource with a motor task during memory encoding. Thus,
in future studies, we could clearly elucidate the nature of interference by a series of new experiments with various
declarative memory tasks.

The source of the competitive interaction is unclear and could be due to increased demands such as task
switching**-#. Our robust finding that greater vmPFC deactivation was related to more interference suggest com-
petition in some aspect of information integration functions supported by this region*->!. Most studies employ-
ing a dual-task paradigm aimed to understand interference presented in performing tasks per se by measuring
reaction time and found overlapped neural representation between two tasks, supporting interference due to
competition for the same brain region?*2 In contrast, our findings support separate neural substrates of different
memory systems and attenuated activation in each system as a neural signature of the interference by the other
memory processing although PPI analyses failed to identify direct functional coupling between memory systems.
However, it is also possible that two learning systems are partially overlapped for common memory resource.
Specifically, hippocampus processes not only declarative information but also motor information®*>* and cere-
bellum, in addition to its motor functions, is also engaged in a variety of cognitive functions including declarative
memory processing>->®. For the future works, like a previous study, brain stimulation targeting vmPFC with
functional connectivity analysis could be considered to further investigate a potential role of the region in arbi-
trating motor-declarative competition.

One limitation of our study is that the design did not permit segregation of motor learning into fast/declar-
ative versus slow/adaptation components®'!2. Previous studies have identified declarative memory tasks inter-
fered with motor learning during consolidation particularly for the fast/declarative component'?. However, we
have not tested this hypothesis in the current experiment. For this, we should measure delayed retention of motor
learning, which is predictive of the slow component™, and design separate control trials without interfering
declarative memory task (e.g., showing noise instead of objects) to test whether declarative learning affects the
delayed retention of motor memory. For the other direction of interference, motor memory to declarative mem-
ory, either of fast or slow component seems to disrupt declarative memory given that the effect tended to decrease
but remained significant in late stages of learning, when slow/adaptation components dominate performance.
Nonetheless, stronger evidence could be obtained in future studies by segregating these components of motor
learning and testing for their selective interaction with declarative learning.

Another potential limitation of our findings is that it is not fully clear whether the interference effects were
anterograde versus retrograde. This is because motor and declarative learning events were interleaved and consec-
utive. Future studies could address this question by varying the time gaps between motor and declarative learning
demands!” and/or by varying their order across trials.

In summary, our results provided behavioral and fMRI evidence supporting competitive reciprocal interac-
tion between motor and declarative learning despite system-specific learning goals. Additional research is needed
to further evaluate mechanisms for such competition and to test whether either of the systems is particularly
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dominant for producing such interaction, such as by selectively modulating one system versus the other using
network-targeted brain stimulation!#1>1860.61,

Methods

Participants. Behavioral and fMRI data were collected from twenty-five right-handed and neurologically
healthy subjects (13 females, mean age = 25.7 years, age range = 19-35 years). Handedness was assessed by
a modified version of the Edinburgh Handedness Inventory (score > 50, for right-handedness®?). All partici-
pants had normal or corrected-normal vision and were eligible for the experiment based on standard MRI safety
screening. They gave written informed consent in accordance with the Declaration of Helsinki and were remu-
nerated for their participation. The experimental protocol received approval from Northwestern University
Institutional Review Board. Two subjects were excluded for no learning of motor tasks (one falling asleep in the
scanner; see results for detailed exclusion criteria). Therefore, twenty-three subjects were included in data analysis
(13 females, mean age = 25.7 years, age range = 19-35 years)

Task procedures and experimental design. We designed an interleaved task-based fMRI experiment
with motor learning and object-location association memory demands. On the beginning of each trial, a round
target of 1 degree in visual angle appeared on the right of the screen, 5.8 degrees of visual angle away from the
center. Subjects were instructed to manipulate an MRI-compatible tablet pen (Hybridmojo LLC, CA, USA) to
move the cursor to the target within 1.5s after the target onset (maximum movement time). Timed-out trials
were considered invalid and excluded from data analysis (0.92% of all trials). There were five different experiment
conditions; a control condition with visual feedback of the cursor movement, two visuomotor task conditions,
in which the cursor movement was rotated 40° (counter-clockwise, Task 1) and —40° (clockwise, Task 2) with or
without the visual feedback (Fig. 1). Three different target colors, yellow, blue, green, were used to differentiate the
control task and two visuomotor tasks.

For the two visuomotor tasks with feedback, a cross-shaped white cursor (0.83 degree in visual angle)
appeared as a current position (or rotated in visuomotor learning blocks) of the tip of the pen while movement,
relatively from the center of the screen (shown as the initial position regardless of actual position in the tablet).
Once the cursor crossed over 5.8 degrees of visual angle from the center, the cursor was fixed at the crossing
point. The cursor was presented for additional 0.5 s after the maximum movement time. For the two visuomotor
tasks with non-feedback, a cursor was not presented but subjects were instructed to move the pen to the target as
if there was the cursor. With color codes of round targets, subjects could recognize a current task even without
cursor feedback. Immediately after the round target disappeared, a trial-unique object (3.3 x 3.3 degrees of visual
angle)® appeared in one of four locations with pseudo-random order (permuting the four locations, Fig. 1) for
two seconds. Subjects were instructed to remember objects with their appeared locations and move back to the
home position. Object images were taken from stimulus sets developed for research purposes, which were made
publicly available with no copyright protection via the internet (Computational Visual Cognition Lab; http://cvcl.
mit.edu/MM; Cambridge, MA). Inter-stimulus-intervals (ISI: time during a fixation cross is presented between
trials) were randomly generated from 2s to 12 s from an exponential distribution, in 2 s increment.

The fMRI experiment was divided in three runs, lasting 700, 668, and 730, respectively with a short break
(~305s) between runs. Each experimental block consisting of eight trials and was presented according to sched-
ules such as C11/22/C11/22’ (12 subjects) or C22'11’C22’11’ (11 subjects) per run, where C, 1, and 2 indicates a
block of the Control, Task 1, and Task 2 and the dash mark indicates non-feedback block of the equivalent task.
Thus, there were 30 experimental blocks in three runs, 6 blocks for each condition (Control, Tasks 1 and 2 with or
without feedback), in terms of trials, 48 trials for control, 96 trials each for feedback and non-feedback conditions.
Possible confounding effects due to schedule and target color were eliminated by counter-balancing two sched-
ules and three color-codes across subjects. To avoid primacy and recency effects®, eight control task trials were
added to the beginning and the end of the experiment, and four control task trials were added to the beginning of
second of the third runs, constituting a total of 264 trials. These trials were not included main analyses except in
Fig. 2A showing entire course of learning. Subjects practiced a familiarization session of ~100 trials of the control
task before the experiment. Learning two opposing visuomotor rotations while performing the associative mem-
ory task takes hundreds of trials, thereby providing enough statistical power in fMRI analysis as well as making
more likely interaction between motor memory and declarative memory.

In a delayed (~10 minutes) memory test session outside of a scanner, 528 objects were presented, half of which
were old (presented in the fMRI experiment) and the other half new, in randomized order. On each trial, the
object was presented in the center of computer screen for two seconds and a prompt appeared asking subjects
to classify the object as old or new, each with two confidence levels, “certain” or “uncertain”. For old objects only,
subjects were then asked to click one of four appeared boxes corresponding remembered location or click any-
where outside of four boxes if they do not remember. There was no time limit for these responses and two-second
interval with the fixation-cross separated the response period from the next trial. The test session typically lasted
approximately 45 minutes depending on responses of subjects.

Stimuli were presented on a computer screen and reflected onto a mirror mounted to the head coil. Subjects
laid in a supine position in the scanner and had a tablet fixed on their lap so that they could reach all the corners
of the tablet comfortably with their right hand.

Behavioral data analysis. For each of 264 trials, we calculated the average and variability of movement
direction across subjects (Fig. 2A). The angular error was calculated as a size of deviation between the target
direction and the final cursor direction from the center of the screen. Trial-by-trial movement direction were
averaged across subjects and displayed with error bars (SEM) to show overall performance of motor learning.

SCIENTIFIC REPORTS |

(2020) 10:6916 | https://doi.org/10.1038/s41598-020-64039-8


https://doi.org/10.1038/s41598-020-64039-8
http://cvcl.mit.edu/MM
http://cvcl.mit.edu/MM

www.nature.com/scientificreports/

Recognition memory performance as fraction of later-hit trials out of 240 trials (30 blocks x 8 trials) exclud-
ing control trials in primacy and recency blocks (Fig. 2B). To test whether it is significantly above the chance level,
0.25 (Fig. 2C), source-recollection memory performance was first calculated for each of four recognition response
types as fraction of correct responses out of responses with clicking one of four locations. Note that, for five sub-
jects, there were no valid trials used to calculate source-memory recollection scores when they failed to recognize
objects because they responded as “don’t remember” for all the trials by clicking outside of four response boxes.
We found the source-memory recollection was not significantly different from the chance when the objects were
not correctly recognized (see Fig. 2C). Thus, in the subsequent analysis, the source-recollection memory was
assessed as fraction of responses with correct recollection of the associated locations out of correct recognition
responses. Here, trials with “don’t remember” were also included to avoid overestimating the actual performance.

The declarative memory (object-recognition memory, source-recollection memory) performance was com-
pared among three conditions, the control, feedback, and non-feedback across six experimental blocks (two for
each run) and post-hoc paired t-tests were performed. We hypothesized the declarative memory performance in
the feedback condition would be lower than those in the control and the non-feedback condition due to interfer-
ence of motor learning (i.e., motor memory update) with declarative learning. Within each of 30 experiment
blocks except for additional blocks of primacy and recency effects, we also estimated motor learning and related
with the declarative memory performance. For each of 23 subjects, movement directions within each block were
fitted by an exponential function with three free parameters (A, B, C) such that x(t) = A - exp(—B(t — 1)) + C,
where x(t) is a movement direction at trial £, (t = 1, 2, ..., 8). For robust estimation of learning with few trials, we
excluded missed trials and trials with large (>20°) overshoot (less than 3.5%). Learning within a block was esti-
mated as the amount of movement change on the fitted curve from the initial to the final trial. Then, the estimated
amounts of learning within a block were averaged across subjects and correlated with averaged declarative mem-
ory performance.

We also investigated on the interference of the opposite direction, that is, from declarative learning to motor
learning. For this, the 240 studied objects except for those used for primacy and recency effects (24 objects) were
back-sorted to be categorized into four different levels of declarative memory formation success according to
their responses in a delayed test session; later-miss (MISS: Level 1), later-hit with low-confidence (HIT-LC: Level
2), later-hit with high confidence (HIT-HC: Level 3), later-hit with high-confidence and source-correct (HIT-HC
& SC: Level 4). Then, we compared the trial-by-trial motor learning associated with the object, which was defined
as the change of errors in motor learning task from the current to the next trials. Here, we hypothesized higher
declarative memory formation success for a given object would more interfere with motor learning.

MRI data collection and preprocessing. MRI data were acquired using a 64-channel head/neck coil on a
3-tesla Siemens TIM Prisma whole-body scanner at Northwestern University Center for Translational Imaging.

A high-resolution T1-weighted structural 3D MP-RAGE was acquired before the task to provide anatomi-
cal location (voxel size: Imm?; field of view: 256 mm, 151 sagittal slices). Whole-brain functional images were
acquired during the fMRI experiment, 350, 334, and 365 scans for three runs, respectively. Scanning parameters
were 2000-ms repetition time (TR), 20-ms echo time (TE), 210 mm field of view (FOV), 80° flip angle (FA),
1.7 x 1.7 x 1.7 mm isotropic voxels, and multi band factor of 2. Processing of fMRI data used freely available
AFNI software®. All functional images were first corrected multi-band slice-timing (3dTshift), and then rea-
ligned to adjust for motion-related artifacts (3dvolreg). The structural image was skull-stripped (3dSkullStrip)
and coregistered with functional images using normalized mutual information as a cost function (align_epi_anat.
py, with option, “-nmi”). The realigned images were then spatially normalized with the MNI152 T1 template (@
auto_tlrc). All functional images were smoothed using a Gaussian kernel of 4 x 4 x 4mm full width at half max-
imum (3dmerge) and scaled to mean of 100 for each run (3dcalc).

fMRI data analysis. We performed two general linear model (GLM) analyses on fMRI data to identify activ-
ity supporting bidirectional interference shown in behavioral results (see Results) and psychophyisiological inter-
action (PPI) analyses® to identify functional coupling between motor and declarative memory networks. First,
for the interference from motor learning to declarative learning, we designed a parametric regressor. Specifically,
a boxcar function with amplitude modulated by trial-by-trial motor error, onset and duration encoding 2s-long
presentation of object stimuli was convolved with a canonical hemodynamic. Here, we made important assump-
tion that motor learning is proportional to motor error in the visuomotor adaptation task, as has been supported
by previous studies?*%1228-31, For regressors of non-interest, we added boxcar functions encoding blocks of pri-
macy and recency trials, six rigid-body motion regressors and six regressors for each run modeling up to 5th
order polynomial trends in the fMRI time series. A beta-value of the error-modulating regressor was estimated
via a general linear model incorporating hemodynamic response deconvolution (3dDeconvolve).

From the first GLM analysis, we defined two distinct networks, which were constructed by clusters of signifi-
cantly positive and negative beta-values of the error-modulating regressors. For multiple comparison correction,
voxel-wise threshold was set to p < 0.001 two-tailed and a Monte Carlo simulation determined 38 contiguous
supra-threshold voxels (187 mm?) was needed to achieve cluster-wise corrected threshold p < 0.05 within the
whole-brain group mask (3dttest++ with the option “-Clustsim”)’. Each of positive and negative interaction
networks consisting of the significant clusters was overlaid over the MNI template brain. The visualization for
the two networks (Fig. 4A) was performed using open-source 3-dimensional rendering software, MRIcroGL
(McCausland Center for Brain Imaging, University of South Carolina, http://www.mccauslandcenter.sc.edu/
mricrogl/).

Then, we sought to test whether the deactivation of the hippocampal-prefrontal memory network negatively
interacting with motor learning, is correlated with the extent of the interference with declarative memory forma-
tion due to motor learning. For this, the averaged beta-values of the error-modulating regressor in the vmPFC

SCIENTIFIC REPORTS |

(2020) 10:6916 | https://doi.org/10.1038/s41598-020-64039-8


https://doi.org/10.1038/s41598-020-64039-8
http://www.mccauslandcenter.sc.edu/mricrogl/
http://www.mccauslandcenter.sc.edu/mricrogl/

www.nature.com/scientificreports/

(the most robust cluster identified by the primary fMRI analysis) were correlated with the declarative memory
accuracy reduction in feedback blocks compared to following non-feedback blocks across subjects (see Fig. 3A).
It is notable that trial-by-trial motor errors used for the parametric regressor are inherently independent meas-
ures from the individual levels of interference with declarative memory due to motor learning®®. These two inde-
pendent behavioral measures turned out to be negatively correlated (Fig. 3A,B) and this is the main finding of the
current study. The fMRI analysis with selection of the region of interest (vmPFC) based on the error-modulating
regressor would not bias the regression analysis for the independent behavioral scores. However, we further tested
the results with the entire vmPFC region defined by a term-based meta-analysis using a key word, “ventromedial
prefrontal” from neurosynth database, which retrieved 333 studies and 12062 activations (see supplementary
Fig. S2A, rendered using MRIcroGL software).

Second, for the interference from declarative memory formation to motor learning, we generated four regres-
sors encoding the onsets of motor task feedback only in the trials of the feedback blocks, which were classified
depending on a response in a delayed test session; ‘hit with high confidence with source-memory correct, ‘hit
with high confidence with source-memory incorrect, ‘hit with low confidence} and ‘miss. Each regressor con-
sisted of eight stick regressors starting 1s to 15s after the target onset of motor task every 2 seconds aligned to
TR. Experiment blocks of recency & primacy, control and non-feedback condition were separately modeled as
regressors of non-interest. The other regressors of non-interest modeling head motion and polynomial trend were
the same as those of the first regression analysis.

In the second regression analysis, we searched neural correlates of the interference for the opposite direction,
from declarative memory formation to motor learning. To this end, the beta-values within the positive-interaction
network were averaged for each of four regressors of the second regression analysis corresponding to a varying
level of declarative memory success. To compare with behavioral results, we calculated the mean of two estimated
beta-values of regressors, for “hit with high confidence” regardless of source memory response. Likewise the first
regression analysis, selection of the region of interest (ROI) here (positive-interaction network) was based on the
error-modulating regressor, which is inherently independent from declarative memory scores. Moreover, the
fMRI activities measured as the beta-values of four separate regressors were also independent from those used
to define the ROI (beta-values of the error-modulating regressor). Thus, this selective analysis is based on two
independent statistics, without any double dipping issues.

Last, in the PPI analyses, we first generated the physiological regressors as timeseries extracted from each of
the three clusters in the hippocampal-prefrontal memory network defined by the first regression analysis, vmPFC
and bilateral hippocampus (see Table 1). For the psychological factors, we used three contrasts of hit versus miss,
hit with high confidence versus everything else and among three conditions of the motor task, control, feedback,
and non-feedback. For each of nine PPI analyses, which are combinations of three physiological regressors from
the seed regions and three psychological regressors, we also included regressors encoding the onsets of a target
separately for the psychological factors (psychological regressors), as well as a physiological regressor, in addition
to the interaction regressor between physiological and psychological factors.

Data availability

All MRI data used in this study are archived in the Northwestern University Neuroimaging Data Archive
(NUNDA, https://nunda.northwestern.edu) and can be downloaded following registration. The corresponding
author can provide any information on dataset identification within the NUNDA system if necessary. Additional
data related to this paper may be requested from the corresponding author.

Received: 30 December 2019; Accepted: 13 March 2020;
Published online: 23 April 2020

References

1. Squire, L. R. Memory systems of the brain: a brief history and current perspective. Neurobiology of learning and memory 82,
171-177, https://doi.org/10.1016/j.nlm.2004.06.005 (2004).

2. Smith, M. A., Ghazizadeh, A. & Shadmehr, R. Interacting adaptive processes with different timescales underlie short-term motor
learning. PLoS Biol 4, €179, https://doi.org/10.1371/journal.pbio.0040179 (2006).

3. Lee, J. Y. & Schweighofer, N. Dual adaptation supports a parallel architecture of motor memory. ] Neurosci 29, 10396-10404, https://
doi.org/10.1523/J]NEUROSCI.1294-09.2009 (2009).

4. Kim, S., Ogawa, K,, Lv; J., Schweighofer, N. & Imamizu, H. Neural Substrates Related to Motor Memory with Multiple Timescales in
Sensorimotor Adaptation. PLoS Biol 13, 1002312, https://doi.org/10.1371/journal.pbio.1002312 (2015).

5. Kording, K. P, Tenenbaum, J. B. & Shadmehr, R. The dynamics of memory as a consequence of optimal adaptation to a changing
body. Nat Neurosci 10, 779-786, https://doi.org/10.1038/nn1901 (2007).

6. Kim, S., Oh, Y. & Schweighofer, N. Between-Trial Forgetting Due to Interference and Time in Motor Adaptation. PLoS One 10,
€0142963, https://doi.org/10.1371/journal.pone.0142963 (2015).

7. Hikosaka, O., Nakamura, K., Sakai, K. & Nakahara, H. Central mechanisms of motor skill learning. Curr Opin Neurobiol 12,217-222
(2002).

8. Taylor, J. A., Krakauer, J. W. & Ivry, R. B. Explicit and implicit contributions to learning in a sensorimotor adaptation task. ] Neurosci
34, 3023-3032, https://doi.org/10.1523/J]NEUROSCI.3619-13.2014 (2014).

9. Wong, A. L., Lindquist, M. A., Haith, A. M. & Krakauer, J. W. Explicit knowledge enhances motor vigor and performance: motivation
versus practice in sequence tasks. ] Neurophysiol 114, 219-232, https://doi.org/10.1152/jn.00218.2015 (2015).

10. Mazzoni, P. & Krakauer, J. W. An implicit plan overrides an explicit strategy during visuomotor adaptation. The Journal of
neuroscience: the official journal of the Society for Neuroscience 26, 3642-3645, https://doi.org/10.1523/J]NEUROSCI.5317-05.2006
(2006).

11. McDougle, S. D., Bond, K. M. & Taylor, J. A. Explicit and Implicit Processes Constitute the Fast and Slow Processes of Sensorimotor
Learning. ] Neurosci 35, 9568-9579, https://doi.org/10.1523/]NEUROSCI.5061-14.2015 (2015).

12. Keisler, A. & Shadmehr, R. A shared resource between declarative memory and motor memory. J Neurosci 30, 14817-14823, https://
doi.org/10.1523/J]NEUROSCI.4160-10.2010 (2010).

SCIENTIFIC REPORTS |

(2020) 10:6916 | https://doi.org/10.1038/s41598-020-64039-8


https://doi.org/10.1038/s41598-020-64039-8
https://nunda.northwestern.edu
https://doi.org/10.1016/j.nlm.2004.06.005
https://doi.org/10.1371/journal.pbio.0040179
https://doi.org/10.1523/JNEUROSCI.1294-09.2009
https://doi.org/10.1523/JNEUROSCI.1294-09.2009
https://doi.org/10.1371/journal.pbio.1002312
https://doi.org/10.1038/nn1901
https://doi.org/10.1371/journal.pone.0142963
https://doi.org/10.1523/JNEUROSCI.3619-13.2014
https://doi.org/10.1152/jn.00218.2015
https://doi.org/10.1523/JNEUROSCI.5317-05.2006
https://doi.org/10.1523/JNEUROSCI.5061-14.2015
https://doi.org/10.1523/JNEUROSCI.4160-10.2010
https://doi.org/10.1523/JNEUROSCI.4160-10.2010

www.nature.com/scientificreports/

13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.

39.
. Poldrack, R. A. et al. Interactive memory systems in the human brain. Nature 414, 546-550, https://doi.org/10.1038/35107080

41.
42.
43.
44,
45.

46.

47.

48.

49.

50.

51.

Brown, R. M. & Robertson, E. M. Off-line processing: reciprocal interactions between declarative and procedural memories. J
Neurosci 27, 10468-10475, https://doi.org/10.1523/J]NEUROSCI.2799-07.2007 (2007).

Cohen, D. A. & Robertson, E. M. Preventing interference between different memory tasks. Nat Neurosci 14, 953-955, https://doi.
org/10.1038/nn.2840 (2011).

Galea, J. M, Albert, N. B, Ditye, T. & Miall, R. C. Disruption of the dorsolateral prefrontal cortex facilitates the consolidation of
procedural skills. J Cogn Neurosci 22, 1158-1164, https://doi.org/10.1162/jocn.2009.21259 (2010).

Mosha, N. & Robertson, E. M. Unstable Memories Create a High-Level Representation that Enables Learning Transfer. Curr Biol 26,
100-105, https://doi.org/10.1016/j.cub.2015.11.035 (2016).

Krakauer, J. W,, Ghez, C. & Ghilardi, M. F. Adaptation to visuomotor transformations: consolidation, interference, and forgetting. J
Neurosci 25, 473-478, https://doi.org/10.1523/J]NEUROSCI.4218-04.2005 (2005).

Kim, S. et al. Selective and coherent activity increases due to stimulation indicate functional distinctions between declarative
memory networks. Science Advances 4, https://doi.org/10.1126/sciadv.aar2768 (2018).

Sommer, T, Rose, M., Glascher, J., Wolbers, T. & Buchel, C. Dissociable contributions within the medial temporal lobe to encoding
of object-location associations. Learn Mem 12, 343-351, https://doi.org/10.1101/Im.90405 (2005).

Buffalo, E. A., Bellgowan, P. S. & Martin, A. Distinct roles for medial temporal lobe structures in memory for objects and their
locations. Learn Mem 13, 638-643, https://doi.org/10.1101/lm.251906 (2006).

Aminoff, E., Gronau, N. & Bar, M. The parahippocampal cortex mediates spatial and nonspatial associations. Cereb Cortex 17,
1493-1503, https://doi.org/10.1093/cercor/bhl078 (2007).

Imamizu, H. et al. Explicit contextual information selectively contributes to predictive switching of internal models. Experimental
brain research 181, 395-408, https://doi.org/10.1007/s00221-007-0940-1 (2007).

Osu, R., Hirai, S., Yoshioka, T. & Kawato, M. Random presentation enables subjects to adapt to two opposing forces on the hand. Nat
Neurosci 7, 111-112, https://doi.org/10.1038/nn1184 (2004).

Kim, S. & Voss, . L. Large-scale network interactions supporting item-context memory formation. PLoS One 14, €0210167, https://
doi.org/10.1371/journal.pone.0210167 (2019).

Herath, P, Klingberg, T., Young, J., Amunts, K. & Roland, P. Neural correlates of dual task interference can be dissociated from those
of divided attention: an fMRI study. Cereb Cortex 11, 796-805 (2001).

Taylor, J. A. & Thoroughman, K. A. Divided attention impairs human motor adaptation but not feedback control. ] Neurophysiol 98,
317-326, https://doi.org/10.1152/jn.01070.2006 (2007).

Foerde, K., Knowlton, B. J. & Poldrack, R. A. Modulation of competing memory systems by distraction. Proc Natl Acad Sci U S A
103, 11778-11783, https://doi.org/10.1073/pnas.0602659103 (2006).

Wolpert, D. M. & Kawato, M. Multiple paired forward and inverse models for motor control. Neural Netw 11, 1317-1329, https://
doi.org/10.1016/50893-6080(98)00066-5 (1998).

Thoroughman, K. A. & Shadmehr, R. Learning of action through adaptive combination of motor primitives. Nature 407, 742-747,
https://doi.org/10.1038/35037588 (2000).

Schweighofer, N. et al. Mechanisms of the contextual interference effect in individuals poststroke. ] Neurophysiol 106, 2632-2641,
https://doi.org/10.1152/jn.00399.2011 (2011).

Herzfeld, D. J., Vaswani, P. A., Marko, M. K. & Shadmehr, R. A memory of errors in sensorimotor learning. Science 345, 1349-1353,
https://doi.org/10.1126/science.1253138 (2014).

Preston, A. R. & Eichenbaum, H. Interplay of hippocampus and prefrontal cortex in memory. Current biology: CB 23, R764-773,
https://doi.org/10.1016/j.cub.2013.05.041 (2013).

Jin, J. & Maren, S. Prefrontal-Hippocampal Interactions in Memory and Emotion. Front Syst Neurosci 9, 170, https://doi.org/10.3389/
fnsys.2015.00170 (2015).

Eichenbaum, H. Prefrontal-hippocampal interactions in declarative memory. Nat Rev Neurosci 18, 547-558, https://doi.org/10.1038/
nrn.2017.74 (2017).

Diedrichsen, J., Hashambhoy, Y., Rane, T. & Shadmehr, R. Neural correlates of reach errors. ] Neurosci 25, 9919-9931, https://doi.
org/10.1523/JNEUROSCI.1874-05.2005 (2005).

Buneo, C. A. & Andersen, R. A. The posterior parietal cortex: sensorimotor interface for the planning and online control of visually
guided movements. Neuropsychologia 44, 2594-2606, https://doi.org/10.1016/j.neuropsychologia.2005.10.011 (2006).

Albert, N. B, Robertson, E. M. & Miall, R. C. The resting human brain and motor learning. Current biology: CB 19, 1023-1027,
https://doi.org/10.1016/j.cub.2009.04.028 (2009).

Luaute, J. et al. Dynamic changes in brain activity during prism adaptation. ] Neurosci 29, 169-178, https://doi.org/10.1523/
JNEUROSCI.3054-08.2009 (2009).

Willingham, D. B. Systems of memory in the human brain. Neuron 18, 5-8, https://doi.org/10.1016/s0896-6273(01)80040-4 (1997).

(2001).

Wimmer, G. E., Braun, E. K., Daw, N. D. & Shohamy, D. Declarative memory encoding interferes with reward learning and decreases
striatal prediction errors. ] Neurosci 34, 14901-14912, https://doi.org/10.1523/J]NEUROSCI.0204-14.2014 (2014).

Lang, C. E. & Bastian, A. J. Cerebellar damage impairs automaticity of a recently practiced movement. ] Neurophysiol 87, 1336-1347,
https://doi.org/10.1152/jn.00368.2001 (2002).

Wu, T., Kansaku, K. & Hallett, M. How self-initiated memorized movements become automatic: a functional MRI study. J
Neurophysiol 91, 1690-1698, https://doi.org/10.1152/jn.01052.2003 (2004).

Brown, R. M. & Robertson, E. M. Inducing motor skill improvements with a declarative task. Nat Neurosci 10, 148-149, https://doi.
org/10.1038/nn1836 (2007).

Badre, D. & Wagner, A. D. Computational and neurobiological mechanisms underlying cognitive flexibility. Proceedings of the
National Academy of Sciences of the United States of America 103, 7186-7191, https://doi.org/10.1073/pnas.0509550103 (2006).
Braver, T. S., Paxton, J. L., Locke, H. S. & Barch, D. M. Flexible neural mechanisms of cognitive control within human prefrontal
cortex. Proceedings of the National Academy of Sciences of the United States of America 106, 7351-7356, https://doi.org/10.1073/
pnas.0808187106 (2009).

Ruge, H. et al. Advance preparation and stimulus-induced interference in cued task switching: further insights from BOLD fMRI.
Neuropsychologia 43, 340-355, https://doi.org/10.1016/j.neuropsychologia.2004.06.014 (2005).

Lim, S. L., O’Doherty, J. P. & Rangel, A. Stimulus value signals in ventromedial PFC reflect the integration of attribute value signals
computed in fusiform gyrus and posterior superior temporal gyrus. ] Neurosci 33, 8729-8741, https://doi.org/10.1523/
JNEUROSCI.4809-12.2013 (2013).

McCormick, C., Ciaramelli, E., De Luca, F. & Maguire, E. A. Comparing and Contrasting the Cognitive Effects of Hippocampal and
Ventromedial Prefrontal Cortex Damage: A Review of Human Lesion Studies. Neuroscience 374, 295-318, https://doi.org/10.1016/j.
neuroscience.2017.07.066 (2018).

Gilboa, A. & Marlatte, H. Neurobiology of Schemas and Schema-Mediated Memory. Trends in cognitive sciences 21, 618-631, https://
doi.org/10.1016/j.tics.2017.04.013 (2017).

Spalding, K. N. et al. Ventromedial Prefrontal Cortex Is Necessary for Normal Associative Inference and Memory Integration. The
Journal of neuroscience: the official journal of the Society for Neuroscience 38, 3767-3775, https://doi.org/10.1523/
JNEUROSCI.2501-17.2018 (2018).

SCIENTIFIC REPORTS |

(2020) 10:6916 | https://doi.org/10.1038/s41598-020-64039-8


https://doi.org/10.1038/s41598-020-64039-8
https://doi.org/10.1523/JNEUROSCI.2799-07.2007
https://doi.org/10.1038/nn.2840
https://doi.org/10.1038/nn.2840
https://doi.org/10.1162/jocn.2009.21259
https://doi.org/10.1016/j.cub.2015.11.035
https://doi.org/10.1523/JNEUROSCI.4218-04.2005
https://doi.org/10.1126/sciadv.aar2768
https://doi.org/10.1101/lm.90405
https://doi.org/10.1101/lm.251906
https://doi.org/10.1093/cercor/bhl078
https://doi.org/10.1007/s00221-007-0940-1
https://doi.org/10.1038/nn1184
https://doi.org/10.1371/journal.pone.0210167
https://doi.org/10.1371/journal.pone.0210167
https://doi.org/10.1152/jn.01070.2006
https://doi.org/10.1073/pnas.0602659103
https://doi.org/10.1016/s0893-6080(98)00066-5
https://doi.org/10.1016/s0893-6080(98)00066-5
https://doi.org/10.1038/35037588
https://doi.org/10.1152/jn.00399.2011
https://doi.org/10.1126/science.1253138
https://doi.org/10.1016/j.cub.2013.05.041
https://doi.org/10.3389/fnsys.2015.00170
https://doi.org/10.3389/fnsys.2015.00170
https://doi.org/10.1038/nrn.2017.74
https://doi.org/10.1038/nrn.2017.74
https://doi.org/10.1523/JNEUROSCI.1874-05.2005
https://doi.org/10.1523/JNEUROSCI.1874-05.2005
https://doi.org/10.1016/j.neuropsychologia.2005.10.011
https://doi.org/10.1016/j.cub.2009.04.028
https://doi.org/10.1523/JNEUROSCI.3054-08.2009
https://doi.org/10.1523/JNEUROSCI.3054-08.2009
https://doi.org/10.1016/s0896-6273(01)80040-4
https://doi.org/10.1038/35107080
https://doi.org/10.1523/JNEUROSCI.0204-14.2014
https://doi.org/10.1152/jn.00368.2001
https://doi.org/10.1152/jn.01052.2003
https://doi.org/10.1038/nn1836
https://doi.org/10.1038/nn1836
https://doi.org/10.1073/pnas.0509550103
https://doi.org/10.1073/pnas.0808187106
https://doi.org/10.1073/pnas.0808187106
https://doi.org/10.1016/j.neuropsychologia.2004.06.014
https://doi.org/10.1523/JNEUROSCI.4809-12.2013
https://doi.org/10.1523/JNEUROSCI.4809-12.2013
https://doi.org/10.1016/j.neuroscience.2017.07.066
https://doi.org/10.1016/j.neuroscience.2017.07.066
https://doi.org/10.1016/j.tics.2017.04.013
https://doi.org/10.1016/j.tics.2017.04.013
https://doi.org/10.1523/JNEUROSCI.2501-17.2018
https://doi.org/10.1523/JNEUROSCI.2501-17.2018

www.nature.com/scientificreports/

52. Remy, E, Wenderoth, N., Lipkens, K. & Swinnen, S. P. Dual-task interference during initial learning of a new motor task results from
competition for the same brain areas. Neuropsychologia 48, 2517-2527, https://doi.org/10.1016/j.neuropsychologia.2010.04.026
(2010).

53. Schendan, H. E., Searl, M. M., Melrose, R. J. & Stern, C. E. An FMRI study of the role of the medial temporal lobe in implicit and
explicit sequence learning. Neuron 37, 1013-1025, https://doi.org/10.1016/s0896-6273(03)00123-5 (2003).

54. Albouy, G. et al. Both the hippocampus and striatum are involved in consolidation of motor sequence memory. Neuron 58, 261-272,
https://doi.org/10.1016/j.neuron.2008.02.008 (2008).

55. Desmond, J. E. & Fiez, ]. A. Neuroimaging studies of the cerebellum: language, learning and memory. Trends Cogn Sci 2, 355-362
(1998).

56. Andreasen, N. C. et al. The cerebellum plays a role in conscious declarative memory retrieval. Hum Brain Mapp 8, 226-234 (1999).

57. Fliessbach, K., Trautner, P., Quesada, C. M., Elger, C. E. & Weber, B. Cerebellar contributions to declarative memory encoding as
revealed by fMRI. Neuroimage 35, 1330-1337, https://doi.org/10.1016/j.neuroimage.2007.02.004 (2007).

58. King, M., Hernandez-Castillo, C. R., Poldrack, R. A, Ivry, R. B. & Diedrichsen, J. Functional boundaries in the human cerebellum
revealed by a multi-domain task battery. Nat Neurosci 22, 1371-1378, https://doi.org/10.1038/s41593-019-0436-x (2019).

59. Joiner, W. M. & Smith, M. A. Long-term retention explained by a model of short-term learning in the adaptive control of reaching.
J Neurophysiol 100, 2948-2955, https://doi.org/10.1152/jn.90706.2008 (2008).

60. Kantak, S. S., Sullivan, K. ], Fisher, B. E., Knowlton, B. ]. & Winstein, C. J. Neural substrates of motor memory consolidation depend
on practice structure. Nat Neurosci 13, 923-925, https://doi.org/10.1038/nn.2596 (2010).

61. Nilakantan, A. S., Bridge, D. ]., Gagnon, E. P, VanHaerents, S. A. & Voss, J. L. Stimulation of the Posterior Cortical-Hippocampal
Network Enhances Precision of Memory Recollection. Current biology: CB 27, 465-470, https://doi.org/10.1016/j.cub.2016.12.042
(2017).

62. Oldfield, R. C. The assessment and analysis of handedness: the Edinburgh inventory. Neuropsychologia 9, 97-113 (1971).

63. Brady, T. E, Konkle, T, Alvarez, G. A. & Oliva, A. Visual long-term memory has a massive storage capacity for object details. Proc
Natl Acad Sci U S A 105, 14325-14329, https://doi.org/10.1073/pnas.0803390105 (2008).

64. Murdock, B. B. Jr. The serial position effect of free recall. Journal of experimental psychology 64, 482 (1962).

65. Cox, R. W. AFNT: software for analysis and visualization of functional magnetic resonance neuroimages. Computers and biomedical
research, an international journal 29, 162-173 (1996).

66. O'Reilly, J. X., Woolrich, M. W,, Behrens, T. E., Smith, S. M. & Johansen-Berg, H. Tools of the trade: psychophysiological interactions
and functional connectivity. Soc Cogn Affect Neurosci 7, 604-609, https://doi.org/10.1093/scan/nss055 (2012).

67. Cox, R. W, Chen, G., Glen, D. R, Reynolds, R. C. & Taylor, P. A. FMRI Clustering in AFNI: False-Positive Rates Redux. Brain
Connect 7, 152-171, https://doi.org/10.1089/brain.2016.0475 (2017).

68. Kriegeskorte, N., Simmons, W. K., Bellgowan, P. S. & Baker, C. I. Circular analysis in systems neuroscience: the dangers of double
dipping. Nat Neurosci 12, 535-540, https://doi.org/10.1038/nn.2303 (2009).

Acknowledgements

We thank Professor Joel Voss at the Northwestern University for scientific comments and Jonathan O’Neil
for assistance with data collection. Neuroimaging was performed at the Northwestern University Center for
Translational Imaging, supported by the Northwestern University Department of Radiology. This research was
also supported in part through the computational resources and staff contributions provided for Quest, the
high-performance computing facility at Northwestern University. This work was supported by Institute for Basic
Science, Korea (IBS-R015-Y1).

Author contributions
S.K. designed the study, performed the experiment, analyzed data and wrote the manuscript.

Competing interests
The author declares no competing interests.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41598-020-64039-8.

Correspondence and requests for materials should be addressed to S.K.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

T ] icense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

SCIENTIFIC REPORTS |

(2020) 10:6916 | https://doi.org/10.1038/s41598-020-64039-8


https://doi.org/10.1038/s41598-020-64039-8
https://doi.org/10.1016/j.neuropsychologia.2010.04.026
https://doi.org/10.1016/s0896-6273(03)00123-5
https://doi.org/10.1016/j.neuron.2008.02.008
https://doi.org/10.1016/j.neuroimage.2007.02.004
https://doi.org/10.1038/s41593-019-0436-x
https://doi.org/10.1152/jn.90706.2008
https://doi.org/10.1038/nn.2596
https://doi.org/10.1016/j.cub.2016.12.042
https://doi.org/10.1073/pnas.0803390105
https://doi.org/10.1093/scan/nss055
https://doi.org/10.1089/brain.2016.0475
https://doi.org/10.1038/nn.2303
https://doi.org/10.1038/s41598-020-64039-8
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Bidirectional competitive interactions between motor memory and declarative memory during interleaved learning

	Results

	Successful motor and declarative learning. 
	Motor learning impaired declarative learning. 
	Declarative learning impaired motor learning. 
	Network activity reflecting declarative learning impairment by motor learning. 
	Network activity reflecting motor learning impairment by declarative learning. 

	Discussion

	Methods

	Participants. 
	Task procedures and experimental design. 
	Behavioral data analysis. 
	MRI data collection and preprocessing. 
	fMRI data analysis. 

	Acknowledgements

	Figure 1 Experiment design.
	Figure 2 Motor and declarative learning.
	Figure 3 Reciprocal interference between motor and declarative learning.
	Figure 4 Reciprocal interference of brain activity reflecting motor and declarative learning.
	Table 1 List of clusters significantly negatively interacting with motor errors.
	Table 2 List of clusters significantly positively interacting with motor errors.




